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Anomaly detection based weighted combination kernel
RX algorithm and its parameter selection
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Abstract: In order to combine the spectral shape difference information and the polynomial kernel function global
information, exploit the object feature fully and improve the accuracy of anomaly detection, anomaly detection method was
proposed based on weighted combination kernel RX algorithm. A spectral angle kernel function was added to Gaussian kernel
function in the anomaly detection method. Because the kernels’ parameter and the weighting parameter will affect the efficiency
of the algorithm, the random function selection, the hill climbing method and the particle swarm optimization algorithm were
implemented for setting the above parameters. Experiment results show that at a constant false alarm rate, it is the best to set the
parameters by means of the particle swarm algorithm. Target detection rate is 83.5% by using the weighted combination kernel
RX algorithm, higher than that by means of the traditional kernel RX algorithm.
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Fig. 1  Searching flow chart of climbing method
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Fig.2 Flow chart of particle swarm optimization algorithm
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Fig.3 Flow chart of anomaly detection
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Fig.5 Anomaly detection results for three parameter-setting methods

Table 1  Results of different parameter-setting methods

o' 8 d accuracy false alarm rate
average 0.53  373.63 4.31 22.3% 2.0%
RND
optimal  0.83  56.32  0.96 31.6% 2.0%
HCM 0.61 734.12 1.12 40.2% 2.0%
PSO 0.72 1214.36 2.11 83.5% 2.0%
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Fig. 6  Results of anomaly detectionwith different methods

Table 2 Results statistics of anomaly detection with different methods

false alarm rate

a 8 d accuracy
RX 0 0 0 37.2% 2.0%
SAK-RX 0 0 2.32 56.6% 2.0%
GRBK-RX 0 1038.29 0 80.4% 2.0%
WCK-RX  0.72 1214.36 2.11 83.5% 2.0%
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Fig.7 Detection results at different false alarm rates

Table 3 Anomaly detection accuracy at different false alarm rates

false alarm rate 0.5% 1.0% 2.0% 5.0%
74.6%  78.3%  83.5% 84.6%
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