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Fig. 1  Flowchart of PSO algorithm optimizing KFCM

clustering model
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Fig. 2 Flowchart of fault diagnosis based on KFCM opti-
mized with PSO
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Fig.3 Structure of wind turbine gearbox
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Fig. 4 Vibration signals of 4 wind turbine gearboxes
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Tab.2 Diagnosis results of different methods
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1 1 1 1
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9 3 3 3
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