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Abstract

Aiming at the deterioration of the track quality state of the high-speed railway track during the
operation of the train load, this paper established a decision-making model for the track irregu-
larity maintenance based on the BP neural network. The model is based on the track geometric
feature data collected during the track inspection process, considers the information covered by
the seven geometric track irregularity geometric index, and abstracts track maintenance deci-
sion-making into a binary classification problem based on multi-dimensional features, and then
locates historical maintenance points through an algorithm, to construct BP neural network mod-
el’s training set, the BP neural network is established to learn autonomously. Finally, it achieves
the effect of inputting track data and outputting railway maintenance decision-making, so as to
guide the actual railway maintenance process and optimize railway maintenance decision-making.
The established neural network model is effective after the verification of the actual operation data,
its accuracy rate in the verification set reaches more than 80%.
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Figure 1. Structure of BP neural network
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Figure 2. Variation characteristics of different track index
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Figure 3. Track data of partial subseries
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Table 1. Distinguishing effect of the Shapelet method
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Figure 4. Maintenance policy point
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Table 2. Maintenance point data
=2 HIERBURE
Date G _Lprf G _Rprf G _Laln G_Raln G_Gage G_Xlvl G Warp 1 target
2020/2/29 0.68 0.615 0.405 0.375 0.35 0.41 0.39 1
2019/10/31 1.165 1.08 0.325 0.36 0.46 0.315 0.32 1
2019/10/31 1.25 1.155 0.28 0.31 0.395 0.355 0.4 1
2019/10/31 1.075 1.04 0.35 0.345 0.39 0.36 0.43 1
2019/10/31 1.26 1.265 0.505 0.455 0.45 0.305 0.365 1
2021/3/31 0.99 0.94 0.36 0.31 0.45 0.48 0.73 1
2017/7/31 0.68 0.61 0.275 0.265 0.295 0.31 0.355 1
2020/12/31 0.98 0.26 0.305 0.32 0.35 0.27 0.33 1
2020/10/31 0.99 0.93 0.4 0.42 0.48 0.4 0.42 1
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Table 3. Comparison of partial validation set
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G_LPRF G LALN G_GAGE G XLVL G_WARP 1 BP_predict real
0.67 0.33 0.59 0.32 0.33 1 1
0.62 0.35 0.58 0.33 0.35 1 0
0.62 0.35 0.54 0.33 0.34 1 0
0.305 0.25 0.29 0.17 0.24 0 1
0.225 0.245 0.29 0.17 0.225 0 0
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Figure 5. Changes law of loss function
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