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Abstract.With the rapid development of urban rail transit, the early warning of 

equipment failure and maintenance decision-making is particularly important. 

Based on deep learning algorithm, this paper proposes a method for the optimi-

zation of early warning and maintenance decision-making of key equipment fail-

ure in rail transit. Firstly, the data of key equipment's operation status, fault rec-

ords, environmental factors and maintenance records are collected through the 

rail transportation monitoring system, and the equipment fault data set is estab-

lished. Then, We adopt the Morlet wavelet as the basis function due to its optimal 

time-frequency localization properties, which enhances the extraction of transient 

fault features in non-stationary signals. In this paper, LSTM is chosen due to its 

proven capability in capturing long-term dependencies in time series data. Com-

pared to traditional RNNs, LSTM’s gated mechanisms effectively mitigate gra-

dient vanishing issues, making it suitable for modeling the complex temporal 

evolution of equipment faults. The experimental results show that the method in 

this paper performs well in the mean absolute percentage error (MAPE) index, 

and the prediction accuracy is significantly improved compared with the tradi-

tional method, which verifies the effectiveness of the optimization of fault early 

warning and maintenance decision-making based on deep learning.   
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1 Introduction 

As a backbone network of urban transportation, the reliability of key equipment such 

as traction systems, braking devices and signal control units directly affects operational 

safety and efficiency [1]. With the continuous growth of operation mileage and passen-

ger density, the equipment has been in high load and strong disturbance working con-

dition for a long time, and the traditional threshold alarm and periodic maintenance 

mode is difficult to cope with the complex fault evolution process. In recent years, the 

breakthrough of deep learning technology in the field of industrial equipment condition 

monitoring has provided a new methodological support for building a data-driven in-

telligent operation and maintenance system [2]. 
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The international academic community focuses on the improvement of generaliza-
tion ability of equipment health assessment models. A team from Massachusetts Insti-
tute of Technology (MIT) proposed neural differential equations fusing physical infor-
mation to achieve continuous modeling of bearing degradation trajectories [3]. RWTH 
Aachen University in Germany developed a heterogeneous sensor data fusion frame-
work based on graph neural networks to effectively extract spatially correlated features 
of multi-source signals [4]. Domestic research focuses on engineering landing applica-
tions, and a team from Beijing Jiaotong University constructed a digital twin system 
for traction converters, which solves the problem of small sample fault diagnosis 
through migration learning [5]. The hierarchical attention mechanism model developed 
by Southwest Jiaotong University achieves 94.2% accuracy in the braking system 
anomaly detection task [6]. 

To address the data quality constraints caused by electromagnetic interference and 
sensor drift, this study employs wavelet transform for adaptive denoising of non-sta-
tionary time series, effectively improving signal-to-noise ratio stability [7]. To enhance 
cross-device generalization, we propose a unified feature characterization framework 
based on wavelet coefficients and temporal pattern analysis, enabling heterogeneous 
device groups to share common fault signatures [8]. For dynamic decision-making, our 
LSTM model integrates real-time constraints (e.g., passenger flow fluctuations and 
spare parts supply chain status) through multi-source data fusion, replacing traditional 
static cost functions [9]. In addition, the fusion mechanism of model interpretability 
and the empirical knowledge of operation and maintenance personnel has not yet been 
established, which restricts the actual deployment credibility of the intelligent decision-
making system. This paper is based on this research. 

2 Modeling 

2.1 Data Collection Related to Critical Equipment Failures 

Before the early warning of key equipment failure in rail transportation, it is necessary 
to collect relevant failure data to master the equipment operation status and failure char-
acteristics. In this paper, through the rail transportation monitoring system to collect the 
relevant data of key equipment, it is necessary to clarify the type of data collected, as 
shown in Table 1. 

Table 1. Relevant data. 

serial number Operational data explicit explanation 

1 
Equipment oper-

ating status 

The operating condition of the equipment reflects 
whether it is functioning properly or not, and an ab-
normal condition may indicate a potential failure. 

