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Sparse unmixing of hyper-spectral images using a
Pruned spectral library
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Abstract

Spectral unmixing of hyperspectral images is one of the most important research fields in remote sensing.
Recently, the direct use of spectral libraries in spectral unmixing is on increase. In this way which is called
sparse unmixing, we do not need an endmember extraction algorithm and the number determination of
endmembers priori. Since spectral libraries usually contain highly correlated spectra, the sparse unmixing
approach leads to non-admissible solutions. On the other hand, most of the proposed solutions are not noise-
resistant and do not reach to a sufficiently high sparse solution. In this paper, with the purpose of overcoming
the problems above, at first the spectral library will be pruned based on the spectral information of the
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image,clustering and classification techniques. Then a genetic algorithm will be used for sparse unmixing.
The experimental results on the simulated and real images show that the proposed method gives good results

in noisy images.

Keywords: Hyper-spectral images, Spectral Library Pruning, Sparse Unmixing.
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(Table-1): Comparison the impact of different
similarity measures on k-means clustering
algorithm.
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(Table-2): Comparison the impact of different
feature spaces on k-means clustering algorithm.
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(Figure-6): The comparison of the average
number of end-members in each pixel for different
spectral library pruning methods by applying
SUnSAL algorithm on simulated images.
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different
classifiers on library pruning method for real
image.
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(Figure-9): The comparison of the average
number of end-members in each pixel for different

spectral unmixing methods by applying on
simulated images in different SNRs.
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