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Support Vector Data Description Based on Adaptive Anomaly Detection Method in
Hyperspectral Imagery

MEI Feng,ZHAO Chun-hui,WANG Li-guo,YOU Jia

(College of Information &|Communication Engineering,Harbin Engineering University,Harbin
150001,China)

Abstract:

An adaptive support vector data description (SVDD) method is proposed for anomaly deteciton in
hyperspectral imagery.According to the features of hyperspectral data and the local detection model,the
second-order statistic information between hyperspectral bands of local background is calculated
firstly.Based on the relationship between kernel parameter and the local second-order statistic
information,an adaptive kernel parameter estimation method is derived.The parameter estimation of kernel
function can be obtained along with the shifting of the background clutter pixels automatically.The
degeneration of detection performance brought by a global fixed kernel parameter SVDD method in a
background of miscellaneous terrain is improved by the proposed agorithm.Numerical experiments are

conducted on simulated data and real hyperspectral imagery.Using receiver operating characteristic (ROC)

curves,the results show that the detection probability of the proposed agorithm is 10 percentage better
than the classical fixed kernel parameter SVDD at the same false alarm rates.

Keywords: Hyperspectral imagery Anomaly detection Adaptive Kernel-based method Support
vector data description
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