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Nonlinear time series fault prediction based on clustering and

support vector machines
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(College of Automation Engineering, Nanjing University of Aeronautic and Astronautic, Nanjing Jiangsu 210016, China)

Abstract: Based on clustering and support vector machines, a new method is proposed to solve the nonlinear time
series fault prediction. The normal time series is clustered using K-means clustering algorithm to get the normal prototype.
Meanwhile, the predicting series is obtained by time series predicting algorithm based on support vector regression. Fault
prediction can also be implemented by calculating the similarity between the normal prototype and the predicting series.
Finally, the simulation results indicate that the proposed method can predict the fault more quickly and more accurately.
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Fig. 1 Fault prediction system
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Fig. 2 Selecting the optimal embedding dimension
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Table 1 Comparison between Prio and Selec

NMSE SVs

Prio Selec Prio Selec

N(0,0.005) 4.7x1075 4.7x1076 228(93.1%) 107(44.2%)
N(0,0.01) 6.2x107° 7.3x107% 233(96.3%) 135(55.8%)
N(0,0.05) 2.4x1073 1.1x1073 240(99.2%) 199(82.2%)
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Fig. 3 Fault prediction based on Henon time series
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