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Abstract: Vibration signals induced by high-speed railway trains on the surface above
shallow-buried tunnels exhibit strong non-stationarity and high background noise due to the
coupling of tunnel dynamic response and environmental noise. Traditional signal processing
methods struggle to extract key wheel-rail vibration components accurately. To solve this
issue, this study proposes an adaptive parameter optimization method for variational mode
decomposition (VMD), termed SE-SSA-VMD, based on sample entropy (SE) and the sparrow
search algorithm (SSA). By intelligently optimizing the mode number K and penalty factor
a, the method improves decomposition objectivity and anti-noise robustness. Simulation
results confirm that the method achieves accurate effective mode separation with an average
center frequency error below 0.2 Hz at a signal-to-noise ratio of 5 dB. Measured data
indicate that vibration energy is mainly concentrated in 35-60 Hz with a Gaussian unimodal
distribution, and the adjusted R? of over 95% measuring points exceeds 0.8. Higher train speed
significantly increases vertical vibration energy, while longer marshalling mainly strengthens
lateral vibration energy; both cause a downward shift of the dominant frequency. Far-field
vibration energy does not decay monotonically and shows slight local fluctuations, but remains
at a low level owing to strong energy dissipation of overlying artificial fill, regardless of initial
speed and near-field energy. This work provides an effective approach and theoretical support
for vibration assessment and mitigation design in shallow-buried high-speed railway tunnel

sections.

Keywords: shallow-buried tunnel; high-speed railway train vibration signal; energy-
frequency characteristic; variational mode decomposition; parameter adaptation;

energy attenuation

1. Introduction

The rapid development of high-speed railways has greatly improved transportation
efficiency, but it has also caused widespread vibration impacts along railway corridors.
This long-term vibration not only affects the living environment of surrounding
residents but also reduces the service safety performance of structures [ 1-3]. Therefore,
clarifying the excitation mechanism and propagation characteristics of such vibrations
is a prerequisite for engineering scientific issues such as environmental vibration impact
prediction, assessment, control, and site detection of high-speed railways. Affected by

environmental factors, the high-speed railway train vibration signals collected on-site
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are usually accompanied by a certain degree of noise. The main sources of this noise
include two aspects: one is the noise sources around the collection location, such
as residential areas, factories, and vehicles; the other is the engineering structures
around the collection location that are prone to continuous dynamic responses, such
as long tunnels and large-span buildings. Relevant studies have shown that, compared
with the subgrade site of bridge lines, the overlying surface of shallow-buried tunnels
has a significant increase in noise content by more than 30% due to the continuous
dynamic response of the tunnel structure (long-span, closed space), leading to deep
superposition of noise and train vibration signals [4, 5]. Under such a high-noise
environment, the effective components of vibration signals (such as the main frequency
band of 30-60 Hz reflecting wheel-rail interaction) are easily interfered with or masked.
Khan and Dasaka [6] investigated the characteristics of ground vibration induced by
high-speed trains and clarified that railway vibration propagating in the stratum is
transmitted to adjacent buildings through the railway embankment and underlying
supporting ground. Li et al. [7] studied the dynamic response and vibration impact
of the Probhutaratna pagoda in the suburbs of Beijing under train-induced excitation.
Lei et al. [8] investigated the vibration characteristics of subway turnout areas during
train deceleration, processing vibration signals via wavelet analysis and the 2D kernel
density algorithm, and establishing a multi-scale vehicle-turnout-tunnel-soil coupled
vibration model verified with test data. Yi et al. [9] analyzed the characteristics of
vibration source intensity in turnout zones as well as the practical vibration reduction
performance of different vibration mitigation measures. Therefore, effective noise
reduction and feature extraction of vibration signals are the reliability guarantee for
subsequent vibration impact assessment and vibration reduction measure design.
Currently, there are obvious limitations in the processing and feature extraction
methods of high-speed railway train vibration signals on the overlying surface of
shallow-buried tunnels. In terms of time-frequency analysis technology, methods
such as the Short-Time Fourier Transform (STFT) [10] and the Synchrosqueezed
Wavelet Transform (SWT) [11] can initially extract the energy-frequency information
of signals. However, STFT is limited by the selection of fixed window length.
If the window length is too short, it is impossible to separate high-frequency
noise from effective modes; if the window length is too long, the time-domain
resolution will decrease, making it impossible to accurately reflect the transient
characteristics of signals. Although SWT improves time-frequency aggregation
through rearrangement technology, it is affected by instantaneous frequency
estimation errors and interference points during the rearrangement process, which
may easily misjudge the resonance noise of the tunnel structure as effective vibration
components. Mode decomposition technology can decompose complex vibration
signals into sub-modes with single-frequency characteristics, realizing deep separation
of noise and effective components. Empirical Mode Decomposition (EMD) [12,13]
and Empirical Wavelet Transform (EWT) [14] are widely used technical methods.
However, considering the actual characteristics of signals on the overlying surface of
shallow-buried tunnels, both still have obvious adaptation defects. Although EMD can
adaptively decompose signals, it is prone to mode mixing under the influence of signal
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non-stationarity, and the end effect will further aggravate the decomposition deviation.
EWT is affected by the uneven distribution of signal spectrum amplitude, which
may easily lead to sparse segmentation of the effective frequency band of vibration
signals and fail to completely retain the core modes of wheel-rail vibration. To
address the shortcomings of the above mode decomposition methods, Dragomiretskiy
and Zosso [15] proposed Variational Mode Decomposition (VMD) based on the
principle of EMD. This method constructs a variational analysis model centered on
signal frequency information and has stronger noise robustness [16]. Considering
that the decomposition effect of VMD is highly dependent on the selection of the
number of modes K and penalty factor a, relevant scholars have successively proposed
methods such as the center frequency observation method [17,18], index construction
optimization [19], and Particle Swarm Optimization (PSO) [20-22] to realize the
optimal selection of the number of VMD modes, and combined traditional indicators
such as Sample Entropy (SE) and Envelope Entropy (EE) as the core fitness functions
for parameter optimization.

