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Abstract

Purpose — High-speed turnouts are more complex in structure and thus may cause abnormal vibration of high-
speed train car body, affecting driving safety and passenger riding experience. Therefore, it is necessary to
analyze the data characteristics of continuous hunting of high-speed trains passing through turnouts and propose
a diagnostic method for engineering applications.

Design/methodology/approach — First, Complete Ensemble Empirical Mode Decomposition with Adaptive
Noise (CEEMDAN) is performed to determine the first characteristic component of the car body’s lateral
acceleration. Then, the Short-Time Fourier Transform (STFT) is performed to calculate the marginal spectra.
Finally, the presence of a continuous hunting problem is determined based on the results of the comparison
calculations and diagnostic thresholds. To improve computational efficiency, permutation entropy (PE) is used
as a fast indicator to identify turnouts with potential problems.

Findings — Under continuous hunting conditions, the PE is less than 0.90; the ratio of the maximum peak value
of the signal component to the original signal peak value exceeded 0.7, and there is an energy band in the STFT
time-frequency map, which corresponds to a frequency distribution range of 1-2 Hz.

Originality/value — The research results have revealed the lateral vibration characteristics of the high-speed
train’s car body during continuous hunting when passing through turnouts. On this basis, an effective diagnostic
method has been proposed. With a focus on practical engineering applications, a rapid screening index for
identifying potential issues has been proposed, significantly enhancing the efficiency of diagnostic processes.
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Paper type Research paper

1. Introduction

High-speed turnouts are one of the important yet fragile pieces of equipment in high-speed
railway track systems; therefore, their usage status must be evaluated in real time to ensure the
safety of high-speed EMUs as they pass through turnouts (Kaewunruen, 2014; Li, Ding, Li,
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Niu, & Yang, 2020; Wang, Wang, Ge, Si, & Yang, 2023). Currently, there are two primary
methods to assess the usage status of turnouts: manual assessment and assessment using high-
speed comprehensive inspection vehicles. The manual method involves professional technical
personnel entering the turnout section to be evaluated, using professional measurement tools to
assess the track system parameters, such as the track geometry of the turnout section, under no
external load. This method can reflect the static state of the turnout system, but cannot reflect
the vibration state of the high-speed train as it passes through the turnout. Dependent on
professional technical personnel and their experience, this evaluation method has low
efficiency and exhibits significant variations in the quality of the evaluation results. In contrast
to passenger multiple units, high-speed comprehensive inspection vehicles (Li et al., 2021;
Niu, 2020) are equipped with special inspection equipment. They assess the track system
parameters, including the track geometry of the turnout section, under external loads, and can
also measure the vibration information at the axle box, bogie, and car body positions when the
inspection vehicle passes through (Zhang et al., 2021; Niu et al., 2020). These detection data
can help to understand the true dynamic characteristics of the high-speed vehicle and turnout
system (Xie, 2022; Cheng et al., 2024; Cong et al., 2024).

When high-speed EMUs pass through the turnout, the contact points between the wheelset
and the track are not continuous. Some sections are in contact with the switch rail, while others
are in contact with the basic rail. Therefore, compared to the main line, the vibration
characteristics of the vehicle in the turnout section are more complex, especially the lateral
vibration (Wang, 2016; Shi et al., 2022). As usage time increases, the switch point position will
also experience wear, which can have an adverse impact on the passing performance of the
high-speed EMUs (Wang, Wang, Ge, Si, & Yang, 2022; Yang, Wang, Sun, & Wang, 2020;
Gao, Si, Wang, & Yang, 2023). In addition, whether the reduction value of the switch point is
within a reasonable range directly affects the dynamic characteristics of the high-speed vehicle
and turnout system (Ma, Wang, Wang, & Xu, 2016; Wang, Si, Wang, & Ge, 2014). If the
reduction value of the switch point is not reasonable, there will be a difference in the diameter
of the wheelset, causing the left and right wheels to roll forward with different radii. The
wheelset will then hunt, and due to the low vibration frequency, the hunting motion will also be
transmitted to the car body, causing a rapid decrease in the lateral stability of the high-
speed EMU.

