520 B S W
2010 4510 H

CANDANES I - S

J. Infrared Millim. Waves

Vol. 29, No.5
October,2010

XEHS 1001 -9014(2010)05 - 0378 - 05

ZIi RX BB G RERMNE X
HEE' £ K # £

(1. W /RIETRRRY: (58 55 TR W/RTE BIEIT 150001 ;
2. U BT OR2: MLH2=BE , b 100081)

WERET -—HFINETRAZOHN MR RX KL, A TeLEEGRERN. £ E be Lt ain
SE AR EREAUEEGLEEGREA SN ELEERE, HEN MR THMEZE RX EFF XS T £
SE VR LT B AT N AR, AE S KNG G E ] L BB R R R P, AT ORI TY T AR R SR
FERR T EEEEMEAT ERE LN XA AR RS RS ESET A RZE S K
NFENEEPOTE, A RFEE LR F AL AL FT AL SRR AN AR B R UK EE AWM. VB
BEEMASNE, A EENGLERERT T EL R, ERX A ZEAR THASHN RX EX, R NFE 5
5% B Ar.

x B RE.FLERG;FEON; M RX; @&

hE 4 %S . TNI11. 73 XHERFRIRAS . A

A KERNEL WEIGHTED RX ALGORITHM FOR ANOMALY
DETECTION IN HYPERSPECTRAL IMAGERY
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Abstract: A new mixed kernel function weighted RX algorithm for anomaly detection in hyperspectral imagery was pro-
posed. First, each spectral pixel was mapped into a high-dimensional feature space by a nonlinear mapping function. Sec-
ond the nonlinear information between different spectral bands of the hyperspectral imagery was exploited with the RX algo-
rithm in the feature space. In order to optimize the covariance matrix, each pixel in the covariance matrix was weighted ac-
cording to its centroid distance. In this way the weighted covariance matrix could represent the background distribution bet-
ter. Finally, the dot product computation in the high-dimensional feature space were converted into the kernel computation
in the low dimensional input space. The new spectral kernel function and the radial basis kernel function were composited
according to the characteristic of hyperspectral data to improve the performance of the proposed algorithm. To validate the
effectiveness of the proposed algorithm, experiments were conducted on real hyperspectral data. The results show that the
proposed method can detect more anomaly targets than the RX algorithm in the feature space.
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