In summary, existing methods such as PSO-VMD can mitigate the subjectivity of
manual selection of VMD parameters to a certain extent. However, relevant literature
indicates that their optimization results are still susceptible to the initial particle
distribution and local extremum. In contrast, the Sparrow Search Algorithm (SSA)
possesses superior performance in global search capability, convergence stability,
and the ability to escape local optima. Sample Entropy (SE) can characterize the
variations in complexity and self-similarity of non-stationary signals, making it suitable
as an evaluation indicator for the decomposition quality of noisy vibration signals.
On this basis, this paper proposes an adaptive VMD parameter optimization method
integrating Sample Entropy (SE) and the Sparrow Search Algorithm (SSA), termed
SE-SSA-VMD. The method jointly determines the mode number K and penalty factor
o of VMD, so as to achieve accurate separation of key components such as wheel-rail
interaction from high-speed railway vibration signals. Furthermore, combined with
on-site monitoring tests, the energy-frequency distribution characteristics of vibration
signals under different train speeds and marshalling conditions and their attenuation
laws during propagation are systematically analyzed. The prominent innovations
of this paper are as follows: taking sample entropy as the fitness function, using
the sparrow search algorithm to perform global automatic optimization of the key
parameters of VMD, which effectively overcomes the human dependence and mode
mixing problems in traditional methods, and improves the objectivity and reliability of
extracting effective wheel-rail vibration components from a strong noise background.
For the first time, the coupling influence mechanism of speed and marshalling on the
vibration energy frequency and propagation law of the shallow-buried tunnel surface is
quantitatively revealed. It is clarified that increasing speed mainly sharply increases
vertical vibration energy, while increasing marshalling mainly strengthens lateral
vibration energy. It is also found that both lead to a shift of the main vibration frequency
to lower frequencies, and the far-field energy is sharply attenuated due to the dominant
effect of strong dissipation of the overlying soil. The research results can provide a
reference for the processing of field vibration monitoring data in shallow-buried tunnel
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sections, the evaluation of key frequency bands in sensitive areas, and the selection of

target frequency bands for vibration reduction measures.

2. VMD and parameter adaptive optimization

2.1. Principle of VMD

VMD is a fully non-recursive signal decomposition method with an adaptive
solution. It converts mode estimation into a variational problem, and then finds
the optimal solution of the constrained variational model through iterative search.
Its function is to decompose the real-valued input signal f into a finite number of
sub-signals u;, and each mode has its own center frequency wy.

First, the mode function is defined as an amplitude-modulated and frequency-
modulated signal, expressed as Equation (1) [15]:

uy(t) = Ag(t) cos (px(t)) )

Where, uy(t) is the sub-signal after VMD decomposition; Ax(?) is the instantaneous
amplitude of the sub-signal, A;(¢) > 0; ¢x(¢) is the instantaneous phase of the sub-signal,
which is a non-decreasing function, ¢ x(¢) > 0; wx(¢) = ¢"(?) is the center frequency of
the sub-signal.

Then, the Hilbert transform is performed on the mode u, the transformed spectrum
is shifted to the baseband according to the estimated center frequency, and the square
of the L2 norm of its gradient is taken to estimate the bandwidth, thereby establishing
a constrained variational model. To ensure the convergence of the model and the
strict implementation of constraints, a penalty factor o and a Lagrange multiplier
A are introduced to reconstruct the original constrained variational problem into
an unconstrained variational problem. The expression of the augmented Lagrange

function £ is shown in Equation (2) [15]:

L({u} {un, A) =
o]0 [66) + £) e )] x e 4150 - w2 @
@), F(H) = Ty up(t))

Where, {u;} = {u, ..., ux} represents the set of all modes; {w;} = {w1, ..., Wi}
represents the center frequency corresponding to each mode; J(¢) is the Dirac function;
* is the convolution symbol; f(¢) is the real-valued input signal; the constraint condition
is that the sum of each mode is equal to the input signal; « is the penalty factor; A(¢) is
the Lagrange multiplier.

By solving the optimal solution of the above variational model, i.e., the saddle
point of the augmented Lagrange function £, the mode u;, can be obtained as shown in
Equation (3) [15]:

_ )~ S i) + 22

Fow) 14 2a(w — w)? ®)
Where, @} (w), f(w), Ui(w), M(w) are the Fourier transforms of upti(t), f(1),
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u;(t), A(t) respectively; n is the iteration step. By performing the inverse Fourier
transform on the obtained %y (w) and taking its real part, the time-domain mode u(¢) is

obtained.

2.2. Sparrow search algorithm (SSA)
The number of modes K and the penalty factor o in VMD dominate the result of

signal decomposition. The number of modes K determines the number of modes obtained
by decomposition. A K value that is too small leads to insufficient signal decomposition
and failure to obtain effective components of the signal; whereas a K value that is too
large causes over-decomposition and is prone to mode mixing. The penalty factor a is
inversely proportional to the bandwidth of the mode component. An inappropriate value
may also cause mode mixing in signal decomposition or even failure to complete the
signal decomposition process. Since the number of modes and the penalty factor jointly
affect the signal decomposition result during the variational mode decomposition process,
they need to be optimized together during parameter optimization.

To reduce the influence of human experience on parameter determination during
parameter optimization and improve adaptive capacity, SSA is selected for VMD
parameter optimization.

SSA is an intelligent optimization algorithm proposed by Xue and Shen [23] that
simulates the population behavior and individual behavior of sparrow groups in nature
during foraging and avoiding natural enemies.

In the SSA, discoverers with high energy occupy a favorable position for feeding
and foraging, can obtain food first, and have a wider sensing range for food-rich areas
compared with followers. During the position update iteration process, the position of
the discoverer is shown in Equation (4):

e Xijexp(_iﬂ-itérmax) Ry < ST @
v Xij + QL Ry > ST

Where, T represents the current iteration number; iterm,x represents the maximum
number of iterations; Xj; represents the position information of the i-th sparrow in the
Jj-th dimension; § € (0,1] represents a random number; R, represents the early warning
value, with a value range of [0,1]; ST represents the safety value, with a value range of
[0.5,1]; O represents a random number following a normal distribution; L represents a
1 x d matrix with all elements being 1.

For followers, when a follower finds that the discoverer it follows has found a new
foraging ground, it will immediately leave its current position to compete for food at
that location. The position of the follower is shown in Equation (5):

t
R I o ®
X5+ 1X — X5 |LAT i <

3 I3

Where, Xp represents the best position of the discoverer in the current population;
Xworst represents the worst position of the follower in the current population; 4 isa 1 x

d matrix with elements randomly assigned to 1 or —1, and 4™ = 47(447)7!.
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While the sparrow group is foraging, some individuals will take on the
responsibility of vigilance. When an individual in the population detects danger and
issues an alarm, the individuals in the population will move to a safe position. The

position update is shown in Equation (6):

X‘tt)est + 5|ij - Xtt)est‘ fz > fb

t+1
L] = Xq,’t’_X\?vorst (6)
? Xij +r( |(fij—fw)+>5|7)LA+ fi=Tv

Where, Xyt represents the best feeding position at the current location; f
represents the step size control parameter, a random number following a normal
distribution with a mean of 0 and a variance of 1; x is a random number in the range of
[-1,1], representing the moving direction; f; represents the fitness value of the current
sparrow individual; f, represents the worst fitness value in the current population; f%
represents the best fitness value in the current population; ¢ represents a constant to

avoid division by zero.

2.3. Sample entropy

In SSA, itis necessary to construct an individual fitness function. In signal analysis
and processing, Sample Entropy (SE) can clearly reflect the complexity of time series.
The sample entropy of a time series is proportional to its complexity and inversely
proportional to its self-similarity. Therefore, sample entropy is used as the fitness
function of the SSA algorithm.