Although there has been no targeted research on the periodic hunting problem of turnout
sections, the hunting motion problem is an eternal dynamic problem in the field of railway
vehicles (Luo & Shi, 2018; Wei, 2016), and the related research is abundant, providing
experience for conducting hunting evaluation of turnout sections. Chi, Zhang, Zeng, Jin, and
Zhu (2008) conducted a theoretical analysis and found that the car body’s low-frequency
periodic hunting is caused by the bogie motion’s frequency approaching the car body’s natural
frequency. Sun, Wang, Liu, and Li (2012) studied the problem of vehicle hunting by
establishing a vehicle system dynamics simulation model. When the speed is 200 km/h, the
vibration frequency of the center roll vibration mode on the car body of the constructed model
is 1.6 Hz, and the damping factor is negative and very close to 0, resulting in slow attenuation
of the center roll vibration and causing hunting. Liu (2016) studied the influence of primary
and secondary suspension parameters on car body hunting through online experiments. The
research provides theoretical support for understanding and identifying hunting phenomena.

Based on these findings, researchers further explore the causes of hunting and propose
identification methods by the introduction of time-frequency analysis techniques. Some new
methods were proposed to address the issue of hunting for high-speed train, which combines
ensemble empirical mode decomposition (EEMD), entropy features and least squares support
vector machine (LSSVM) (Ye, Ning, Zhong, Cui, & Liu, 2016, 2017). Xie et al. (2022)
proposed a method for identifying low-frequency periodic hunting based on frequency
characteristics. However, this method requires determining the distribution range of the main
vibration frequency based on the actual technical parameters of the high-speed EMUs.
Although the results obtained are accurate, the method loses its recognition ability when the



technical parameters are unknown. Xia, Zhou, Gong, Sun, and Sun (2018) conducted a Railway Sciences
vibration mode similarity test using relevant distance indicators and concluded that using
vibration mode similarity as an indicator to diagnose low-frequency hunting is feasible. Deng,
Zhou, Xia, Gong, and Sun (2020) employed Empirical Mode Decomposition (EMD) and
Hilbert Transform to extract features from measured hunting signals and defines the spectral
energy ratio as a detection index to measure vibration energy characteristics. However, this
approach is not sensitive to critical states. Sun et al. (2021) analyzed the degree of cross-
correlation between acceleration information at different positions and found that it can be
used to identify the small amplitude hunting ability of high-speed vehicles. This method
requires the simultaneous acquisition of lateral accelerations for both the bogie and the car
body of the same carriage. The usability of the method will be greatly reduced when there is a
lack of data. Additionally, if the sensor”’s installation position is not reasonable, the accuracy
of the recognition results will decrease. Ye, Ning, Zhong, Cui, and Chen (2018) employed the
Modified Ensemble Empirical Mode Decomposition (MEEMD) to decompose the bogie’s
vibration signals in three distinct states: normal, critical and hunting instability. The energy
characteristics of the resulting Intrinsic Mode Functions (IMFs) were then fed into the Least
Squares Support Vector Machine (LSSVM) for training purposes. This led to the development
of a MEEMD-LSSVM model capable of predicting the bogie’s hunting instability. The model
was designed to analyze hunting instability in specific types of high-speed trains operating at
speeds between 330 and 350 km/h. Further research is required to assess the accuracy of this
method across various vehicle models and speeds. Ning et al. (2018) proposed a feature
extraction method based on Multiscale Permutation Entropy (MPE) and Local Tangent Space
Alignment (LTSA), which was proposed to extract features of the small amplitude hunting
signals. Ye and Ning (2019) considered that the small-amplitude hunting signals had strong
nonlinear characteristics, and their frequency and amplitude were unstable, so a new feature
extraction method based on the independent mode function reconstruction and linear local
tangent space alignment (IMFR-LLTSA) was proposed. Guo, Zhang, Shi, and Zeng (2023)
combined the spectral frequency spread and autocorrelation coefficient with a decision tree
algorithm to identify low-amplitude hunting instability, with a success rate of 99.94%. Wang,
Ning, Zhao, Li, and Chen (2023) employed an energy-based technique for diagnosing hunting
instability by utilizing the Hilbert-Huang Transform (HHT). This method not only enabled a
qualitative evaluation of hunting motion in high-speed trains by examining the dominant
frequency magnitude, spectral concentration, and frequency values, but also offered a
quantitative assessment of the degree of hunting instability. At present, China has built the
world’s largest high-speed railway network. Effectively detecting and monitoring the status of
railway infrastructure, accurately locating problem areas, and carrying out precise
maintenance have become hot and key research issues. When hunting occurs, the car
body’s lateral acceleration exhibits amplitude increases and periodic characteristics.
According to the literature review, it is known that current research on hunting monitoring
methods has the drawback of low computational efficiency, which cannot meet the
requirements of online engineering applications. This paper takes the car body’s lateral
acceleration as the research object, which is collected by sensors installed on the floor of the
high-speed comprehensive inspection vehicle. Considering that the car body’s lateral
acceleration is a non-stationary signal, the signal is subjected to CEEMDAN to obtain the
typical feature components. Then, these typical feature components are subjected to STFT, and
the marginal spectrum is calculated to accurately extract the lateral vibration amplitude and
periodic characteristics.