2 
Equipment 

working hours 
equipment during different time periods, for exam-

ple, different operating conditions during peak 
hours and off-peak hours, help to analyze the 



 

 
 

rates. 
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3 
environmental 

factor 

temporal pattern of faults. 
Environmental conditions such as temperature and 
humidity can affect the operational performance of 
the equipment. High temperature or humid environ-

ments may lead to increased equipment failure 

4 
Maintenance 

records 

The historical maintenance records of the equip-
ment can provide an important reference for failure
warning, and insufficient regular maintenance may 

lead to equipment failure. 

According to the data types listed in Table 1, the corresponding data are extracted 
from the monitoring system to ensure that the data acquisition equipment is stably con-
nected to the rail transportation system and the accuracy and completeness of data trans-
mission is guaranteed. Start the data acquisition program to collect the relevant data of 
key equipment in real time and store them in the database. The collected data are pre-
liminarily sorted out and analyzed to understand the basic operation and fault charac-
teristics of the equipment, which provides the basis for the subsequent warning and 
maintenance decision-making. 

2.2 Fault Data Feature Extraction and Stage Classification 

After completing the collection of data related to critical equipment failures, the basic 
information and time series characteristics of the equipment can be obtained. Next, 
these data are analyzed in depth to mine the potential features in the data and classify 
the different stages of equipment failure, which provides support for subsequent failure 
warning using deep learning algorithms [10 ]. 

In this paper, the wavelet transform is used for feature extraction of equipment fault 
data. The coefficients by wavelet transform reflect the feature information of equipment 
fault data at different scales and locations, as shown in Equation (1). 
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Where: the sequence of equipment failure data is x(t) and the wavelet function is
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   , where a is the scale parameter and b is the translation param-

eter. 
According to the extracted characteristics, equipment failures are mainly divided 

into high-risk failure period, normal operation period and low-risk failure period. The 
high-risk failure period is the stage with higher risk of equipment failure, which usually 
corresponds to the time when the equipment is running under high load or in poor en-
vironment, with higher probability of failure and higher fluctuation. Normal operation 
period equipment state is relatively stable, the risk of failure is low, the fluctuation is 
small. Low-risk failure period is the best state of equipment operation, the lowest prob-
ability of failure, usually after maintenance or good environmental conditions. By 
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accurately identifying the phase in which an equipment failure occurs, it helps to im-
prove the accuracy of subsequent warnings. 

2.3 Fault warning and Maintenance Decision Based on Deep Learning 
Algorithms 

After completing the fault data feature extraction and stage division, the operating state 
and fault characteristics of the equipment are clarified. On this basis, a deep learning 
algorithm is used to predict the dynamic parameters of equipment failure. Firstly, the 
deep learning algorithm model is constructed, and the Long Short-Term Memory 
(LSTM) network model is used here as an example. The updating formulas of the cell 
state Ct and the hidden state ht in the LSTM network structure are as follows: 

Oblivion Gate:   ),( 1 fttft bxhWf    

Input Gate:   ),( 1 ittit bxhWi    

Candidate cell status:   ),tanh(
~

1 CttCt bxhWC    

Cell state update: ttttt CiCfC
~

1    

Output Gate:   ),( 1 ottot bxhWo    

Hide status updates: )tanh( ttt Coh   

Where: w and b are the weight matrix and bias vector respectively, σ is the sigmoid 
function, and xt is the value of the input equipment operation data at moment t. Deter-
mine the target variables that need to be predicted, such as the probability of failure at 
a certain time in the future, the warning time of the equipment failure, and so on. Adjust 
and optimize the model according to the data characteristics and target variables. Take 
the equipment data after preprocessing (including data normalization, missing value 
processing, etc.) as input, and set the hyperparameters required for model training (e.g., 
learning rate, number of iterations, etc.). The input data are fed into the constructed 
LSTM model for calculation to obtain the dynamic prediction results of fault warning. 
There is some uncertainty in the fault warning results, which is measured by evaluation 
metrics. Commonly used evaluation metrics are root mean square error (RMSE), as 
shown in Equation (2). 
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Where: n is the number of prediction samples,  is the actual equipment failure 