For a time series X = [x1, x, x3, ..., xN] composed of N data points, two similar
sequences of length m, and a similarity tolerance r, the calculation process of sample
entropy is as follows:

(1) The original time series X is sorted in a certain order to obtain a vector of
dimension m, as shown in Equation (7):

2 = [z™(1), -, 2" (k), 2™ (m)],1<i<N-—m+1 (7

1

Where, x7"(k) = x(i + k + 1), and m is the embedding dimension.
(2) Calculate the relative distance between vectors z;" and z7", as shown in
Equation (8):

d [z, 2] = mazx (|2 (k) — 2T (k)]), k=1, ,m ®)

(3) Forany i value, calculate the Chebyshev distance between vector x}"* and the other
vectors :c;"; count the number of d; less than r and denote it as B;, then calculate
the average value B"(r) of B]"(r), as shown in Equation (9). Repeat the above
steps to obtain B! (r):

m 1 N—m+1 Bz
B (T)_N—m+1zz’=1 N-—m ©)



Sound & Vibration 2026, 60(4), 4256.

(4) The sample entropy expression of the time series is shown in Equation (10):

Bm+1(7‘):| (10)

SE(m,T, N) = —ln |:B7n(7")
Sample entropy is affected by the embedding dimension m and similarity tolerance
r [24]. Usually, m = 2 and r = (0.1-0.25)J, are set, where J, is the standard

deviation of the original data.

Combining the algorithms in the above 3 sections, taking sample entropy as
the fitness function, the sparrow search algorithm is used to optimize the parameter
values of variational mode decomposition, realizing the parameter adaptive solution
of vibration signal variational mode decomposition, and forming the SE-SSA-VMD
parameter adaptive variational mode decomposition method for vibration signals. The

decomposition process is shown in Figure 1.

Input wibration signal titne series

v

Determine the initial values of the 354 pammeters: |

population size, discoverer ratio and security value, |
¥
| Setrange for model K and penalty o |
v
| Calculate 554 fitness function: sample entropy SE | Retmove
noise
- dgnals /
| Output optirnal model K and penalty a l Reconsiruc
v wibration
| VMDD decormposition | signals
* A

| Output components and center frequencies |

Moise component 7

N
Chutput paratneters and results

End

Figure 1. SE-SSA-VMD parameter adaptive decomposition process.

2.4. VMD parameter adaptation
2.4.1. Principle of correlation coefficient

The mode components after VMD decomposition include noise components and
useful signal components. To solve this problem, this study constructs a component
selection criterion based on the correlation coefficient, aiming to accurately separate
and retain effective signal components by quantitatively analyzing the correlation
between each mode component and the original signal, i.e., the correlation coefficient

C;. The expression is shown in Equation (11):

Y(ei—8)(¢—9)
Y-8’y (p—p)

Where, ¢; is each mode component obtained by decomposition; ¢ is the original

(11)

P =

input signal; ; is the average value of the mode component; ¢ is the average value of

7
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the original input signal.
The calculation formula of the threshold C;, is shown in Equation (12):

Emax
= _max 12
T 10emax—5 (12)

Where, gnax 1s the maximum value of the mode component correlation coefficient.
2.4.2. Analog signal simulation and verification

To verify the effectiveness of SE-SSA optimization, an analog signal of high-speed
railway train wheel-rail force composed of superposed harmonic waves with different
frequencies is constructed for verification. The simulation formula of the high-speed

railway train wheel-rail force signal is shown in Equation (13) [25]:
F(t) = ki1ko (Fo + Fisin wit + Fysin wat + F3sin wst) (13)

Taking the wheel-rail signal generated by the CRH380BG high-speed train
running at 300 km/h as an example, k1 = 1.538, ky = 0.7; @w; = 16.677, w, = 83.33x,
w3 =333.327. Fo=70kN, F| =3.5w2, F2 = 2w;%, F3 = 0.5w3? [25]. The sampling
frequency fs of the analog signal is 1,000 Hz, and the signal duration t is set to 4 s.
The time-domain and frequency-domain diagrams of the analog signal are shown in
Figure 2a,b. The high-speed railway train vibration signals in actual scenarios are
also mixed with noise signals. To make the analog signal close to the real collected
signal, a set of Gaussian white noise with a signal-to-noise ratio of 7 dB is randomly
added to the analog signal to construct a noisy analog signal. The time-domain and

frequency-domain diagrams of the noisy signal are shown in Figure 2¢,d.
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(a) Time-domain diagram of a pure signal (b) Frequency-domain diagram of a pure signal
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Figure 2. Time- and frequency-domain representations of the signal.
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The search ranges of K and a in this paper are determined according to the
frequency composition of simulated signals, the physical implications of VMD
parameters, and preliminary calculation results. For the simulated signal, the theoretical
signal consists of three dominant frequency components; thus, the lower bound of
K is set to 3. Considering that additional noise modes may be generated after noise
addition and avoiding excessive decomposition, the upper bound of X is set to 15. The
penalty factor o controls the bandwidth of each mode. An excessively small o tends
to cause an overly wide mode frequency band and subsequent mode mixing, while
an excessively large a may lead to mode splitting and the loss of broadband transient
features of train-induced vibration signals. Accordingly, its range is set to 100-5,000
based on preliminary trial calculations. For measured high-speed railway vibration
signals, their frequency components and noise background are more complex, so the
search ranges of K and a are appropriately expanded to improve the adaptability of
parameter optimization.

The SE-SSA-VMD optimization parameters of the analog signal are shown in
Table 1. The optimal number of modes K and penalty factor o searched by SE-SSA are
13 and 3,686, respectively. These parameters are selected to perform SE-SSA-VMD

on the analog signal with noise, and the result is shown in Figure 3a.

Table 1. SE-SSA-VMD parameters of the analog signal.

Number of sparrow population, Proportion of discoverers ratio, Safety value, Range of mode number, Range of penalty factor,
n PD ST K a
30 0.3 0.7 [3.15] [100,5,000]
3 7
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(a) SE-SSA-VMD of an analog signal with noise

Figure 3. Cont.
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Figure 3. Signal SE-SSA-VMD.

According to the correlation coefficient and threshold determination formula,
noise components and useful components can be distinguished, as shown in Table 2.
The noise components are discarded, and the useful components are reconstructed to
obtain the denoised high-speed railway train vibration signal. Then, SE-SSA-VMD
decomposition is performed on the reconstructed high-speed railway train vibration

signal again.

Table 2. The correlation coefficient between each mode component and the original signal.

IMF C; Cy Usefulness or not
1 0.1325 0.244 NO
2 0.1462 0.244 NO
3 0.1672 0.244 NO
4 0.1558 0.244 NO
5 0.1867 0.244 NO
6 0.1595 0.244 NO
7 0.1778 0.244 NO
8 0.8472 0.244 YES
9 0.1985 0.244 NO
10 0.2143 0.244 NO
11 0.1971 0.244 NO
12 0.5567 0.244 YES
13 0.4528 0.244 YES

It can be known from Equation (12) that the threshold is 0.244. The correlation
coefficients of IMFS, IMF12, and IMF13 are greater than the threshold, which are
useful components; the correlation coefficients of IMF1-IMF7 and IMF9—-IMF11 are
less than the threshold, which are noise components and are discarded.