This paper is organized as follows: Section 2 provides a mathematical introduction to
CEEMDAN, STFT, and PE. Section 3 presents a method for identifying hunting using a
combination of CEEMDAN and STFT. Section 4 explores the influence of parameters on PE
and provides PE values that can rapidly identify possible hunting signals. In Section 5, the
proportion of hunting is obtained by analyzing the car body’s lateral acceleration of a typical
high-speed vehicle using the proposed method.




2. Methodology

2.1 Complete ensemble empirical mode decomposition with adaptive noise (CEEMDAN)
The EMD algorithm is proposed by Huang et al. (1998), which decomposes the complex
original signal into a series of IMFs with different amplitude and a residual. Its essence is the
transition from nonlinear and non-stationary signals to linear and stationary.

The EEMD method can solve the modal aliasing of the EMD algorithm by adding
different white noises to the original sequence (Wu & Huang, 2009). However, the noise
sequence added by the EEMD method is not completely offset by a finite amount of
averaging. The size of the reconstructed error depends on the number of integration,
although it can be reduced gradually with the increase of the average number of iterations;
however, the computations increased the time consumption. CEEMDAN algorithm adds
finite adaptive white noise based on EEMD, and overcomes the problems of EEMD’s
incompleteness and reconstruction error after adding white noise (Torres, Colominas,
Schlotthauer, & Flandrin, 2011). Therefore, the CEEMDAN overcomes the mode mixing in
the EMD, and solves the problem of the EEMD, which is its incomplete decomposition and
low computational efficiency caused by increasing the number of integration to reduce the
reconstruction error.

The details of the algorithm for the mode component generated by the CEEMDAN
(recorded as IMF),) are as follows:

Step 1: Add white noise v/(f) with a standard normal distribution to the original signal S(t).
The signal for the ith to calculate the first modal component is represented as formula (1).

Sy (1) = S(1) + eoEy (VI(1)),i = 1,2, ..., L. )
where ¢ is signal-to-noise ratio, E| is the the first Intrinsic mode component generated through

the EMD algorithm, v () is the white noise sequence following standard normal distribution
added for the ith time

Step 2: The signals obtained in step 1 are subjected to EMD decomposition and the first
modal component is obtained, which is represented as formula (2).

1< l.
IMFy (1) = ; IMF (1) 2)
Step 3: In the first stage (k = 1), the first unique residual sequence is calculated:

ri(1) = S(1) — IMF, (1) 3)

Step 4: The new signals are constructed as Equation (4) for obtaining the mth modal
component.

Su'(t) = ruar (t) + €"'E, (VI(1)),i = 1,2, ..., 1. )

Step 5: The signals obtained in step 4 is subjected to EMD decomposition and the mth
modal component is obtained, which is represented as formula (5).

1
IMF,, (1) = ; > IMFi(1) (5)
i=1



Step 6: For each of the remaining stages (m = 2, . . ., n), calculate the mth residual sequence;
consistent with the calculation in step 3, calculate the mth mode components as follows:

Fn(t) = r1 () — IME,, (1) (6)

When the residual r,(¢) is monotony functions and cannot be decomposed by EMD, the
program terminates. The original signal can be represented as formula (7).

S@t) = Xn:IMFi +1,(1) @)
i=1

2.2 Short-Time Fourier Transform (STFT) and marginal spectrum

Short-time Fourier transform (STFT) is widely used to find the time-frequency representations
of local sections of time-varying signals using a time window function (Garrido, 2016). The
STFT of the input signal S(t) is represented as

STFT(t,f) = / ) S(r)w(r — t)e ™ dr ®)

—0o0

where w(t) is the window function, ¢ is the translation parameter, 7 represents time delay.
The calculation of marginal spectrum is based on formula (9)

MS(f) = ET: STFT(t,f) )

t=0

where T is the time scale of time series.

2.3 Permutation entropy (PE)
PE is used to measure the randomness and detect the dynamic changes of the time series (Kang,
Zhang, & Zhang, 2020). It is designed based on the comparison of the adjacent values in the
time series, and its definition and calculation steps are briefly summarizes as follows (Zheng,
Pan, Yang, & Cheng, 2018).

