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A Novel Linear Hyperspectral Unmixing Method Based on

Collaborative Sparsity and Total Variation

CHEN Yun-Jie! GE Wei-Dong* SUN Le?

Abstract Sparse decomposition is one of the popular tools for hyperspectral unmixing. In order to overcome the short-
comings of traditional sparse unmixing methods which only pay attention to the spatial correlation and neglect depicting
sparsity accurately, we propose a new spatial-spectrally linear hyperspectral unmixing method based on collaborative
sparsity and total variation (TV) regularization to further improve the accuracy of unmixing. This method is based
on hyperspectral sparse linear regression model with a spectral library given in advance, in which the total variation is
utilized to impose a constraint on the correlation between neighboring pixels of hyperspectral image (HSI). Meanwhile,
the collaborative sparsity is explored to depict the row-sparse characteristic of the fractional abundances, thus pointing
out the fact that the collaborative sparsity prior plays an important role in further accuracy improvement of HSI spatial-
spectral unmixing. At last, the proposed model is solved by the alternating direction method of multipliers. Experimental
results on simulated hyperspectral data quantitatively validate that the our method outperforms those state-of-the-art
algorithms, and the experimental results on real hyperspectral data qualitatively verify the effectiveness of the algorithm.
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Fig.1 Flowchart of the method based on collaborative sparsity and total variation
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Table 1 SRE, RMSE (1072), the running time (seconds), and optimal parameters of the six unmixing methods for the
simulated dataset
Constraint SNR (dB) NCLS SUnSAL CLSUnSAL NCLS-TV SUnSAL-TV A

SRE —6.605 2.810 5.781 6.325 9.752 9.887
AT RMSE 7.39 2.50 1.77 1.67 1.14 1.11
“HIhg—" 20 t 27.893 15.895 46.083 288.623 344.225 312.128
2R A 0 0.01 1 0 0.005 0.5
Arv 0 0 0 0.01 0.01 0.05
o 0.01 0.05 0.02 0.05 0.05 0.03
SRE 0.910 6.155 9.501 10.054 14.153 15.095
AEI RMSE 3.11 1.70 1.16 1.09 0.68 0.61
CHIR—” 30 t 12.322 27.303 52.105 110.546 114.569 91.574
FAEN A 0 0.01 1 0 0.005 0.5
Arv 0 0 0 0.01 0.01 0.05
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