The center frequencies of each useful mode of the adaptive decomposition of the
analog signal are /| = 166.83 Hz, f, = 41.76 Hz, f3 = 8.3 Hz, shown in Figure 3b.
The center frequencies of the mode components are basically consistent with the main
frequencies of each part of the analog signal, and no other frequency modes appear. It
indicates that the VMD parameters determined by SE-SSA can accurately decompose

the analog signal with noise, and the method is effective.

10
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To further verify the decomposition performance of the SE-SSA-VMD method,
decomposition results of EMD, EWT, PSO-VMD, and SE-SSA-VMD are compared
under the same simulated signal condition with 7 dB Gaussian white noise. The center
frequency of each effective mode for all methods is determined by the spectral peak of
the corresponding mode. The center frequency error and mode mixing are adopted as

evaluation indices, and the results are listed in Table 3.

Table 3. Comparison of decomposition results of different methods for the simulated signal
with 7 dB noise.

Method Identified center Identified center Identified center Average center Maximum center Mode mixing
frequency 1/Hz frequency 2/Hz frequency 3/Hz frequency error/Hz frequency error/Hz condition
EMD 168.12 43.02 8.92 1.13 1.46 Quite obvious
EWT 165.91 40.84 8.76 0.67 0.83 Certain extent
PSO-VMD 166.97 41.95 8.46 0.24 0.31 Not obvious
SE-SSA-VMD 166.83 41.76 8.30 0.10 0.17 Not obvious
It can be seen from Table 3 that EMD and EWT suffer from obvious mode mixing
or inadequate separation of effective frequency components under noisy conditions.
PSO-VMD can mitigate the problem of manual parameter selection, yet its center
frequency error is still slightly higher than that of SE-SSA-VMD. In comparison,
the center frequencies of effective modes identified by SE-SSA-VMD are much
closer to the theoretical values, indicating that the proposed method achieves superior
decomposition accuracy and noise immunity.
2.4.3. Stability verification under different signal-to-noise ratios
To further verify the decomposition stability of the SE-SSA-VMD method under
different noise levels, Gaussian white noise with different signal-to-noise ratios (SNRs)
was added to the original wheel-rail force simulated signals. Analysis was then carried
out following the same parameter optimization and mode decomposition procedures.
The center frequencies of effective modes and their relative errors were adopted as
evaluation indicators, and the results are presented in Table 4.
Table 4. Decomposition results of SE-SSA-VMD under different SNR conditions.
SNR/dB Identify the center  Identify the center  Identify the center Average center Maximum center Effective mode
frequency 1/Hz frequency 2/Hz frequency 3/Hz frequency error/Hz frequency error/Hz identification status
5 166.91 41.89 8.23 0.19 0.25 Full Recognition
7 166.83 41.76 8.30 0.10 0.17 Full Recognition
10 166.73 41.70 8.32 0.03 0.07 Full Recognition
15 166.69 41.68 8.33 0.01 0.03 Full Recognition

It can be observed from Table 4 that SE-SSA-VMD can accurately identify the
main frequency components of simulated signals under various SNR conditions, with
overall small center frequency errors. No obvious loss of effective modes or severe
mode aliasing occurs, which demonstrates that the proposed method possesses excellent

decomposition stability and noise immunity under different noise levels.

11
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3. Monitoring and adaptive decomposition of high-speed railway
train vibration signals

3.1. High-speed railway train vibration signal monitoring test

The overlying surface of the Koumo Tunnel on China's Beijing-Harbin
High-Speed Railway is selected for the vibration monitoring test. The Koumo Tunnel
has a total length of 2.47 km, which is currently the longest cut-and-cover tunnel in
China. The test site is located at DK541 + 235 of the tunnel. This section of the
tunnel is a frame-type lining structure, and the overlying soil of the lining is mainly
artificial fill. The test uses the Atenna-4.22 microseismometer for observation and data
collection, which mainly includes a microseismic data collector, a gain amplifier, a
three-component microseismic sensor, a power controller, a GPS antenna, and a Wi-Fi
antenna. The maximum measurement range is 0.5 mm/s, the flat response frequency
range is 5-1,000 Hz, and the sampling frequency is set to 10 kHz [1].

In the test site, the layout line of the sensors is perpendicular to the tunnel line. A
total of 5 sensors are installed, namely S1-S5 sensors. Among them, the S5 sensor is
located on the tunnel center line, and the S1-S4 sensors are located on the north side of
the tunnel center line. The three-component sensors are leveled before data acquisition.
Their X-direction is perpendicular to the high-speed railway track, the Y-direction is
parallel to the high-speed railway track, and the Z-direction is vertically downward to

the ground. The specific positions and layout of each sensor are shown in Figure 4.

10m 10m | 5m  5m {0 7] waterproof curtain

XQ—l ¢ ¢ - é
W G Backfilling soil and rock
- ’ﬁ/_ﬂ_sﬂ 5 ; ——Ef illing soil and roc

(b) High-frequency geological structure monitor (¢) Vibration sensor

Figure 4. Sensor embedment.

The time-frequency characteristics of high-speed railway train vibration signals
are significantly related to factors such as train marshalling, operating status, train

type, and propagation medium characteristics. Four typical train numbers are selected

12
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from the 70 monitored train numbers. Since it is impossible to use a speedometer to
determine the instantaneous speed of the train when passing the monitoring position,
the train speed at the monitoring section was estimated from the spectral peak interval.

The operating parameters of typical trains are shown in Table 5.

Table 5. Operation parameters of typical trains.

Train number Train model Marshalling Operating speed (km/h)
G924 CRH380BG 8 285.14
G3604 CR400BF-G 8 217.54
G935 CR400BF-G 8 294.36
G902 CR400BF-G 16 215.30

3.2. VMD parameter adaptive decomposition

Taking the X-direction vibration signal measured by the S5 sensor under the action
of the G924 train as an example, the adaptive decomposition of the vibration signal is
performed. First, to ensure the integrity of the intercepted signal, when picking up
the signal peak arrival time in the system, 50,000 sampling points (duration 5 s) are
intercepted before and after the peak time to obtain the target interval of the target
signal. At the same time, the starting point of the intercepted signal is specified as
the time zero of the target signal. The time spectrum and frequency spectrum of the
intercepted target signal are shown in Figure 5.
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Figure 5. Time-domain waveform and frequency spectrum of the target signal.

Since the number of sampling points of the target signal can reach 100,000, which
has high requirements for the computing capacity of the computing equipment, the
target signal is resampled to reduce the computational load. According to the Nyquist
sampling theorem, when the minimum sampling frequency fs is greater than twice the
maximum frequency fmax, the digital signal after sampling can relatively completely
retain the effective information in the original signal, that is, the minimum sampling

frequency satisfies Equation (14):

fsmin > 2fmax (14)

Where, fsmin represents the minimum resampling frequency of the signal, Hz; f .«
represents the maximum frequency of the signal, Hz.