For a time series length N{x(k), k = 1, 2, .. ., N}, the m-dimensional vector at time i can be
constructed as

X" = {x(@),x(i +7),.c,x(i+ (m—1)7)},i=1,2,.,.N—(m— 1)z (10)

where X" is a new time series, m is the embedding dimension, and 7 is the time delay.
As described in article (Kang et al., 2020), the X!" has a permutation =, ,, ., when X"
satisfies the following condition

x(t+ror) £x(t+ 7)) < . Sx(t+ 1mi?) (11)

where 0<ry <m—1landr;#r;
It can be shown in formula (11) that a m-tuple vector has m! possible distributions. In
addition, the relative frequency of each distribution is defined as

Num{X"}

R TET

12)

where Num{X"} indicates the number of X7, and it is consistent with the type 7.
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Therefore, the PE with m dimensions can be described as formula (13).

N-(m-1)t

Hpelm) == 37 P()In(P(0) (13)

i

It should be noted that when P(i) = 1/m!, Hpg reaches the maximum value In(m!). The PE
values can be normalized through In(m!). as

Hypr(m) = Hpg(m)/In(m!) (14)

More specifically, the value of Hypx(m) is within the range from 0 to 1.

It can be seen that the smaller the Hypg value is, the more periodic and regular the time series
is. On the other hand, a larger Hypr value means that the time series is more irregular and
random. When the time series is white noise, the Hypr value is equal to 1. For the sine or cosine
signals, the value of Hypr equals 0. Therefore, PE can be applied to estimate the complexity
and dynamic changes of the signals.

3. Method for diagnoesing periodic hunting in turnout area

The design length of the 1/18 high-speed turnout is 69 m. To ensure that the partial vibration
characteristics of the high-speed train both before and after traversing the turnout are fully
captured and preserved, the lateral acceleration data extraction length for the vehicle body is
set to encompass a total of 229 m. This distance is broken down as follows: 80 m preceding the
turnout, the entire 69-m length of the turnout itself, and an additional 80 m beyond the turnout.
This comprehensive approach ensures that the vibration data is collected from a sufficient
distance before and after the turnout to analyze the train’s behavior through the transition (Qin,
Liu, Wang, & Sun, 2019; Xie et al., 2024).

3.1 Decomposed by CEEMDAN
Figure 1 (a) and (b) are the waveforms of the car body’s lateral acceleration for the hunting and
no hunting state in the turnout area.

Perform CEEMDAN on the above signals separately, and the results are shown in Figure 2.
From Figure 2 (a) and (b), the car body’s lateral acceleration of the hunting is decomposed into
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Figure 1. The carbody’s lateral acceleration
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Figure 2. The result of CEEMDAN

8 signal components, while the car body’s lateral acceleration of the no hunting is decomposed
into 9 signal components. This indicates that there is a significant difference in the frequency
composition of the two signals.

Table 1 shows the peak values and standard deviations of each signal component.

For the hunting, the maximum peak value is 0.05697 g, which is from IMF6; the maximum
standard deviation is 0.03158 g, which is also from IMF6. For the no hunting, the maximum
peak value is 0.02013 g, which is from IMF4; the maximum standard deviation is 0.00577 g,
which is from IMF5.

The signal component with the maximum peak is referred to as the first feature component,
and the signal component with the maximum standard deviation is referred to as the second



Table 1. The peak values and standard deviations of each signal component

Hunting No hunting
Signal component Peak value Standard deviations Peak value Standard deviations
imf 1 0.00029 0.00007 0.00047 0.00003
imf 2 0.00035 0.00012 0.00042 0.00007
imf 3 0.00092 0.00027 0.01337 0.00187
imf 4 0.00317 0.00119 0.02013 0.00379
imf 5 0.00502 0.00204 0.01903 0.00577
imf 6 0.05697 0.03158 0.01365 0.00463
imf 7 0.01068 0.00551 0.01038 0.00472
imf 8 0.00433 0.00285 0.00363 0.00228
imf 9 / / 0.00052 0.00054

Source(s): Authors’ own work

feature component. Analyze the quantitative relationship between them and the original signal
separately, and the results are shown in Table 2.

For the hunting, the ratio of the peak value of the first feature component to the peak value
of the original signal is 0.88, and the ratio of the standard deviation of the second feature
component to the standard deviation of the original signal is 0.85. For the no hunting, the ratio
of the peak value of the first feature component to the peak value of the original signal is 0.25,
and the ratio of the standard deviation of the second feature component to the standard
deviation of the original signal is 0.44. The ratio of the first and second feature components of
the hunting to the original signal is significantly higher than that of the no hunting.

