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Fault diagnosis of vibration of motors based on RBF neural network

GE Qiang XU Liang-liang QIU Bao-yun TAN Lei TANG Jian-jun
College of Energy and Power Engineering Yangzhou University — Yangzhou 225009  China

Abstract There are 6 familiar vibration faults of asynchronous motors rotor imbalance non-aligning oil swirl radial
friction surge and flexible bearing bracket. The extracted features were classified by use of the RBF neural network and
their fault types were diagnosed and simulated. The simulated results were compared with those of the BP neural network .
The resulis show that the RBF neural network can be applied in the diagnosis of vibration faults of motors the diagnosis

is feasible fast and exact.

Key words RBF neural network motor vibration fault diagnosis