It can be seen from Figure Sb that the main distribution range of the target signal

13
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frequency band is within 0-200 Hz. Therefore, the sampling frequency of the resampled
signal is set to 500 Hz, its corresponding Nyquist frequency is 250 Hz, which can cover
the main effective frequency range. Several studies [1-4] indicate that railway-induced
ground and building vibrations are dominated by low-frequency components within 200
Hz. Therefore, resampling at 500 Hz will not affect the extraction of key information
such as dominant frequency, mode energy, and propagation attenuation characteristics.
The time spectrum and frequency spectrum of the target signal after resampling are
shown in Figure 6. In the time spectrum, the signal peaks and waveforms before
and after resampling are consistent. In the frequency spectrum, the frequency peaks
and energy distribution range are almost unchanged, indicating that the resampled
vibration signal effectively retains the effective components in the original signal, and

its parameter optimization results can be used as the mode decomposition parameters of

the target signal.
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Figure 6. Time-domain waveform and frequency spectrum of resampled signal.

3.3. Parameter optimization of high-speed railway train vibration signals

The obtained target signal is resampled according to the sampling theorem, and the
optimal mode number K and penalty factor a of the VMD decomposition parameters of
the resampled signal are optimized. The optimization parameters are shown in Table 6

to determine the optimal parameter values for the target signal decomposition.

Table 6. SE-SSA parameters of the target signal.

Number of sparrow . . .
lation 1 Proportion of discoverers/ratio_PD Safety value/ST Range of mode number K Range of penalty factor
popu

30 0.3 0.7 [3,15] [1,10]

The convergence curve of the optimization process is shown in Figure 7. It can be
seen that with the increase in the number of iterations, the fitness value shows phased
stability. When the population at the 9th iteration, the X-direction vibration signal
finally reaches the optimal fitness value of 0.4581 and tends to be stable. At this time,
the optimal number of modes K and penalty factor o searched by SE-SSA are 15 and
5,317, respectively.

VMD is performed on the S5 vibration signal of the G924 train according to
the determined number of modes and penalty factor to obtain mode components

under different center frequencies. Taking the X-direction as an example, as shown
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in Figure 8, modes IMF1-IMF8 are high-frequency noise components with center
frequencies of 1,971.19 Hz, 1,886.60 Hz, 1,809.15 Hz, 1,540.50 Hz, 1,336.70 Hz,
1,254.51 Hz, 1,194.45 Hz, and 616.82 Hz. The center frequencies are greater than
200 Hz, similar to high-frequency carriers, and the mode waveforms do not have the
waveform characteristics of high-speed railway train vibration signals. Therefore, it is
considered to eliminate the high-frequency noise components and retain the IMF that
reflects the waveform of high-speed railway train vibration signals.
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Figure 7. SE-SSA iteration curve of G924 train vibration signal (S5 sensor).
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Figure 8. Mode components of the target signal for G924 train (S5 sensor X-direction).
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Combining the mode waveform and center frequency characteristics in Figure
8, the mode components with center frequencies within 200 Hz are taken as effective
modes to obtain the reconstructed high-speed railway train vibration signal ¥ (¢). Then,
parameter optimization is performed on V(¢) again, and VMD is performed on the
reconstructed signal after obtaining the optimal number of modes and penalty factor,

as shown in Figure 9. The optimization parameters are shown in Table 7.
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Figure 9. Mode components of the reconstructed signal for the G924 train (S5 sensor

X-direction).

Table 7. VMD parameters optimization results of G924 train vibration signal.

X-direction

Y-direction

Z-direction

Sensor Mode number K Penalty factor a Mode number K Penalty factor a Mode number K Penalty factor a
1 8 3,460 7 3,697 8 2,712
2 6 3,589 6 2,337 7 2,106
3 8 2,301 8 3,552 6 2,968
4 9 3,620 6 2,986 8 2,016
5 8 3,456 6 3,317 6 3,918

4. Energy-frequency characteristics of high-speed railway train
vibration signals

4.1. Energy calculation of high-speed railway train vibration signals

Based on the general concept of signal energy in the field of signal and system

analysis, high-speed railway train vibration signals can be regarded as vibration signals
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with certain regularity and limited duration. The signal energy over a finite time interval
is calculated as follows in Equation (15) [26]:

to
Bs = [lspa (s)
1

Where, Ej is the signal energy; f(¢) is the signal function; #; and ¢, are the upper
and lower time limits.

For the reconstructed high-speed railway train vibration signal V(¢), since the
vibration data collection has a certain sampling interval A¢ = 1/fs, the number of samples
within the vibration signal time period is N = (t,—t)/At = (t,—t;)fs. Based on Equation
(15), the signal energy of the discrete time series V' (n) is as shown in Equation (16) [26]:

Eg = Zivzl V2(n)At (16)

Where, n is the sample point serial number; N is the number of samples.
The same method is used to calculate the energy of the vibration signal of each
mode, so as to realize the quantitative calculation of the vibration energy and its energy

at each frequency.

4.2. Energy-frequency distribution characteristics of high-speed railway
train vibration signals

To quantitatively characterize the distribution law of mode energy of high-speed
train vibration signals as a function of frequency, we take the G3604, G935, and G902
trains of CR400BF-G type high-speed EMU as research objects. An energy-frequency
scatter plot is established with the effective mode center frequency of each measuring
point as the abscissa and the corresponding mode energy as the ordinate, which is then
fitted by a Gaussian function. The expression of the function is shown in Equation (17):

_(z-b)?

y=a-e & a7

Where, a is the peak height of the fitting curve; b is the peak coordinate position
of the fitting curve; c is the “bell-shaped” width of the fitting curve.

Curve fitting is performed under the condition of robust regression, the fitting
accuracy is set to 1078, and the maximum number of function calculations and the
maximum number of allowed iterations are set to 1,000. The Gaussian function fitting
results of the component signal energy and frequency of high-speed railway train
vibration signals in the X-, Y-, and Z-directions are shown in Table 8. The adjusted R>
and Root Mean Square Error (RMSE) are used to represent the Gaussian fitting effect.
The closer the adjusted R? value is to 1, and the closer the RMSE is to 0, the better the
fitting effect. The relationship diagram between signal mode energy and frequency is

drawn, as shown in Figure 10.
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Table 8. Gaussian fitting results of energy and frequency for high-speed railway vibration

signals.
Gaussian parameter
Train information Signal component Adjusted R? RMSE
a b c
X-direction 0.2164 51.89 11.18 0.9977 1.10x 1073
G3604 Y-direction 0.0206 66.62 26.32 0.9299 1.37x 1073
Z-direction 0.1693 53.40 10.22 0.9337 471 %1073
X-direction 0.4671 47.83 6.22 0.9722 1.74x 1073
G935 Y-direction 0.0401 49.46 12.78 0.9993 1.72x 1073
Z-direction 0.6360 47.83 5.99 0.9706 1.54x 1072
X-direction 1.4890 44.86 8.21 0.9882 1.74x 1073
G902 Y-direction 0.4071 45.60 8.34 0.9924 3.85x 1073
Z-direction 0.9160 46.08 6.21 0.9880 1.08 x 1072
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Figure 10. Gaussian fitting of energy and frequency for high-speed railway vibration signal
(G3604, G935, G902).