Calculate the peak and standard deviation of the car body’s lateral acceleration of 40 sets of
hunting and 40 sets of no hunting. Perform CEEMDAN, obtain the first and second feature
components and calculate the ratio. The results are shown in Figure 3.

From Figure 3 (a), the peak ratio of hunting is greater than 0.7, but the peak ratio of no
hunting is less than 0.6. From Figure 3 (b), the standard deviation ratios of the hunting are all
greater than 0.7, with a minimum value of 0.73. The standard deviation ratios of the no hunting
are mostly less than 0.7, and a few sets have larger standard deviation ratios, reaching 0.75.
The peak distinguishes between hunting and no hunting more clearly.

3.2 STFT and marginal spectrum

Perform STFT on the first feature component obtained by CEEMDAN for the car body’s
lateral acceleration shown in Figure 1 (a) and solve for the marginal spectrum. The results are
shown in Figure 4, where (a) is the first feature component, (b) is the STFT time-frequency
map, and (c) is the marginal spectrum. In the time-frequency map obtained by STFT, the
energy exhibits a banded distribution parallel to the x-axis. This indicates that the signal has a
clear periodicity. The energy band is concentrated within the 2 Hz range, with the frequency at
the corresponding position of the maximum edge spectrum being 1.05 Hz and the maximum
edge spectrum value is close to 400 W/Hz.

Table 2. The relationship between the first/second feature components and the original signal

Type Index Original signal First/Second feature Ratio

Hunting Peak Value 0.06495 0.05697 0.88
Standard Deviations 0.03720 0.03158 0.85

No hunting Peak Value 0.08052 0.02013 0.25
Standard Deviations 0.01326 0.00577 0.44

Source(s): Authors’ own work
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Perform STFT on the first feature component obtained by CEEMDAN for the car body’s
lateral acceleration shown in Figure 1 (b) and solve for the marginal spectrum. The results are
shown in Figure 5, where (a) is the first feature component, (b) is the STFT time-frequency
map, and (c) is the marginal spectrum.

From Figure 5 (b) and (c), in the time-frequency map through STFT, the energy exhibits a
clear circular distribution in the range of 70-90 m and 120-135 m. This indicates that the
component contains multiple frequency components. The frequency corresponding to the
maximum edge spectrum position is 4.01 Hz, and the maximum edge spectrum value is less
than 2 W/Hz.

Perform SFTF on the car body’s lateral acceleration of 40 sets of hunting, statistical the
maximum marginal spectrum and its corresponding frequency. The result is shown in Figure 6.

From Figure 6 (a) and (b), in the hunting state, the continuous marginal spectral values are all
greater than 150 W/Hz and the corresponding frequency distribution is in the range of 1-2 Hz.

3.3 Diagnostic method
Based on the above analysis, we propose a periodic hunting diagnosis method for turnout
sections that combines CEEMDAN and STFT. The specific steps are as follows:
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Figure 5. The STFT of no hunting
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Figure 6. Maximum marginal spectrum and corresponding frequency of hunting

Step 1: Obtain the car body’s lateral acceleration in the turnout section;

Step 2: Perform CEEMDAN on the data;

Step 3: Determine the IMF with the highest peak as the first feature component;
Step 4: Perform STFT on the first feature component;

Step 5: Calculate the marginal spectrum;

Step 6: Extract the maximum marginal spectrum value and corresponding frequency.

If the maximum marginal spectrum value and corresponding frequency are consistent with the
hunting characteristics, it is determined that the high-speed EMUs have experienced hunting
when passing through the turnout.

4. The application of PE in rapid screening of hunting
This is a daunting task to analyze an extensive dataset, exceeding 100,000 entries, which has
been compiled from high-speed EMUs as they traverse through turnout areas.

If the proposed diagnostic method is directly applied, it will take a long time. In order to

save analysis time, a search method for possible hunting sections based on permutation
entropy has been proposed.

4.1 Amplitude and phase
When high-speed EMUs experience periodic hunting through turnouts, the car body’s lateral
acceleration exhibits obvious periodic characteristics. In this case, car body’s lateral
acceleration can be simply expressed as
A = asin(2zf Xt + 1) (15)

where a is the amplitude of the car body’s lateral acceleration, f is the frequency of periodic
hunting, t is the sampling time, and 7 is phase.

