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Abstract: As the accuracy rate of single classifier based fault diagnosis is low for rotating machinery, a fault diagno-
sis method based on the random forest algorithm is proposed in this paper. Hardware experiments were carried out
on wind turbine drivetrain diagnosis simulator (WTDDS) to show the effectiveness of the proposed method. Initial-
ly,the sensor signals under multiple operation modes with different gear fault types were collected with time domain
characteristics and extracted as input features of random forest. Afterwards. the fault diagnosis of the gearbox was
carried out using the constructed random forest model, and the classification result using random forest algorithm

was compared with that using support vector machine. Through the analysis of the fault diagnosis results, the ran-
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dom forest algorithm can process large-scale data sets and improve the accuracy of fault diagnosis by avoiding the
over-fitting phenomenon of conventional classifier. It can also shorten the prediction time through the combination of
weak classifiers with higher prospects as a potential application.

Key words: random forest; rotating machinery; fault diagnosis; decision tree; feature extraction
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Fig. 1 Flowchart of RF based fault diagnosis
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Tab. 1 Description of time domain characteristics
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Tab. 2 RF based fault diagnosis method on rotating machinery gearbox (offline process)
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Tab. 3 RF based fault diagnosis method on

rotating machinery gearbox (online process)
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Fig. 4 Extracted feature data under root crack fault
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Fig. 5 Contribution of the RF features
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