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Abstract

Underground railways play a crucial role in global intercity transport networks, necessitating the implementation of diverse
measures to mitigate vibrations during train operations. However, with the variable damping, the structures of underground
trains can inadvertently impact passenger’s comfort when taking them. Consequently, the development of the online
monitoring system becomes imperative to assess the operational conditions of these trains. This research applies the [ISO2631
standard to analyze the dynamic responses of train’s accelerations, utilizes the ride comfort index to determine the operational
state of the train, and uses online monitoring data to evaluate its overall conditions. The study proposes an online monitoring
system that utilizes the long short-term memory (LSTM) algorithm, which has demonstrated effectiveness in time-series
prediction and identification tasks. By learning from historical and future signal segments, the LSTM algorithm enables the
diagnosis and identification of underground train-operating conditions under varying working conditions. To enhance the
accuracy of prediction results, the algorithm is optimized by adopting the bi-directional structure and Bayesian optimization
method. Quantitative analyses demonstrate that the optimized bi-directional LSTM model achieves a correlation up to 94.32%
for overall dataset and 90.45% on test dataset. Finally, an illustrative case is presented to highlight the performance of the
proposed method in assessing the conditions of underground trains.

Keywords Rail vibration control - Rail transit structural health monitoring - Online condition assessment - Train vibration
time-series analysis - Bidirectional LSTM - Bayesian optimization
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However, alongside the convenience brought by rail tran-
sit systems, there have also emerged challenges related to
vibration and noise, which have a direct impact on the daily
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abnormal vibration can significantly influence the train’s
operation and passenger’s comfort. Numerous vibration
reduction techniques are applied to the infrastructure. How-
ever, some of these may influence the train’s operation and
the body vibration of a train running, even when structural
vibration is reduced. Ultimately, these factors can impact
passenger’s comfort. Hence, the online condition assessment
and monitoring of trains are pivotal in guaranteeing the safe
and efficient maintenance of urban transportation during
their operations.

The acceleration time-series of a train body typically
are used as a crucial parameter for evaluating train
operating conditions [4]. Besides, numerous structural
health monitoring (SHM) methods are employed to assess
the corresponding passenger’s comfort [5]. Broadly,
these methods are divided into two categories: model-
driven and data-driven approaches. In the model-driven
paradigm, train’s operation is assessed by developing a finite
element(FE) model of both the train and track, incorporating
principles of structural mechanics, and examining the
wheel-rail interaction [6]. However, the FE method has its
own disadvantages, such as modeling complexity, lengthy
computation times, and also the established FE models are
of limited applicability. Moreover, uncertainties may arise
from the experimental data used in the course of establishing
a model, due to variations in experimental conditions and
environmental discrepancies during the testing, potentially
lowering the accuracy of the model.

In recent years, there has been a notable increase in the
utilization of data-driven techniques for health monitoring
of the structural system, which rely exclusively on the
system response and environmental monitoring data [7].
A Bayesian modeling approach that incorporates model
class selection for dynamic forecasting was developed, and
applied to the real-world monitoring data collected from
a three-tower cable-stayed bridge [8]. An overview of a
structural performance monitoring system implemented
on a butterfly-shaped arch footbridge located at The Hong
Kong Polytechnic University was provided [9]. Two machine
learning algorithms were compared to detect structural
changes using statistical features derived from the raw
dynamic data [10]. This approach was evaluated through
experimental tests conducted on a laboratory beam structure
and an actual railway bridge in France. An unsupervised,
automated, data-driven strategy for SHM focused on
detecting damage in railway bridges based on the system’s
dynamic response was proposed [11], which enhanced
high sensitivity to subtle structural changes by extracting
damage-sensitive features from the train-induced response
when detecting anomalies. A long-term modal behavior
of a footbridge was racked, utilizing low-cost sensors for
frequency extraction and employing data-driven models
to predict structural health [12]. A deep learning-based
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fault diagnosis framework was proposed, which is robust
against label noise advancing the application of data-driven
techniques in SHM [13]. Several studies have employed
data-driven methods to enhance information extraction
from low signal-to-noise acceleration data. For instance,
the optimization of SSI-COV input parameters improved
SHM accuracy by maximizing data extraction [14]. A low-
cost SHM system for short-span bridges was also developed
using data-driven approaches [15, 16]. Moreover, a novel
modal testing method using synchronized data loggers
enhanced real-time SHM efficiency and accuracy [17-20].
Lastly, data-driven techniques were emphasized to address
the uncertainties in frequency extraction from time-
domain signals, improving overall frequency analysis [21].
However, it required offline data processing, which limited
the real-time monitoring and early warning capabilities.
Additionally, the method was sensitive to environmental and
operational factors, potentially leading to false or overlooked
damage detection.

