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Abstract

Fault diagnosis and prediction use massive data, inferred statistics, neural network and other re-
search methods to analyze and predict the monitoring data, so as to evaluate the health status of
the rail vehicle and ensure the health of each system component of the rail vehicle to the greatest
extent. In this paper, by studying the physical characteristics of the key components of the bogie,
combined with the advantages of the long and short-term memory network in dealing with the
problem of “long-term dependence”, a trend prediction model for the key parameters of the bogie
based on the long and short-term memory network is constructed. In order to verify the effective-
ness of the method, this paper uses the temperature monitoring data of the CRH380 EMU bogie
axle box bearing and gear box to make predictions. The results show that the trend prediction
method of bogie key component parameters based on long- and short-term memory network can
effectively predict the change trend of bogie key parameters.
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Figure 1. LSTM unit structure diagram
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Figure 2. LSTM parameter trend prediction framework
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Figure 3. Axle box bearing temperature (non-drive side)
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Figure 4. Axle box bearing temperature (drive side)
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Figure 5. Pinion temperature (motor side)
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Figure 6. Pinion temperature (wheel side)
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