When collecting data for high-speed comprehensive inspection trains, it is completed

through spatial sampling. Therefore, there is a relationship between the sampling time t and the
sampling distance x as follows:
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16)

< | =

where v is the speed.

Now, four simulation signals have been established to discuss the influence of amplitude a
and phase 7 on the value of permutation entropy. The signals are shown in Figure 7 and the
description is shown in Table 3.

According to the calculation results of permutation entropy, the amplitude and phase values
do not affect the permutation entropy value.

4.2 Speed and frequency
According to the result in the previous section, the theoretical car body’s lateral acceleration
simulation signal constructed can be represented as

A:sin(Zﬂ Xfxivc) 17)

For formula (17), the simulation signal needs to consider the speed v and the frequency f.
At present, high-speed turnouts can be divided into two categories based on management
speed: 250 (excluding)-350 km/h management standard high-speed turnouts and 200-250km/
h management standard high-speed turnouts. Considering the actual speed of in-service EMUs
passing through turnouts, v is taken as 200 km/h, 250 km/h, and 300 km/h.
The lateral vibration frequency of high-speed EMUs passing through turnouts is influenced
by multiple factors such as wheel load transition state and high-speed train model coupling.
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2 -
20 /
) V \/
-1
-2
_3 A . . . )
0 50 100 150 200 250

Location/m

Source(s): Authors’ own work

Figure 7. Simulated signals with different amplitudes and phases

Table 3. Signal description

Name a T Description PE

Original signal 1 0 / 0.7429
Comparison signal 1 2 0 Different amplitudes and same phase 0.7429
Comparison signal 2 -1 0 Different amplitudes and phases 0.7429
Comparison signal 3 1 z/2 Same amplitude but different phases 0.7429

Source(s): Authors’ own work




There are differences when different high-speed trains pass through different turnout sections.
Considering that the lateral vibration frequency is relatively small and generally distributed in
the range of 1-2 Hz, fis taken as 1.0 Hz, 1.5 Hz and 2.0 Hz.

Figure 8 shows the simulated signals with the same speed but different frequencies, and
with the same frequency at different speeds.

According to Figure 8 (a), at the same speed, the higher the frequency, the longer the
vibration period of the vibration signal measured by distance at the same distance, and the
fewer vibration waves it contains. According to Figure 8 (b), at the same frequency, the higher
the speed, the longer the vibration period of the vibration signal measured by distance at the
same distance, and the fewer vibration waves it contains.

Calculate the permutation entropy values for the 9 simulated signals mentioned above, and
the results are shown in Table 4.

According to the calculation results, when the frequency is constant, the higher the
operating speed, the smaller the value of permutation entropy. When the speed is constant, the
higher the frequency, the smaller the value of permutation entropy.

In order to analyze the relationship between permutation entropy and speed, as well as
permutation entropy and frequency, multiple simulation signals were established for
calculation, and the results are shown in Figure 9. From Figure 9 (a), the maximum value of
permutation entropy is 0.7929, corresponding to a frequency of 1.9 Hz; The minimum value
of permutation entropy is 0.7429, corresponding to a frequency of 1.0 Hz. At the same
speed, as the frequency increases, the overall arrangement entropy value shows a upward
trend. There is a significant linear positive correlation between the permutation entropy
value and the frequency. The figure shows the linear fitting results for all points except

w

200 km/h & 1 Hz

3
200kmh & 1.0Hz | | | 250 km/h & 1 Hz
————— 200 km/h & 1.5 Hz 2t 300 kmv/h & 1 Hz
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Source(s): Authors’ own work

Figure 8. Simulated signals with different speeds and frequencies

Table 4. The permutation entropy of signals with different speeds and frequencies

fiv 200 km/h 250 km/h 300 km/h
1.0 Hz 0.7429 0.7413 0.7226
1.5Hz 0.7627 0.7533 0.7429
2.0Hz 0.7806 0.7774 0.7665

Source(s): Authors’ own work
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Figure 9. The permutation entropy of simulated signals with different speeds and frequencies

2.00 Hz, with R? of 0.9307 and RSME of 0.012. From Figure 9 (b), the maximum value of
permutation entropy is 0.7480 and corresponding speed of 210 km/h. The minimum value
of permutation entropy is 0.7226 and corresponding speed of 300 km/h. At the same
frequency, as the speed increases, the overall arrangement entropy value shows a downward
trend. The figure shows the fitting results of a 7th degree polynomial, with the R? is 0.9831
and the RMSE is 0.0028.

