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A Study of Big data-based Machine Leaming Techniques for Wheel
and Bearing Fault Diagnosis
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Abstract Increasing the operation rate of components and stabilizing the operation through timely management of
the core parts are crucial for improving the efficiency of the railroad maintenance industry. The demand for diagnosis
technology to assess the condition of rolling stock components, which employs history management and automated
big data analysis, has increased to satisfy both aspects of increasing reliability and reducing the maintenance cost
of the core components to cope with the trend of rapid maintenance. This study developed a big data platform-based
system to manage the rolling stock component condition to acquire, process, and analyze the big data generated at
onboard and wayside devices of railroad cars in real time. The system can monitor the conditions of the railroad
car component and system resources in real time. The study also proposed a machine learning technique that enabled
the distributed and parallel processing of the acquired big data and automatic component fault diagnosis. The test,
which used the virtual instance generation system of the Amazon Web Service, proved that the algorithm applying
the distributed and parallel technology decreased the runtime and confirmed the fault diagnosis model utilizing the
random forest machine learning for predicting the condition of the bearing and wheel parts with 83% accuracy.
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Fig. 3. Condition mgmt. & fault diagnosis system (condition information & statistics index).
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Table 1. The extracted features (condition info.).

Feature Description
type Bearing or wheel
location Bearing or wheel location number
velocity Speed measurement
vib Vibration measurement
load Load measurement
temp Bearing or wheel temperature
sound Noise measurement value
RUL Remaining useful life
Class Label {Good, Need Inspection, Failure Probable}
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