Within the realm of data-driven methods for SHM,
recurrent neural networks (RNNs) are commonly used to
address time-series correlation challenges [22]. RNNs,
initially introduced by Hopfield et al. [23], are a preferred
architecture for the sequential data. Unlike conventional
artificial neural networks (ANNSs), which consist of an
input layer, a hidden layer, and an output layer connected by
weights, RNNs incorporate conventional feed forward ANNs
where outputs are fed back as inputs. This characteristic
enables RNNs to excel in capturing temporal dependencies,
rendering them well-suited for the time-series data analysis.
However, RNNs often face difficulties in handling problems
with long-term dependencies due to the potential instability
of network training caused by abrupt increases in training
weights, commonly referred to as exploding gradients.
To address the challenges associated with long-term
dependencies, long short-term memory(LSTM), a variant
of RNN, was introduced [24]. LSTM is specifically designed
to mitigate the vanishing gradient issue through its gating
mechanisms, which regulate the flow of information and
allow the network to maintain long-term dependencies.
While LSTM is highly effective at handling the vanishing
gradient problem, it may still encounter exploding
gradients under certain conditions, which can be managed
with techniques like gradient clipping [25]. LSTM offers
significant advantages in processing long time-series data
compared to traditional RNN methods [26], exhibiting
superior accuracy and fast processing efficiency making it a
powerful tool for managing and analyzing time-series data
with long-term dependencies.

Recently, there has been a notable surge in integration of
LSTM algorithms with structural health monitoring (SHM)
methods for processing the experimental data [27]. The
LSTM framework was employed to detect damage states
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of a bridge using its deflection data gathered from SHM by
tracking characteristic changes in the time-series deflection
and temperature data [28]. Additionally, LSTM methods
have been incorporated into SHM systems for short-
term wind speed prediction, which helps improve bridge
traffic control during severe wind conditions, especially
by enhancing the accuracy of control time limits during
typhoons [29]. In another approach, SHM data from bridges
were processed using both Kohonen neural networks and
LSTM networks, with the LSTM demonstrating superior
predictive capabilities, providing timely alerts for structural
changes [30]. Furthermore, BiLSTM networks have been
combined with Generative Adversarial Networks (GANSs)
to recover missing or corrupted SHM data in large-scale
bridges, proving effective in restoring time-series data [31].
LSTM also plays a vital role in predicting the evolving
structural conditions over time, offering valuable insights
into the long-term health of bridges [32]. Moreover, some
researchers have integrated LSTM autoencoders with
multi-head self-attention mechanisms to model time-series
data, thereby improving feature extraction in unsupervised
vibration-based damage diagnosis [33]. A notable example
of LSTM’s application is its combination with a multi-
Gaussian fitting feature extraction method, which was
developed as part of an SHM system utilizing vibration
signals. Experimental results showed that this approach
significantly reduced computation time while maintaining
high prediction accuracy [34]. Despite LSTM’s effectiveness
in time-series prediction, it faces the common challenge
of hyperparameter optimization, a difficulty shared with
other neural networks. Key hyperparameters such as the
number of LSTM layers, hidden layers, initial learning rate,
and regression rate need to be carefully tuned to optimize
the algorithm’s performance. Techniques like Bayesian
optimization have been employed to address this issue,
improving the efficiency and accuracy of LSTM predictions
in SHM applications.

Accordingly, this research aims to derive an online
evaluation technique for train operating conditions and
passenger’s comfort, achieved by analyzing the acceleration
time-series of trains operating under varying slab track
conditions. First, the Bayesian parameter optimization
method is employed for searching LSTM hyperparameters,
which significantly enhances the efficiency by considering
the algorithm’s prediction accuracy, thus improving the
overall efficiency of the algorithm, and the prediction error
as a measure is also utilized to quantify the variation in train
operating condition characteristics, as observed through the
BiLSTM algorithm. Additionally, the comfort index factor
a,, from the ISO2631-1:1997 [35] standard is introduced as
a quantifiable metric for assessing passenger’s comfort, the
statistical data of different rail-track slab plates during their
operations from trains running on a fixed schedule, route,

speed, and batch type to minimize the interference from
other factors. Finally, the SHM data from an underground
train line serves as a case study to evaluate the method’s
effectiveness, and the effect of the Bayesian para-meter
optimization method on the accuracy of LSTM prediction
time-series is also examined.