4.3 Permutation entropy parameter
4.3.1 Embedding dimension. Table 5 shows the time taken to calculate the permutation entropy
for the same length signal at the same time delay and different embedding dimension.

As the value of m increases, the calculation time of permutation entropy also increases.
When m is less than 5, the calculation response time is around ten milliseconds; when m = 5,
the calculated response time increases fourfold, reaching 40 milliseconds; when m = 6, the
calculated response time increases by nearly four times, reaching 140 milliseconds; when
m = 7, the calculated response time increases by more than 7 times, approaching 1 second,;
when m = 8, the calculation time exceeds 7 seconds; when m = 9, the calculation time exceeds
1 minute; when m = 10, the calculation time exceeds 10 minutes.

Figure 10 shows the permutation entropy of simulated signals at different embedding
dimensions with the same time delay.

From Figure 10 (a) and (b), As m increases, the permutation entropy of simulated signals at
the same speed but different frequencies, as well as simulated signals at the same frequency but
different speeds, all increase linearly. The larger the value of m, the more significant the
difference between different periodic signals. In contrast, periodic signals with different
frequencies and the same speed are more sensitive to the value of m than periodic signals with
different speeds and the same frequency.

Table 5. Calculation time corresponding to different m

m 3 4 5 6 7 8 9 10

Time/s 0.0140 0.0183 0.0443 0.1482 0.9246 7.1649 64.6325 664.9731
Source(s): Authors’ own work
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Figure 10. The permutation entropy of simulated signals under different m values

Table 6 shows the theoretical maximum permutation entropy and 250 km/h&1 Hz
permutation entropy corresponding to different m. The value of periodic signal permutation
entropy is small.

Table 6. Theoretical maximum PE and 250 km/h&1 Hz PE corresponding to different m

m 3 4 5 6 7 8 9 10
Maximum PE 1.0986 1.3863 1.6094 1.7918 1.9459 2.079 2.1972 2.3026
250km/h&1Hz PE 0.7413 0.7913 0.8413 0.8914 0.9415 0.9916 1.0418 1.0920
Ratio 0.67 0.57 0.52 0.50 0.48 0.48 0.47 0.47

Source(s): Authors’ own work

4.3.2 Time delay. Table 7 shows the time it takes to calculate the permutation entropy of the
same length signal under the same embedding dimension and different time delays.
The efficiency is roughly the same under different time delays.

Figure 11 shows the permutation entropy of simulated signals at different time delays with
the same embedding dimension.

From Figure 11 (a) and (b), as 7 increases, the permutation entropy of simulated signals
with the same speed but different frequencies, as well as analog signals with the same
frequency but different speeds, increases approximately linearly. There are differences
between signals of different periods under different = values, but they are not significant.
In contrast, periodic signals with different frequencies and the same speed are more sensitive to
the value of 7 than periodic signals with different speeds but the same frequency.

Table 7. Calculation time corresponding to different =
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T 1 2 3 4 5 6

Time/s 0.1461 0.1447 0.1425 0.1418 0.1407 0.1403
Source(s): Authors’ own work




16

221 2
—®— 250 km/h & 1.0 Hz —®— 200 km/h & 1.5 Hz
—8— 250 km/h & 1.5 Hz ® 250 km/h & 1.5 Hz
2t 250 km/h & 2.0 Hz 1.8 300 km/h & 1.5 Hz /‘
~18F 5
f=9 o P
5 sl .
= =
2 ol
E 1
£ E
5 51
-9 (-9
o.xl
1 2 3 4 5 6
T Value T Value
Same speed but different frequencies Same frequency but different speeds
(a) (b)

Source(s): Authors’ own work

Figure 11. The permutation entropy of simulated signals under different = values

4.4 The rapid screening method based on PE
The above analysis indicates that periodic signals have lower permutation entropy due to
their lower degree of chaos. Therefore, permutation entropy can be used to represent the
degree of chaos in the car body’s lateral acceleration signal, indirectly reflecting its periodic
strength. Considering that the application of permutation entropy in diagnosis is aimed at
screening possible problem segments, based on the discussion of key parameters and fully
considering computational efficiency, take m = 3 and r = 1. On this basis, the entropy of the
lateral acceleration arrangement of 40 sets of hunting and no hunting was analyzed, and the
result is shown in Figure 12. The permutation entropy used for analysis of hunting is less
than 0.85, and the permutation entropy used for analysis of no hunting is greater than 0.90.
Therefore, before conducting diagnosis, the permutation entropy of the car body’s lateral
acceleration can be calculated first. If the permutation entropy is less than 0.90, it is judged
that there may be a problem, and then diagnosis can be carried out with the method
proposed.

