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Sparse Decomposition of Hyperspectral Images Based on Spectral Correlation
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(Department of Electronic Engineering, Xi'an Aeronautical University, Xi'an 710077, China)

Abstract: Considering the strong correlation between adjacent band images of hyperspectral data in
combination with the fast searching ability of the particle swarm optimization algorithm, a sparse
decomposition algorithm of hyperspectral images based on spectral correlation is proposed. The
hyperspectral images are divided into reference and common band images. Particle swarm optimization is
performed on the reference band images to find the optimal atoms and realize their sparse decomposition.
The optimal atoms of a common band image consist of two parts. Parts of these atoms are inherited from the
optimal atoms of the reference band images, and the number of inheritances is determined by the spectral
correlation between the common and reference band images. The remaining atoms are obtained using
particle swarm optimization. The experimental results on hyperspectral data show that in cases with the same
reconstruction accuracy, the sparse decomposition rate is approximately 18 times higher than the orthogonal
matching pursuit algorithm.

Key words: sparse decomposition, spectral correlation, particle swarm optimization, orthogonal matching
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Table 2 Performance comparison between OMP, PSO_OMP
and proposed MPSO_OMP

Average Acceleration

Algorithm Run time/s
PSNR/dB ratio
Cupritel
OMP 40.21 5771 1
PSO_OMP 40.30 290 20
MPSO_OMP 40.13 177 33
Cuprite2
OMP 39.69 5372 1
PSO_OMP 39.66 293 18
MPSO_OMP 39.46 188 29
Indian Pines
OMP 31.89 1478 1
PSO_OMP 33.78 110 13
MPSO_OMP 33.63 79 19
Pavia University
OMP 39.07 5646 1
PSO_OMP 42.69 440 13
MPSO_OMP 42.59 268 21
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