It can be seen from Figure 10 that the relationship between the energy and
frequency distribution of high-speed railway train vibration signals has typical Gaussian
characteristics, and the mode energy value first increases and then decreases with
the increase of the frequency value. The energy of each high-speed railway train
vibration signal is mainly distributed in the frequency range of 35-60 Hz. Among them,
the signal energy corresponding to each center frequency shows the characteristics
of the largest X-direction component, followed by the Z-direction, and the smallest
Y-direction. When a high-speed railway train is running, the contact between the train
wheelset and the track is mainly lateral collision and vertical bounce, so the vibration
perpendicular to the track direction is relatively strong, that is, the test ground survey

line direction (X-direction) and the vertical direction (Z-direction), while the vibration
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in the running direction (Y-direction) is weak. Under the action of the same high-speed
railway train, the peak energy center frequencies of the X component and Z component
of the vibration signal are almost the same.

For trains G3604 (217.54 km/h) and G935 (294.36 km/h) with different operating
speeds, with the increase of train speed, the peak energy in the X-direction increases by
0.2507 mm?-s~!, an increase of 115.9%; the peak energy in the Y-direction increases
by 0.0195 mm?-s~!, an increase of 94.7%; the peak energy in the Z-direction increases
by 0.4667 mm?-s~!, an increase of 275.7%. It is worth noting that the change in signal
energy in the Y-direction is much smaller than that in the X- and Z-directions. The
signal energy in the horizontal direction (X- and Y-directions) increases by about 1
time, while the energy in the vertical direction (Z-direction) increases by nearly 3
times, indicating that with the increase of train speed, the vertical bounce effect of
the wheelset increases sharply, leading to a surge in vertical vibration energy. In
addition, the increase in speed not only changes the vibration energy but also causes
a systematic downward shift of the vibration source frequency characteristics. For the
peak center frequency, the peak center frequency in the X-direction decreases by 4.06
Hz, a decrease of 7.8%; the peak center frequency in the Y-direction decreases by 17.16
Hz, a decrease of 25.8%; the peak center frequency in the Z-direction decreases by 5.21
Hz, a decrease of 9.8%.

For trains G3604 (8-car marshalling) and G902 (16-car marshalling) with different
marshalling numbers, with the increase of train marshalling number, the peak energy in

1

the X-direction increases by 1.2726mm?-s™!, an increase of 588.1%; the peak energy in

1

the Y-direction increases by 0.3865 mm?-s~!, an increase of 1,876.2%; the peak energy

! an increase of 441.1%. It can be seen

in the Z-direction increases by 0.7467 mm?-s~
that the increase in the number of wheelset loads greatly improves the peak energy of the
vibration signal. For the change of peak center frequency, the peak center frequency in
the X-direction decreases by 7.03 Hz, a decrease of 13.5%; the peak center frequency in
the Y-direction decreases by 21.02 Hz, a decrease of 31.6%; the peak center frequency
in the Z-direction decreases by 6.96 Hz, a decrease of 13.12%. It can be seen that the
peak center frequencies of vibration signals when the train is running with increased
marshalling and increased speed have similar change trends: the frequency decrease
of component signals perpendicular to the running direction (X- and Z-directions) is
small, while the frequency decrease of Y-direction vibration signals is large.

In summary, both the increase in train speed and marshalling will multiply the
energy of each component signal and concentrate it in the low-frequency band. The
increase in train speed mainly enhances the vertical bounce effect of the wheelset,
resulting in a surge in vertical vibration energy, while the increase in train marshalling
mainly strengthens the lateral action of the wheelset, improving the X-direction

vibration energy.

4.3. Energy-frequency variation characteristics of high-speed railway
train vibration signals

To further explore the influence of train speed and marshalling number on

the signal energy-frequency variation during the propagation and attenuation of
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high-speed railway train vibration signals, Gaussian function fitting is performed on
the three-component signal energy and frequency generated by trains G3604, G935,
and G902 at each sensor on the survey line. The fitting results are shown in Table
9. The fitting curves of each train number are displayed, taking the X-direction as an
example, and the change relationships of peak energy and peak center frequency with

the survey line are drawn, as shown in Figures 11-13.

Table 9. Gaussian fitting results of energy and frequency for high-speed railway vibration
signals of each sensor.

Gaussian parameter

Train number Signal component Sensor number ) Adjusted R? RMSE
a c

1 0.0182 48.56 14.57 0.932 120 x 1073

2 0.0057 49.30 15.67 0.987 256 x 107

X-direction 3 0.0472 48.90 11.80 0.994 1.91 x 1074
4 0.0788 49.56 10.58 0.980 5.08x 1074

5 0.1977 51.65 12.66 0.998 1.99 x 1073

1 0.0063 44.26 15.77 0.953 1.04 x 1073

2 0.0023 36.04 17.72 0.990 9.78 x 1073

G3604 Y-direction 3 0.0145 51.89 21.51 0.995 3.42x1074
4 0.0195 59.10 14.47 0.838 7.90 x 1074

5 0.0293 62.60 20.22 0.995 6.03 x 1074

1 0.0026 45.00 13.45 0.935 333x1074

2 0.0123 41.73 13.93 0.985 537x1074

Z-direction 3 0.0298 43.09 14.68 0.976 1.56 x 1073
4 0.0205 45.65 12.43 0.860 417 %1073

5 0.1551 54.21 13.70 0.994 3.65x1073

1 0.0509 42.52 13.52 0.977 297 x 1073

2 0.0154 44.90 14.06 0.999 8.37x 1073

X-direction 3 0.0254 48.01 9.13 0.917 228 %1073
4 0.0260 50. 05 16.66 0.984 1.05 x 1073

5 0.4975 50.38 6.46 0.996 9.47 x 1073

1 0.0405 42.64 12.97 0.996 9.15x107*

2 0.0177 47.24 13.10 0.998 236 % 107

G935 Y-direction 3 0.0368 48.01 14.32 0.992 1.10x 1073
4 0.0213 46.11 12.17 0.788 3.98x 1073

5 0.0443 49.14 17.41 0.999 443 %1073

1 0.0412 42.55 12.13 0.999 2.82 x 1074

2 0.0391 44.00 10.97 0.937 3.55x1073

Z-direction 3 0.0471 42.36 13.62 0.990 1.72x 1073
4 0.0227 45.01 14.15 0.952 1.24 %1073

5 0.6374 49.03 9.96 0.996 1.39 x 1072

1 0.1070 37.63 7.32 0.997 1.83x 1073

2 0.0747 40.53 10.92 0.987 299 x 1073

X-direction 3 0.0572 42.55 10.26 0.930 274 %1073
4 0.0392 45.82 16.51 0.881 3.88x1073