This operation can significantly improve computational efficiency. Table 8 shows the
calculation time of permutation entropy and the diagnostic method proposed. The diagnostic
time is 380 times that of calculating Permutation Entropy.
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Figure 12. The permutation entropy of hunting and no hunting



Table 8. Calculation time for an acceleration sequence

Name Calculation time
Permutation entropy 0.0140 s
Diagnostic method proposed 5.3243 s

Source(s): Authors’ own work

5. Experimental validation

A certain CRH2A high-speed EMUs passed through various turnouts and a total of 8,011
pieces of car body’s lateral acceleration data were collected in 2023. The analysis results are
shown in Table 9. Applying PE < 0.90 to search for possible hunting, 446 pieces of data were
determined to be potentially hunting. Using diagnostic methods, the car body’s lateral
acceleration corresponding to 21 turnouts was determined as hunting. The hunting rate
is 0.26%.

The permutation entropy of the data shown in Figure 13 is 0.83, suggesting a potential
hunting section. However, upon examining the original waveform, it is observed that the
high-speed train did not undergo continuous hunting when passing through the turnout.

After performing CEEMDAN, the first feature component is extracted, as shown in
Figure 14 (a). Following this, STFT is applied to obtain the marginal spectrum, and the result is
shown in Figure 14 (b) and (c). The maximum marginal spectrum value is 26 W/Hz,
corresponding to a frequency of 1.35 Hz, which is notably lower than the range of marginal
spectral values associated with continuous hunting of the vehicle body. Consequently, the
hunting did not occur.

Table 9. Calculation time for an acceleration sequence

Name Number
All data 8,011
Possible hunting by PE 446
Hunting by diagnostic methods proposed 21

Source(s): Authors’ own work
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Figure 13. Data judged as possible hunting
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Figure 14. The STFT results of data

6. Conclusion

In this paper, we selected typical representatives of hunting and no hunting when the trains
pass through the turnout area. Based on the CEEMDAN results, the IMF with the highest peak
value was taken as the research object, and the time-frequency characteristics were analyzed
using STFT, which showed that: for hunting, the ratio of the maximum peak value of the signal
component to the original signal peak value exceeded 0.7, and there was an energy band in the
STFT time-frequency map, which corresponds to a frequency distribution range of 1-2 Hz; for
no hunting, the ratio of the maximum peak value of the signal component to the original signal
peak value was less than 0.7. The selected typical no hunting data’s STFT time-frequency plot
showed a circular distribution of energy, with the maximum marginal spectrum corresponding
to a frequency of 4.01 Hz.

Based on these data features, we proposed a hunting diagnosis method in turnout area that
combined CEEMDAN and STFT. In order to further improve computational efficiency, we
discussed the possibility of PE in screening potential problems. By establishing simulation
signals, it was found that for periodic signals of the same frequency, the PE corresponding to
different amplitudes and phases was the same; periodic signals of different frequencies had



differences in PE; as the embedding dimension m increases, the PE calculation time increased Railway Sciences

rapidly; the PE calculation time was not sensitive to the value of time delay . Considering the
computational efficiency of extracting suspicious hunting, took m = 3 and t = 1. At this point,
the permutation entropy of hunting used for analysis was less than 0.85 and the permutation
entropy of hunting without hunting used for analysis was greater than 0.9. Thus, a PE value of
0.90 can be used as the judgment criterion to determine the possibility of hunting. At this point,
each PE calculation took only 0.0140 s, which was 1/380 of the proposed diagnostic method’s
5.3243 s. Finally, the rapid diagnostic method was applied to analyze the hunting of the
CRH2A high-speed EMUs in the turnout section in 2023, which showed a hunting rate of
0.20%. In further analysis, we will attempt to investigate the causes of this hunting.There are
three points worthy of further study: (1) By collecting and analyzing data from different types
of high-speed trains, the aim should be to understand the differences in the hunting of the car
body when passing through turnouts for different types of high-speed trains. (2) The change in
wheel tread state will affect the equivalent taper between the wheel and rail, which in turn will
affect the lateral stability of the vehicle system. In the future, the relationship between the
hunting of the car body and the mileage of the wheels should be quantitatively analyzed. (3)
The mechanism of hunting when a high-speed train passes through a turnout has not been
conclusively determined, so the next step should be to explore this in conjunction with vehicle
system dynamics.
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