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Fig.2 Time-domain waveforms of circuit

breaker vibration signal
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Table 2 Sample entropy of IMF components

of vibration signal
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A 1.121  1.052 0946 0512 0.224 0235 0.121
1.114 1.085 0.857 0513 0.211 0.232 0.105
B 0.891  0.749 0.612 0289 0.154 0.182  0.039
0.895 0.774 0.608 0.291 0.139 0.167 0.041
0.897 0.756  0.692 0.293 0.155 0.185 0.085
¢ 0871 0.719 0574 0.279 0.139 0.172  0.057
D 0.795 0.541 0458 0251 0.148 0.115 0.098

0.754 0461 0431 0249 0.124 0.143  0.085
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Mechanical fault diagnosis of high voltage circuit breaker based on

CEEMDAN sample entropy and FWA-SVM
ZHAO Shutao',MA Li',ZHU Jipeng’,LI Jianpeng’,ZHAO Hui'
(1. School of Electrical & Electronic Engineering,North China Electric Power University, Baoding 071003, China;
2. Guiyang Huaxi Power Supply Bureau of Guizhou Grid Company,Guiyang 550000, China;
3. Maintenance Branch of State Grid Hebei Electric Power Company,Shijiazhuang 050000, China)

Abstract: Aiming at the problem that feature extraction is easy to be affected by jamming signal in the
process of mechanical fault identification based on vibration signal of circuit breaker,a fault feature extrac-
tion method that combines CEEMDAN (Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise) and sample entropy is proposed. Several IMF (Intrinsic Mode Function) components that reflect the
mechanical state information of operating process are extracted by CEEMDAN. The top 7th order compo-
nents are selected based on the energy distribution and correlation coefficients and denoised by wavelet
packet soft threshold, and their sample entropies are calculated as the feature quantities. The FWA (Fire-
Works Algorithm) based on immune concentration is used to optimize the support vector machine classifier to
identify the different operating states of the circuit breaker. The experimental results show that the features
based on CEEMDAN sample entropy extraction are not sensitive to signal interference, and the FWA-SVM
diagnosis method has a good effect on fault identification of high voltage circuit breakers.

Key words: high voltage circuit breaker; vibration signal; complete ensemble empirical mode decomposition

with adaptive noise;support vector machines;fault diagnosis
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Fig.B1 Schematic diagram of three faults
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Fig.B2 CEEMDAN and EEMD decomposition results of
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