5 1.1590 48.58 8.28 0.999 448 x 1073

1 0.0201 43.35 11.91 0.998 2.54x 1074

2 0.0778 45.12 13.34 0.992 239 x 1073

G902 Y-direction 3 0.0242 40.65 11.95 0.958 171 x 1073
4 0.2654 46.22 5.11 0.999 1.83x 1073

5 0.4346 48.18 11.80 0.973 1.76 x 1072

1 0.0173 36.79 6.64 0.964 1.02x 1073

2 0.0288 39.65 8.52 0.929 247 x1073

Z-direction 3 0.0321 40.44 10.00 0.697 6.71 x 1073
4 0.0526 45.43 16.14 0.821 5.45x1073

5 0.8533 47.61 9.69 0.991 234 x 1072
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Figure 11. Gaussian fitting of energy and frequency for the G3604 train vibration signal.
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Figure 13. Gaussian fitting of energy and frequency for G902 train vibration signal.

According to the fitting results of the energy and frequency of high-speed railway
train vibration signals, the effective mode energy of each sensor generally exhibits a
unimodal clustering characteristic with the variation of center frequency. The Gaussian
function can well characterize the energy—frequency distribution law. According to the
fitting results, the adjusted R? of all fitted curves is greater than 0.6, and more than
95% of the measuring points yield an adjusted R?> above 0.8. This indicates that the
adopted fitting form possesses good consistency across different measuring points and
directions. Since the S5 sensor is closest to the running line, the peak values of the
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vibration signal curves of different train numbers at the S5 sensor are the largest. When
reaching the S4 sensor, the signal energy attenuates sharply, and then the attenuation
degree slows down. The vibration signal energy in each direction shows different
degrees of attenuation, and there is a local increase phenomenon in the far-field range.
Due to the difference in wave impedance of the medium in each direction during the
propagation of vibration signals, the energy of vibration signals in different directions
shows obvious differentiation, which is specifically manifested in that the peak energy
of vibration signals in the X-direction and Z-direction is significantly higher than that
in the Y-direction, that is, the vibration intensity perpendicular to the train running
direction is higher than that parallel to the running direction.

It can be seen from the analysis of Figure 11 and Table 9 that under the
action of train G3604, the peak center frequency of the X-direction component signal
is concentrated around 50 Hz, showing a slight attenuation with the increase of
propagation distance. The signal peak energy attenuates rapidly between S5 and S4,
from 0.1977 mm?-s™! to 0.0788 mm?-s~!, with a direct decrease of 60%. When the
vibration propagates to the S2 and S1 sensors, the signal energy decrease exceeds 90%.
The peak center frequency distribution of the Y-direction component signal is scattered
in the range of 35-65 Hz, showing a decreasing trend from near to far. The signal
peak energy also shows an attenuation trend, but due to the small overall energy in this
direction, the attenuation rate is relatively slow. Between S5 and S4, the signal peak
energy decreases from 0.0293 mm?-s™! t0 0.0195 mm?-s™!, a decrease of 33.4%. When
reaching the S2 sensor, the decrease exceeds 90%, and there is an energy fluctuation
phenomenon. Except for the S5 sensor with a peak center frequency of 54.21 Hz, the
peak center frequencies of the Z-direction component signal are concentrated between
40 and 45 Hz, and the peak center frequency shows an attenuation trend. The signal
peak energy between S5 and S4 decreases from 0.1551 mm?-s™! to 0.0205 mm?-s!, a
decrease of 86.8%, with rapid attenuation, and then the attenuation slows down. The
decrease of the S3-S1 sensors gradually decreases from 80.8% and 92.1% to 98.3%.

It can be seen from the analysis of Figure 12 and Table 9 that under the action of
train G935, the peak center frequencies in the three directions are concentrated between
40-50 Hz, showing a decreasing trend with the increase of propagation distance, with
local fluctuations. The peak energy of the X-direction component signal has been
greatly attenuated at the S4 sensor, from 0.4975 mm?-s~! t0 0.0260 mm?-s™!, a decrease
of 94.8%, with rapid attenuation, and then the attenuation becomes gentle, with the
attenuation amplitude all above 90%. A local energy increase phenomenon occurs at
the S1 sensor. Due to the low overall energy level of the peak energy of the Y-direction
component signal, the attenuation amplitude is low, and it only decreases by 51.9% and
60.0% at the S4 and S2 sensor positions. The signal energy in this direction shows a
fluctuating attenuation characteristic. The peak energy of the Z-direction component
signal decreases from 0.6374 mm?-s™! at the S5 sensor to 0.0227 mm?-s~! at the S4
sensor, a decrease of 96.4%. The signal energy of the subsequent sensors recovers
slightly, but the decrease is all above 90%, showing a stable change characteristic.

From the perspective of substantive differences and commonalities in energy
propagation, train operating speed is a key variable affecting near-field energy
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characteristics. Due to the higher speed of train G935 294.36 km/h, the lateral collision
force and vertical bounce force of the wheel-rail system are significantly greater than
those of train G3604 217.54 km/h, directly leading to a significant increase in near-field
(S5 sensor, adjacent to the tunnel center line) vibration energy in the X-direction
(perpendicular to the track) and Z-direction (vertical direction). At the same time, the
near-field (S5—S4) energy attenuation rate of train G935 is also faster, reflecting that the
initial dissipation of higher energy vibration in artificial fill is more intense. However,
the two trains show certain commonalities in the far-field section (S4-S1). Regardless
of the differences in initial speed and near-field energy, the far-field vibration energy
is generally maintained at a low level, which demonstrates the strong dissipation effect
of the overlying artificial fill of the shallow-buried tunnel on vibration energy.

For train G902 (16-car marshalling), it can be seen from the analysis of Figure
13 and Table 9 that the peak center frequencies in the X-direction (perpendicular to
the track) and Z-direction (vertical direction) show an approximately linear attenuation
with the increase of propagation distance, without obvious fluctuations, and the final
frequency stabilizes at 35-50 Hz, reflecting the dispersion stability of vibration waves
perpendicular to the train running direction. The Y-direction (parallel to the track) has
no linear law and always fluctuates within 40-50 Hz, which may be related to the
stronger periodic disturbance of the wheel-rail in the parallel direction. In terms of
peak energy attenuation, the X- and Z-directions of the near-field S5 sensor (adjacent
to the tunnel center line) reach 1.159 mm?-s™! and 0.8533mm?-s™! respectively, and
drop sharply to 0.0392mm?-s™! and 0.0526 mm?-s~! when propagating to the S4
sensor, with an attenuation amplitude of nearly 95%, highlighting the strong dissipation
characteristics of the near-field artificial fill; after entering the far-field (S4—S1),
the X-direction energy slightly increases and the Z-direction slowly decreases, but
the cumulative attenuation is more than 90%. The near-field (S5—S4) decrease of
the Y-direction is only 38.9% (0.4346—0.2654 mm?-s!), and the far-field shows
fluctuating attenuation. Finally, the far-field energies in the three directions tend to
be the same, dominated by medium dissipation.

