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Abstract: Objective Hyper-spectral remote sensing (RS) image based pixel issue is focused on the spectra of several ele-
ments-purified mixture in common restricted by the low spatial resolution of hyperspectral imagers and the diversity of spec-
tral features in nature. The quality of hyper-spectral images ( HSIs) is often constrained of mixed pixels. The development

and application of RS-based hyper-spectral images is challenged for the constraints of mixed pixels. Hyper-spectral un-mix-
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ing problem is essential to hyper-spectral image analysis through decomposing mixed pixels into a set of pure substances
(endmembers) and corresponding component ratios (abundances). The challenging issue of un-mixing is connected with
insufficient and unmatched information problem. At present, the hyper-spectral un-mixing content is required to segment
into three categories: 1) geometry-based, 2) statistics-based, and 3) spectral profiles-based. The spectral profiling is rele-
vant to a pre-collected spectral library composed of a large number of elements-purified spectra as an end-member dictiona-
ry. It is not necessary to extract end-members from hyper-spectral data, and the following influence of inaccurate end-mem-
ber extraction can be avoided. Generally, the number of end-members in the spectral library is more than the end-members-
related amount in a hyper-spectral image, which make richer matrix more sparsely. To improve the un-mixing accuracy, the
constraints-sparsely is required to be added in terms of richer matrix. In addition, HIS-based spatial information can aid to
the improvement of un-mixing accuracy greatly. In reality, hyper-spectral data quality is constrained of multiple noises
because the photonic energy is limited in imaging process, such as Gaussian, impulse and deadline noise, and each band of
noise-intensified. However, most of un-mixing problems are relevant to Gaussian noise and the other types of noise like
impulses and deadlines are not involved in, and the assumption of Gaussian noise intensity is for the same bands of hyper-
spectral data. In order to resolve the problems mentioned above, we develop non-negative sparse component decomposition,
and a robust un-mixing to sparse component analysis (RUnSCA) for hyper-spectral images. Method First, the application
of mixed noise of real hyperspectral data and the statistic features of different noise intensity of each band are involved in.
Then, we carry out a non-negative sparse component-based model analysis in terms of the maximized posterior probability
framework. The hyper-spectral data quality of each band is improved further when the mixed noise is as the linear combina-
tion of spectra in a profile. Considering the sparsity nature of impulse noise and deadline noise, the €, | norm is as the con-
straints of these noises. Since the number of endmembers in the spectral library is more than the number of end-members in
the hyper-spectral image, a smaller number for non-zero rows can be existed in the abundance matrix, which means the
abundance has global row sparsity. In order to analyze the sparsity of the abundance matrix more effectively, we introduce
€, , norm constraint to the abundance matrix for mining the global row sparsity. In hyper-spectral images, adjacent pixels-
local contains mutual substances, and their spectra should be similar mutually, so the image can show smoothness-piece-
wise. The abundance matrix is regarded as piecewise smooth as well because the elements in each column of the abundance
matrix represent the proportion of corresponding objects in a pixel. The factor of total variation regularization (TV) is added
to the model analysis. Finally, the proposed RUnSCA problem can be resolved in terms of the alternating direction multiplier
method (ADMM). Result In order to verify the effectiveness of the proposed RUnSCA, we use two sorts of simulated data
sets and one real data set in experiment. We use signal to reconstruction error (SRE) for evaluating the performance of
un-mixing as well. There are five representative methods used in the comparative experiments. The methodology is based on
collaborative sparse theory of those are variable-split-coordinated sparse un-mixing and augmented Lagrangian ( CLSUn-
SAL) and sparse-cooridinated hyper-spectral un-mixing using €, norm ( CSUnL0O). Sparse un-mixing problem is resolved
via variable-split and Lagrangian-augmented and total variation (SUnSAL-TV) , and the row-sparsity spectral un-mixing is
resolved via total variation (RSSUn-TV). Sparse un-mixing of hyper-spectral data with bandwise model (SUBM) is also be
considered as the variation of Gaussian noise in different bands of hyper-spectral image and the impulse noise or deadlines is
taken into account. On the two simulated data sets, in comparison with the best result of five popular methods, the experi-
ments show that our SRE result can improve 4. 11 dB and 6. 94 dB on average under various noise intensities. It illustrates
the proposed method can deal with it more robustness. The RUnSCA also achieves good performance of mineral un-mixing
on real data over Cuprite mine in Nevada, USA. The un-mixing performance-validated is based on a single mixed spectrum
as well. The results show that the spectrum-reconstructed is closest to the real spectrum with the lowest RMSE. The RUn-
SCA can analyze the composition and proportion of the mixed spectra accurately. The experiments on simulated data and
real data show that our analysis has more robustness over mixed noise. Conclusion This non-negative sparse component
decomposition task demonstrate that a robust un-mixing for hyper-spectral images is effective with sparse component analysis
(RUnSCA) , which can comprehensively considers the influence of Gaussian random noise and sparse structural noise on
the accuracy of linear un-mixing. The potential ADMM problem can be resolved further.

