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Fault diagnosis method based on empirical mode decomposition and
support vector machine
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Absgtract : For norrstationary time series signa , a fault diagnoss method based on empirical mode decomposition
(EMD) and multi-features fuson support vector machine (SVM) is proposed. Firstly, EMD is employed to
decompose the original signal , the severa energy-dominating intrinsic mode functions (IMFs) are chosen and the
wavelet packet features of each of IMFs are extracted respectively to form several independent feature sub-spaces.
Then, a series of SV M-based weak classfiers are trained in each of feature sub-spaces respectively. And a weighted
fuson strategy based on the energy proportion of each of IMFs is employed to obtain stronger classfier of fault
pattern. The experimental result in fault diagnosisof 6135 diesel engine shows the feashility and eff ectiveness of the
proposed method.
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Support vector machine
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