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Compound regularized multiple sparse Bayesian learning algorithm for
sparse unmixing of hyperspectral data

KONG Fan-Qiang, GUO Wen-Jun®, SHEN Qiu, WANG Dan-Dan
(College of Astronautics, Nanjing University of Aeronautics and Astronautics, Nanjing 210000, China)

Abstract; A compound regularized multiple sparse bayesian learning algorithm for sparse unmixing is
presented , in which sparse bayesian learning model is integrated in the linear hyperspectral pixel unmix-
ing. On the framework of sparse Bayesian Learning model based on MMV ( Multiple Measurement
Vectors) , the parameters in the model is established with the probability, and a L, ; norm regulariza-
tion-based multiple sparse bayesian learning model for spectral unmixing is constructed by bayesian in-
ference, taking the non-negativity and sum-to-one property of abundances into the convex objective
function. The compound regularization problem is decomposed into several single regularization prob-
lems solving by a variable separation method, and the regularization parameters of the model are upda-
ted by an adaptive adjustment algorithm. Experimental results on both synthetic and real hyperspectral
data demonstrate that the proposed method outperforms the greedy algorithms and the convex algorithms
with a better spectral unmixing accuracy, and is suitable for complex combination of endmembers and
low signal-to-noise ratio hyperspectral data.

Key words: hyperspectral image, simultaneous sparse unmixing, compound regularization, sparse
Bayesian learning
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Fig.1 Five spectral signatures from the USGS
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Fig.2 Results on the synthetic data of different endmember
number with 30-dB white noise
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Table 3 Comparison of different algorithms average run
time of different endmember number with 30-dB
white noise
Algorithms ~ SUnSAL SUnSAL-TVCL-SUnSAL ~ SOMP SBL CRMSBL
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Fig.6 USGS map showing the distribution of different miner-
als in the Cuprite scene
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Table 4 Comparison of sparsity of the abundance vectors
and the reconstruction error of the hyperspectral
imagery

Algorithms ~ SUnSAL  SUnSAL-TVCL-SUnSAL ~ SOMP SBL CRMSBL

Sparsity 17.563  20.472  20.7989  13.684  15.0548 13.5885
RMSE 0.0057  0.0038  0.0065  0.0048  0.0044  0.0043
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Fig.7 The fractional abundance and reconstruct abundance
maps of three different elements
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