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Optimal bands subspace anomaly detection for hyperspectral
imagery based on bilateral filtering
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Abstract: In order to overcome the low detection accuracy and high false alarm rate of anomaly target
detection in hyperspectral image based on Kernel RX anomaly detector, the new hyperspectral image
anomaly target detection algorithm for optimal bands subspace is proposed on the basis of fully analy-
zing the characteristics of hyperspectral image data. First, the bilateral filtering method is used to fil-
ter the hyperspectral image, which makes the background information of hyperspectral images be sup-
pressed by full using of the advantages of bilateral filtering. Then, the band subset of hyperspectral
image is divided by adopting the classical ASD method, and then the optimal bands are selected by
using the combined skewness-kurtosis index in each band subset. Finally, the Kernel RX algorithm is

used to detect anomaly targets by using these optimal bands. The real AVIRIS hyperspectral imagery
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data sets are used in the experiments, and the detection results are obtained by anomaly targets, false

alarm number and ROC curve. The results show that the proposed algorithm has strong robustness

and lower false alarm probability.

Key words: hyperspectral remote sensing imagery; anomaly target detection; bilateral filtering;

bands subspace
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