2 Methodology
2.1 Architecture of the LSTM model

Figure 1 illustrates the structure of model proposed in this
study. The mapping association does not require a complex
architecture; thus, the algorithm consists of an input layer,
hidden layers, decoder layers, and an output layer. Besides,
a methodology proposed by researchers [36] is introduced to
the design of this structure, which has been refined through
a rigorous process of experimentation.

Figure 1 also denotes five cells of the hidden layer where
the internal structure of each cell is explained in greater
detail. Each cell comprises three gates: the forget gate f, -
responsible for determining which information should be
removed from the memory; the input gate /,, determining
which information should be added to the memory; and
the output gate O,, determining which information from
the memory should be retrieved. The subindex ¢ refers to
the time step. Additionally, the cell is characterized by two
states: the cell state C, and the hidden state &,, all of which
retain their values over arbitrary time intervals, while the
three gates regulate the influx and efflux of information of
these states.

Specifically, both the cell state C, and hidden state
ht have a dimension of 60 and are initialized as C =0
and A, = 0, based on empirical findings, representational
needs, and computational efficiency considerations. The
dimension of the hidden state, a critical hyperparameter
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Fig. 1 Architecture of one LSTM hidden layer cell
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in machine learning models, is typically adjusted based on
the model’s performance against a validation dataset. This
parameter choice is indicative of the complexity of the
data representations that the model is capable of learning.
Specifically, a larger dimension facilitates the learning of
more intricate representations, but it may also precipitate
overfitting if the model’s complexity is disproportionate to
the size of the training data. Furthermore, computational
efficiency can be a factor, as certain dimensions may enable
more efficient computations depending on the specific
hardware and calculation methods employed. Previous
research has experimented with various dimensions and
found that a dimension of 60 yielded the best performance
[37]. Therefore, selecting a dimension of 60 is likely to
strike a balance between capturing the complexity of the
data and mitigating the risk of overfitting.

The primary role of the forget gate is to selectively
eliminate information, acting as a mechanism to discard
irrelevant data from the previous cell states. This is
achieved by multiplying the prior cell states with a filter.
Hence, the mathematical expression representing the
forget gate, denoted as f;, is as follows:

where o is a sigmoid function to calculate the activation
values ft of the forget gates at time step #; The weight
parameter W, is associated with the forget gate; The input
data for this cell x, consists of the comfort index factor a,,,
which is a key parameter for assessing passenger comfort
based on vibration data, derived from the ISO 2631-1:1997
standard, quantifies the level of vibration that passengers
experience and is crucial for evaluating the operational
conditions of the train system [35]. /,_, is the hidden state
transmitted from the preceding cell in the training stage.
In contrast to the forget gate, the purpose of the input
gate i, is to enhance the information within C,, which is
mathematically expressed as follows:

i, =o(Wx, + Wih_, +b,) )

where W, symbolizes the weight parameters of the input
gate; b; is the bias parameters of the input gate.

Then, the LSTM layer selects the data that should be
incorporated into the cell states C, of the network. This
process consists of the following three steps:

1. Calculate the candidate values C‘t at the time step ¢,
representing potential additions to the cell states, which
can be mathematically represented as follows:

C, = tanh (Wx, + W,h,_,) 3)
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where W, is the weight parameters of the candidate
vector.

