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Abstract: Aiming at the fault diagnosis of reciprocating compressor air valves, a fault diagnosis
model based on one-dimensional convolutional neural network (1D-CNN) is proposed for
analyzing vibration signals on the air valve cover. First, the original one-dimensional vibration
signal is converted from the time domain to the frequency domain via Fourier transformation;
then, the frequency domain signal is used as the input of 1D-CNN to realize adaptive feature
extraction by the convolutional layer; finally, the network output layer could recognize modes of
multiple faults by Softmax function. At the reciprocating compressor failure simulation test
bench, we have measured the valve cover vibration signal under four working conditions, namely
normal air valve, valve plate crack, valve plate fracture and spring failure, and verified the
proposed models. The result shows that the vibration signal on the air valve cover could

obviously reflect the working state of the air valve, and the signal is easy to extract and very
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suitable for fault diagnosis of the air valve; vibration signals are converted from time domain to

frequency domain as input of 1D-CNN, which significantly improves the accuracy of fault

classification; compared with the model with original one-dimensional vibration signal as input,

the fault diagnosis model with frequency domain signal as input has better performance and higher

accuracy (up to 100%). Moreover, it is simple in structure, and could realize end-to-end fast

fault diagnosis.

Keywords: reciprocating compressor; convolutional neural network; fault diagnosis; vibration

signal
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Fig. 2 Fault diagnosis model of reciprocating compressor

valve based on 1D-CNN
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Fig. 4 Reciprocating compressor fault simulation test bench
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Fig. 5 Four working states of the intake valve
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Fig. 6 Frequency domain waveforms of vibration signals

in four working states of valves
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