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BACKGROUND RESDUAL ERROR DATA

L1Ji€, ZHAO Chun-Hui’, MEI Fend
(1 College of M echanical and Electrical, Beijing Institute of Technology, Beijing 100081, Ching
2 College of Infomation and Canmunication, Harbin Engineering University, Harbin 150001, China)

Abstract: Inorder o overcame the serious background interferences for snall target detection of hypergectral imagery, a
nonlinear anamaly detection algoritm based on background residual error data was proposed A fter the background end-
memberswere extracted, fectral urmixing technique was goplied © all mixed ectral pixels to sparate target information
fram complicated background clutter Then, the urmixing residual error data that included abundant target information was
mapped into a high-dimensional feature gace by a nonlinear mgpping function Nonlinear infomation betveen the gectral
bands of hypergectral imagery was exploited and the anamaly targets could be detected by using RX operator in the feature
gace Thus the nonlinear statistical characteristics betveen the hypersectral bandswere used effectively on the basis of
auppressing the large probability background infomation Numerical expermentswere conducted on real AV IR IS data
validate the effectiveness of the proposed algoritm.  The detection resultswere compared with those detected by the classi-
cal RX algoritm and KRX which did not suppress the background infomation The reaults show that the proposed algo-
ritm has better detection perfomance, lower false alam probability and lover computational complexity than other detec-
tion algoritms
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Fig. 1  Contour plots of two algorithms for Gaussian data (a)
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Fig.2 Flow chart of the proposed algorithm
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Fig.3 The hyperspectral imagery of first band and the corre-
sponding distribution of targets
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Fig.4 Spectral profile of background endmembers
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Fig.5 First band of hyperspectral error imagery
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