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¢ 22 23 25 26 25
d 29 30 31 32 32
e 34 35 39 41 40
f 0 0 0 0 0
g 11 12 13 11 10
h 22 23 23 23 23
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Fig. 2 Fault diagnosis for wind turbine based on

parallel FCM
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FAULT DIAGNOSIS OF WIND TURBINE ALTERNATOR BASED ON
PARALLEL FUZZY C-MEANS CLUSTERING ALGORITHM

Sun Hexu', Sun Zexian', Zhang Jingxuan’
(1. Institute of Control Science and Engineering , Hebei University of Technology, Tianjin 300130, China;
2. College of Electrical Engineering , North China University of Science and Technology, Tangshan 063000, China)

Abstract: A new method based on improved FCM (fuzzy C-means) on fault diagnosis for wind turbine is proposed. First,
the affinity propagation clustering algorithm is used to determine the max number of clusters. Then the improved FCM and
the criterion of BWI (Between- Within Index) are combined to determine the optimal number of clusters of a dataset. The
parallel FCM based on Spark is used to detect the fault in the wind turbine. The improved FCM algorithm are evaluated by
studying the UCI datasets and camparing with the real-time data from the experiments, the results show that the method can
effectively improve the accuracy fault diagnosis and can better process massive data in power system.

Keywords: fault diagnosis; clustering; wind turbine; electrical generator; wind power monitoring; Spark



