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Real-time Anomaly Detection Based on Sampled Peculiarity Factor

NIU Zhi-xian SUN Jing-yu SHI Shu-ping
(College of Computer Science and Technology, Taiyuan University of Technology, Taiyuan 030024, China)

Abstract Peculiarity factor is an important concept in the peculiarity-oriented mining, but its computation is too com-
plex. Using sampling-based method to define the peculiarity factors called sampled peculiarity factor (SPF) can improve
operational efficiency without affecting the accuracy. To improve the efficiency of anomaly detection algorithm based on
the SPF, learning sampling frequency algorithm was proposed. Combined the optimal sampling frequency and SPF, real-
time anomaly detection algorithm was proposed. Experiments use real data sets, take confidence as 95% ,and the opti-

mal sampling frequency sequence is between 1/32 and 1/16. Simulation results show that false detection rate of the al-
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gorithm is 2%.
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