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Prediction of High—Speed Maglev Track Irregularity Based on Deep
Learning

Li Dongshuai', Huang Jingyu®

(1. School of Transportation Engineering, Tongji University, Shanghai 201804, China; 2. National Maglev Traffic Engineering Tech-

nology Research Center, Shanghai 201804, China)
Abstract : Track irregularity is the main source of train vibration, which has a direct impact on the safety of train
operation and passengers’comfort. On the basis of measured track irregularities, combined with the structural
characteristics of high—speed maglev TROS vehicle and the basic principle of deep neural network, TensorFlow
neural network is used to characterize the relationship between track irregularities and vehicle vibration accele
ration. In this paper, a method of detecting irregularities by measuring vibration acceleration and constructing
neural network is proposed. The research results show that the relative accuracy of the predicted track irregular-
ity value and the real value by the depth neural network is more than 99%, and it can measure the height and
level irregularity at the same time, which provides a theoretical basis for the new method of track irregularity
measurement.

Key words.-irack irregularity ; neural network ; high speed magley ; vibration acceleration



