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Improved Prediction Model of Metro Wheel Wear Based on BiLSTM Network

ZHU Aihua', BAI Yang', BAI Tangbo', WANG Yali’, ZHANG Caisheng', LI Anyan'

(1. School of Mechanical-electronic and Vehicle Engineering, Beijing University of Civil Engineering and Architecture,

Beijing 100044; 2. Beijing Subway Operation Co., Ltd., Beijing 100044)

Abstract: In order to address the issue of long-term dependence caused by the extended time span of wheel wear data and
improve the prediction accuracy, an improved BiLSTM metro wheel wear prediction model is proposed by optimizing
Bidirectional long short-term memory network (Bi-LSTM) with Sparrow search algorithm (SSA). Firstly, the hyperparameters
of the Bi-LSTM algorithm, such as the number of neurons, iteration count, input batch size, and learning rate, are optimized using

the SSA. This optimization process is conducted within a specified range to obtain the optimal values of these hyperparameters.
This optimization process aims to obtain the optimal parameter values. Subsequently, the SSA-BiLSTM network model is
constructed using these optimal parameter values to predict and analyze wheel wear. Tread wear and flange wear are taken as
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the research objects, and the measured historical wear data of wheel No.1 of the metro’s carriage # 1 are used as inputs to metro
and validate the model, and compare the prediction results with those of MLP, LSTM, BiLSTM and SSA-LSTM models. The
results show that the improved bidirectional long short-term memory network model has higher wear prediction accuracy, and
the mean absolute percentage error (MAPE) of tread wear is reduced by 13.28%, 10.32%, and 1.47%, and flange wear by 9.5%,
0.46%, and 0.02%. The wear of the No. 1 wheel of the same metro No.2 and No.4 cars is predicted and compared with the
measured wear data. The average absolute percentage error of tread wear is 1.34% and 1.42%, respectively, and the average

absolute percentage error of rim wear is 0.18% and 0.19%, respectively. The results confirm that the model exhibits strong
generalization capabilities. The wheel wear prediction model based on improved BiLSTM network (SSA-Bi-LSTM) has high

prediction accuracy and good generalization, which provides theoretical support for the intelligent management of metro

wheelsets and prolongs wheel service life.

Keywords: metro; wear prediction; sparrow search algorithm; bidirectional long short time memory networks
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Figure 3  Algorithm flow diagram of improved BiLSTM network
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Figure 4 Improved BiLSTM network model parameter optimization
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Figure 5 Comparison of prediction results of different models with measured data
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