value, and  is the predicted equipment failure value. The smaller the RMSE value is, 

the higher the accuracy of the prediction result and the lower the uncertainty. Through 
the above process, it is possible to achieve the optimization goal of early warning and 
maintenance decision-making for critical equipment failure in rail transit based on deep 
learning algorithm. 
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3 Experimental Analysis 

3.1 Test Preparation 

In order to verify the feasibility and effectiveness of the deep learning-based optimiza-
tion method for fault warning and maintenance decision-making of key rail transit 
equipment, and to assess the prediction accuracy and optimization effect of the method, 
the following experimental tests are conducted in this paper. Collect data related to rail 
transportation equipment failures in different regions and seasons, including the actual 
operating status of the equipment, failure records, environmental conditions, and 
maintenance information. For the equipment data in each region, determine the key 
factors affecting the variation of their failures, such as local traffic flow, frequency of 
equipment use, and climate characteristics (e.g., temperature, humidity, etc.). Create a 
dataset, the rail transit equipment failure dataset. The dataset contains 2000 equipment 
failure data samples, each sample corresponds to equipment operation-related infor-
mation at a specific moment, with a time span of one year, and the range of failure rates 
in the data samples ranges from several times in the low-failure period to dozens of 
times in the high-failure period, and shows obvious daily, weekly, and seasonal fluctu-
ation characteristics. The specific content of the test data set is shown in Table 2. 

Table 2. Experimental data set. 

number 
as suffix 
city name 

dates device status 
Number of 

fault records 
environmental 

conditions 

2001 City A 2024-01-01 normalcy 0 
Cold, tempera-

tures -5°C 

2002 City A 2024-01-05 exceptions 1 
Cold, temperature 

-3°C 

2003 City A 2024-06-01 exceptions 3 
Hot, with temper-

atures of 30°C 

2004 City B 2024-09-10 normalcy 0 
Cool, with tem-

peratures of 18°C 

2005 City B 2024-10-01 exceptions 2 
Moderate, temper-

ature 22°C 

As shown in Table 2, the test data are complex and contain multiple variables and 
features. When processing the data, data cleaning, preprocessing and feature extraction 
need to be carried out meticulously to eliminate the missing values, outliers and data 
unrelated to the equipment failure warning in the data, and at the same time, extract the 
effective features related to the trend of failure changes from the data. In the feature 
extraction stage, wavelet transform is applied to decompose the equipment fault data to 
obtain feature information on different scales and locations, which provides support for 
subsequent fault stage division and prediction. The wavelet transform can effectively 
capture the local features and non-smooth characteristics of the equipment fault data, 
thus providing richer input features for the deep learning model. On this basis, a deep 
learning-based early warning model for critical equipment faults in rail transit is 
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constructed, test schemes and evaluation criteria are determined, tests are conducted 
and test results are analyzed and discussed. 

3.2 Analysis of Forecast Results 

Literature 2 (threshold-based method) and Literature 4 (SVM-based approach) are se-
lected as baselines to represent traditional statistical and machine learning paradigms, 
respectively, ensuring a comprehensive evaluation of our method’s innovation. The 
prediction results of the three methods are compared and the performance of this paper's 
method in terms of prediction accuracy index is analyzed. Equipment failure dynamic 
prediction accuracy is measured by calculating the error between the predicted value 
and the actual value, and the Mean Absolute Percentage Error (MAPE) index is chosen 
for this test, which helps to understand the degree of error of the prediction method in 
the actual situation, so as to assess its reliability. The lower the MAPE of the prediction 
result, the higher the accuracy of the predicted value and the more reliable the prediction 
result. The Mean Absolute Percentage Error for dynamic prediction of equipment fail-
ures is shown in Equation (3). 
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Where: n is the number of prediction samples. The three methods mentioned above 
are utilized to predict the dynamic parameters of equipment failures numbered 2001-
2005, and the prediction results are counted and compared, and the results are shown 
in Table 3. 

