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Abstract: The high dimension and huge data volume of hyperspectral remote sensing images and the
complexity of surface feature lead to difficulty in distinguishing the anomaly pixel from the background.
To solve these problems, an unsupervised nearest regularized subspace anomaly detection algorithm
based on spectral space reconstruction is proposed. Firstly, in the process of band selection based on
structure tensor, noise pixels are removed to obtain more effective bands. Then, the spectral space
reconstruction is utilized to increase the absolute spectral distance between the background and the
anomaly. Finally, to take full advantage of the spatial similarity information between background
dictionaries, the spatial distance weight is introduced into the unsupervised nearest regularized subspace
algorithm to improve the accuracy of linear representation. To validate the effectiveness of the proposed
algorithm, experiments on four sets of real hyperspectral data are conducted, and the infulence of

different parameters on the detection results is studied. Experimental results demonstrate that the
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proposed algorithm has a better detective performance than other anomaly detection algorithms.
Key words: Hyperspectral image; Anomaly detection; Band selection; Spectral spatial reconstruction;
Unsupervised nearest regularized subspace
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Table 2 Detection results of four datasets at different 2 parameters
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Fig.9 Detection results of four data sets under different window sizes
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Fig.13 Detection results of various detection algorithms in GF-5 data
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Table 3 Comparison of AUC and execution times of the different methods for four datasets
GRX RSAD CRD UNRS LSADCRIDW UNRS-SSR
AUC 0.833 4 0.916 5 0.948 5 0.984 3 0.984 6 0.996 2
AVIRIS
Time/s 1.10 15.57 23.26 22.07 980.48 44.03
ROSIS AUC 0.991 6 0.980 8 0.911 7 0.899 2 0.978 6 0.999 5
o Time/s 1.15 25.52 50.19 47.57 1 480.94 152.65
A AUC 0.925 2 0.953 3 0.959 5 0.977 8 0.9467 0.995 2
von
Time/s 8.37 442.21 161.61 171.58 2 194.29 314.34
GFs AUC 0.971 0 0.985 6 0.966 7 0.969 6 0.98 02 0.991 0
-0
Time/s 1.19 22.18 23.73 22.10 993.51 98.31
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