Key words: hyper-spectral remote sensing; linear hyperspectral unmixing; sparse unmixing; total variation (TV) ; alter-
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SRR ALY FOCTE A BOCTE % | I R ot 5 4
O T AR IS T Aff ol R P S M, 2 T 3 o A i [
ISR RIPEF TSR f# . Bioucas-Dias 1 Figueiredo(2010)
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F €, TR im0 A B MR R AT AR E A , TR PR AR R kS
WEE RSO0 M AR 2 1 AR G eI R
BITARTT R T [F] — i oo T 68 2 AT AH LAY 2 5
K Tordache %5 A (2012) F 4= 728 43 (total varia-
tion, TV ) Z1 I 45 7T A4 J) &8 W] Joe A 23 Be-F- 1 1k, 32
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Fig.1 Estimated abundance maps by different unmixing methods on DC1 dataset
((a) ground truth; (b) CLSUnSAL; (c¢) CSUnlO; (d) SUnSAL-TV; (e) RSSUn-TV; (f) SUBM; (g) RUnSCA)
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Fig.3 SRE of different methods on DC1 dataset with
different SNR
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K4 RRETJrEAE DC2 $dndk LR 2 E EE 4]
Fig.4 Estimated abundance maps by different methods on DC2 dataset
((a) ground truth; (b) CLSUnSAL; (c¢) CSUnLO; (d) SUnSAL-TV; (e) RSSUn-TV; (f) SUBM; (g) RUnSCA)
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Table 1 SRE of RUnSCA with different parameters on
DC2 dataset
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Fig.5 SRE of different methods on DC2
dataset with different SNR
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Table 2 SRE of different methods on DC2 dataset
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Fig.6 Convergence curves of different methods on

the DC2 dataset
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Fig.7 The original spectrum, noisy spectrum and reconstruction results of different methods for one pixel on the DC2 dataset

((a) original; (b) CLSUnSAL; (¢) CSUnLO; (d) SUnSAL-TV; (e) noised; (f) RSSUn-TV; (g) SUBM; (h) RUnSCA)
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Fig. 8 Estimated abundance maps of three endmembers by different methods on Cuprite dataset
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F 4 AEFHETE DC1.DC2 #0 Cuprite
BiRE EWIEITR
Table 4 Running time of different methods on
DC1, DC2 and Cuprite datasets

/s
WIREA DC1 $i#i4E  DC2 $#B4E  Cuprite FR4E
CLSUnSAL 2.26 1.80 35.10
CSUnLO 2.42 2.09 33.83
SUnSAL-TV 30. 13 19. 46 381.45
RSSUn-TV 32.98 20.23 386. 25
SUBM 20. 62 11.73 161. 88
RUnSCA 46.36 25.49 468.72
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