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Application of Big Data Technology in the EMU Fault Early Warning

WU Zhenyi
( CRRC Qingdao Sifang Co., Ltd., Qingdao, Shandong 266111, China )

Abstract: In order to identify potential fault hazards in the operation of EMU in advance, based on the theory of prognostics
health management, this paper constructs a vehicle-ground integrated big data platform by integrating multi-source heterogeneous
data of different scenarios of the EMU. It uses a method of combining equipment fault mechanism and artificial intelligence
algorithm to construct a fault early warning and prediction model of key components of EMU, which reflects the working status of a
component with its key physical properties and identify potential faults in advance. Through the application of the big data platform
and the traction motor fault early warning and temperature prediction model, traction motor fault rate of CR400AF Fuxing EMU
decreased significantly from 0.5 pieces/ 10° km to about 0.1 pieces/lOe km.
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Fig. 2 Schematic diagram of onboard PHM system
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Fig. 1 Overall architecture of the vehicle-ground integration big data platform
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Fig. 3 Onboard PHM architecture of running gear
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Fig. 4 Architecture of ground PHM platform
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neural network model
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Fig. 7 Comparison between actual motor temperature and
model predicted temperature
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values of traction motor stator temperature prediction sub model
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Fig. 9 Failure rate of traction motor for CR400AF EMU
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