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Deep convolutional neural network—based turbine rotor fault diagnosis
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[ Abstract] Vibration is one of the typical faults that cause the unplanned shutdown of the turbine generator set. In serious cases, it
can also lead to the equipment and personal accidents. Therefore, it is necessary to determine the causes of turbine vibration faults
quickly and accurately in the actual operation of the unit. In this paper, a deep convolutional neural network—based turbine rotor
vibration fault diagnosis method is proposed for three typical vibration fault causes: turbine rotor dynamic and static friction, mass
imbalance, and rotor misalignment. The method is based on the time—domain image of the fault sample and obtains its frequency—
domain feature image by fast Fourier transform, designs a fault diagnosis network, and adds a Dropout layer to the network to
prevent the neural network from overfitting. Meanwhile, the fault mode classification is achieved by data enhancement to achieve fast
and accurate diagnosis classification. The comparison with literature cases shows that the deep convolutional neural network—based
turbine rotor fault diagnosis method is accurate and reliable. The diagnosis results are simple and intuitive, and can be applied to
engineering practice.
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Fig. 1 CNN structure diagram
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Fig. 2 Neural network model before and after using Dropout
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Fig. 5 Time—domain waveform of rotor mass imbalance
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Fig. 6 Time-domain waveform of rotor misalignment
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Fig. 7 Rotor dynamic and static friction spectrum

l-

B /Hz
B8 HFARFEML

Fig. 8 Rotor imbalance spectrum

BiR Hz,

AEN pm

1l

B9 #HFAx TR E

Fig. 9 Rotor misalignment time—domain spectrum
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Fig. 10 Samples of data enhancement
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Fig. 11 CNN-based turbine rotor fault diagnosis algorithm
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Tab. 1 CNN network structure parameters
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Tab. 3 Diagnostic accuracy under various faults
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