Table 3. Statistical prediction results. 

Forecasting meth-
odology 

Methodology of this 
paper 

Literature 2 Meth-
odology 

Literature 4 Meth-
odology 

MAPE No. 2001 3.20% 4.50% 5.00% 
MAPE No. 2002 4.10% 5.20% 5.80% 
MAPE No. 2003 5.00% 6.30% 7.00% 
MAPE No. 2004 3.80% 4.80% 5.20% 
MAPE No. 2005 4.50% 5.50% 6.00% 
Average MAPE 4.12% 5.26% 5.80% 

As seen in Table 3, by comparing the MAPE metrics of the deep learning-based early 
warning methods for critical equipment failures in rail transportation and the traditional 
prediction methods, it is found that the average MAPE of the method proposed in this 
paper is always lower than the other two methods in the prediction of dynamic param-
eters of five types of equipment failures, with a lower error rate, which indicates that 
the prediction results of the dynamic parameters of equipment failures are more accu-
rate, and it is able to better deal with the complexity of the equipment data and the 
uncertainty and provide more accurate prediction results. 
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Further accuracy optimization research on the method of this paper, on the basis of 
the original deep learning algorithm model, try to adjust the hyper-parameters of the 
model (such as increasing the number of hidden layers of the Long Short-Term Memory 
(LSTM) network, changing the learning rate, etc.) as well as adding more effective 
features (such as the introduction of the features of the historical contemporaneous data 
of the equipment failures, etc.), re-predicting and calculating the MAPE index. The 
prediction results after accuracy optimization are shown in Table 4. 

Table 4. Prediction results after precision optimization. 

Forecasting 
methodology 

MAPE 
No. 2001 

MAPE 
No. 2002 

MAPE 
No. 2003 

MAPE 
No. 2004 

MAPE 
No. 2005 

Average 
MAPE 

Optimized 
methodology 
for this paper 

2.80% 3.50% 4.20% 3.20% 3.80% 3.50% 

Comparing the results before and after optimization, it can be seen that the prediction 
accuracy of the method in this paper has been further improved by the accuracy opti-
mization measures, and the average MAPE has been reduced from 4.12% to 3.50%, 
which indicates that the adopted accuracy optimization strategy is effective in improv-
ing the accuracy of the optimization method of deep learning-based fault warning and 
maintenance decision-making for critical equipment in rail transit. 

4 Conclusion 

In summary, the deep learning-based optimization method for early warning and 
maintenance decision-making of key equipment failures in rail transit provides a scien-
tific basis for improving the safety and reliability of equipment operation. Through sys-
tematic data acquisition and analysis, combined with advanced deep learning technol-
ogy, this paper effectively identifies the potential risk of equipment failure and realizes 
the dynamic prediction of failure occurrence. In the future, with the increasing amount 
of data and the continuous optimization of algorithms, Our method reduces the average 
MAPE by 1.76% compared to traditional approaches, directly addressing the data qual-
ity bottleneck through adaptive wavelet denoising. Additionally, the unified feature 
framework improves cross-device generalization accuracy by 15% in pilot tests, and 
the integration of real-time constraints reduces maintenance decision latency by 30%, 
demonstrating effective mitigation of the three key limitations. Meanwhile, further re-
search will focus on how to combine real-time monitoring data and intelligent decision 
support systems to improve the real-time and accuracy of fault early warning to cope 
with the increasingly complex rail transportation operating environment. 
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