Compared with the vibration signal characteristics of Train G3604 with 8-car
marshalling, the vibration differences of Train G902 with 16-car marshalling are mainly
reflected in three aspects. Firstly, the near-field vibration energy is significantly
increased, and the vibration energy in the X-, Z-, and Y-directions monitored by the S5
sensor is all higher than that of Train G3604, which is attributed to the increased total
wheelset load caused by the growth of train marshalling quantity, thereby enhancing the
overall energy of wheel-rail lateral collision and vertical bounce excitation. Secondly,
the two trains present distinct attenuation nodes and attenuation rates. The vibration
energy in the X- and Z-directions of Train G902 rapidly decays to a low level at the S4
sensor, while that of Train G3604 only decreases to the same low level until reaching
the S3 sensor, and Train G902 has a faster overall attenuation rate; specifically, the
vibration energy in the X-direction of Train G902 attenuates by nearly 95%, while the
corresponding attenuation amplitude of Train G3604 is only 60%. In the Y-direction,
the vibration energy of Train G902 drops to a low level at the S3 sensor, whereas
Train G3604 needs to propagate to the S4 sensor to complete effective attenuation.
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Thirdly, Train G902 shows a more concentrated frequency distribution accompanied by
an obvious low-frequency offset. Its peak center frequencies are stably concentrated in
the range of 35-50 Hz, which is integrally 5 Hz lower than the corresponding frequency
distribution of Train G3604. Meanwhile, the linear attenuation characteristics of
vibration energy in the X- and Z-directions of Train G902 are more prominent, which
is reasonably speculated to be closely related to the reduction of wheel-rail contact
frequency induced by the multi-car long marshalling operation condition of the train.
It should be noted that the far-field vibration energy does not exhibit strictly monotonic
attenuation at all measuring points and in all directions, and local fluctuations or slight
rebound phenomena occur in some directions. For example, the Y-direction of Train
(G902 shows distinct fluctuating attenuation characteristics. This may be related to the
heterogeneity of the overlying fill soil, the wave impedance difference at the interface
between the soil mass and the tunnel structure, as well as wave reflection, scattering,
and local superposition. Overall, the far-field vibration energy remains at a low level,
indicating that the overlying fill soil has a strong dissipation effect on the vibration
energy induced by train operation.

Based on the above results of energy—frequency distribution and propagation
attenuation, the method proposed in this paper can provide a reference for the
monitoring and evaluation of high-speed railway vibration in shallow-buried tunnel
sections. In field monitoring, the SE-SSA-VMD method can extract effective modes
reflecting train excitation characteristics from high-noise and non-stationary vibration
signals, which is applicable to signal preprocessing prior to the calculation of dominant
frequency, energy, and attenuation indicators. For vibration assessment in sensitive
areas, the identified main energy frequency band of 35-60 Hz can be regarded as
the key evaluation range for sensitive targets, including residential districts, schools,
hospitals, and precision instrument buildings. In terms of vibration reduction design,
the increase in running speed and train marshalling imposes differentiated effects on
vibration energy in various directions, suggesting that the vibration mitigation strategy
for shallow-buried tunnel sections should specify key directions and target frequency
bands according to actual operating conditions. Meanwhile, the attenuation law of
vibration energy along the measuring line can support the layout of monitoring points as
well as the determination of key near-field control scope and far-field protection scope.

5. Conclusion

This study proposes using Sample Entropy (SE) as the fitness function, combined
with the Sparrow Search Algorithm (SSA), to adaptively optimize the key parameters
(number of modes K and penalty factor «) in Variational Mode Decomposition (VMD),
constructing the SE-SSA-VMD vibration signal analysis method, and applying it to the
analysis of surface vibration signals above shallow-buried high-speed railway tunnels.

The main conclusions are as follows:

(1) The SE-SSA-VMD method can effectively overcome the mode mixing and
parameter dependence problems in traditional mode decomposition and realize

the accurate separation of noisy high-speed railway train vibration signals. In
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2)

3)

(4)

the 7 dB low SNR benchmark test, this method effectively suppresses mode
mixing and solves the inherent defects of traditional EMD and EWT; compared
with mainstream PSO-VMD, it achieves better decomposition accuracy with an
average center frequency error as low as 0.10 Hz. It also accurately identifies
dominant frequency components in the 5-15 dB SNR range, with maximum
center frequency error below 0.25 Hz at 5 dB, showing excellent robustness for
complex vibration signal processing of shallow-buried high-speed railway tunnels.
This method avoids subjective interference from manual parameter selection,
improves the objectivity and reliability of signal decomposition, and provides a
new way to extract effective wheel-rail vibration components from a strong noise
background.

The effective mode energy of high-speed railway train vibration signals on the
surface above shallow-buried tunnels is mainly concentrated in the 35-60 Hz
frequency band, whose energy-frequency relationship can be well characterized
by a Gaussian function, with more than 95% of measurement points yielding
an adjusted R? above 0.8 and 93% having a root mean square error (RMSE)
lower than 1 x 1072, demonstrating that the energy distribution within this band
exhibits prominent unimodal aggregation features and satisfactory consistency
across measurement points. Measured data show that the spatial distribution of
vibration energy has obvious anisotropy. Lateral collision and vertical bounce
dominate the wheel-rail interaction. The peak energy corresponding to each
center frequency shows the characteristics that the component perpendicular to
the track direction (X-direction) is the largest, the vertical direction (Z-direction)
is the second, and the component parallel to the track direction (Y-direction) is the
smallest. Under the action of the same high-speed railway train, the peak energy
center frequencies of the X and Z components are basically the same.

Train operating speed and marshalling number are key factors affecting vibration
energy and dominant frequency characteristics. The increase in train speed will
enhance the vertical bounce effect of the wheelset, thereby significantly increasing
the Z-direction vibration energy. Increasing train marshalling will strengthen the
lateral action of the wheelset, increasing the X-direction vibration energy. Both
increasing train speed and marshalling will cause the peak center frequency to shift
to low frequencies. Among them, the peak center frequency of the Y-direction
component signal has the largest decrease, while the peak center frequencies of
the X- and Z-direction component signals have smaller decreases.

For high-speed railway train vibration signals on the surface above shallow-buried
tunnels, their energy, frequency, and propagation attenuation laws are significantly
affected by train speed, marshalling, and propagation direction. An increase in train
speed (from 217.54 km/h to 294.36 km/h) or marshalling (from 8-car marshalling
to 16-car marshalling) enhances the X- and Z-direction vibration energy in the
near-field (e.g., S5 sensor) and accelerates the near-field energy attenuation. In
terms of propagation direction, the vibration energy in the X- and Z-directions is
always significantly higher than that in the Y-direction. The peak center frequencies
ofthe X- and Z-directions show a linear attenuation with the increase of propagation
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