2. Determine the activation values C, for the input gates,
multiplying it to C,, storing the information in the cell
state, which can be expressed using the following
equation:

C=/C + itéz “4)

3. Obtain the output of memory cells within the LSTM
layer o, through the utilization of the following
equations:

0, = G(Wox, +W,h,_, + bo) 5)

where W, symbolizes the weight parameters of the
output gate; b is the bias parameters of the output gate.
The hidden state &,, serves a dual purpose: transmitted
to the subsequent cell and representing the output of the
current cell, which can be performed as follows:

h, = o, tanh (C,) (6)

After passing through all five LSTM cells, each cell

generates an output £,.
In this algorithm, the focus of predictions is the value of the
next time step, which means that only 45 is considered as
the output from one hidden layer. As illustrated in Fig. 2, a
decoder layer is employed to convert the multidimensional
output A,,, with the dimension of n, which means each output
has one sequence, with the length of the sequence 7, and
thus the total dimension of the input and hidden cells is 60.
The output of the LSTM model y is calculated as follows:

y=Wh,+b ™

where W corresponds to the weight parameters of the
decoder layer, necessitating optimization in the training
stage. Similarly, the bias parameters of the decoder layer,
represented by b, also require optimization throughout the
training process.

2.2 Bidirectional long short term memory (BiLSTM)

BiLSTM networks are characterized as an advanced
extension of conventional LSTMs, highlighting their
ability to incorporate information from both the past and
future states, leading to an improved prediction accuracy
[38]. Unlike conventional LSTMs that solely consider past
observations and process information in an unidirectional
manner, BiLSTM networks process the data in both
forward and backward directions by training two separate
LSTM networks, where the first one as a forward LSTM
processes the in-put sequence forward, and the second one
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Fig.2 Flow chart of standard LSTM network

as a backward LSTM processes a reversed duplication of the
input sequence (the former is from beginning to end, but the
latter is in reverse). The final prediction is then based on the
outputs of both LSTMs combining information from both
directions.

Thus, this concept was introduced to process the data in
both directions by employing two distinct hidden layers [39],
which were subsequently forwarded to the same output layer.
As illustrated in Fig. 3, a BILSTM computes the forward hid-
den sequence h,, and the backward hidden sequence W

h, = H(W1 e + W2 th_l + b;) 8
Et:H<W3th+W52ht+1+b;) (9)

where H(e) is the forward or backward LSTM layers of the
BiLSTM networks, respectively.

Finally, the output sequence y is obtained by iteratively
processing the backward layer from # = T to # = 1 and the
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Fig.3 A BiLSTM network

forward layer from r = 1to t = 7. The output layer is then
updated as follows:

v, = W4Zh’+W62hl+by (10)

2.3 Bayesian-based BiLSTM parameters
optimization

In the context of optimization, a prevalent strategy involves
converting a problem into an optimization task and utilizing
a variety of techniques. However, for machine learning
algorithms, their capacity to align with both the model and
the data are impacted by a set of hyperparameters. These
hyperparameters are established prior to the learning process
and play an essential role within the optimization function.

In a manner similar to other NN, it is feasible to stack and
connect BiILSTM layers. The quantity of BiLSTM layers and
the number of units within each layer significantly impact
both the training process accuracy and the model’s capacity.
This capacity, in turn, governs the model’s ability to adapt
to its intended purpose. To optimize model performance,
it is advisable to avoid excessively high or low capacity. A
model with insufficient capacity may struggle to adequately
learn from the training data, while an overly complex
model risks overfitting to the specific characteristics of the
training dataset. Consequently, determining of these two
hyperparameters becomes crucial in achieving an optimal
model performance.

Similarly to the majority of deep learning algorithms,
the BiLSTM algorithm involves multiple hyperparameters
that impact various aspects of its functionality, including
computational efficiency and the ability to generate
accurate predictions. However, manually tuning these



2892

Journal of Civil Structural Health Monitoring (2025) 15:2887-2901

hyperparameters is inefficient and prone to inaccuracies,
as it requires a substantial amount of time for researchers
to comprehend the influence of each hyperparameter on
the algorithm and the overall generalization of the model.
Hence, it becomes crucial to automate the search for
optimal hyperparameters. Previous research has shown that
Bayesian optimization is well-suited for identifying optimal
hyperparameters in the context of BiLSTM, particularly
when dealing with complex problems that involve long-
duration differentials or expressions [40].

In this research, the specific attention is given to the
following five hyperparameters: number of layers; number of
units; number of BiLSTM layer(s); initial learning rate and
regularization. The selection of these five hyperparameters
for optimization is based on their critical influence on the
performance, complexity, and generalization ability of the
BiLSTM model when handling time-series data. First, the
number of layers and number of units directly affect the
model’s complexity and expressive power. A few layers may
lead to underfitting, while too many layers could result in
overfitting. The number of BiLSTM layers is particularly
important because BiLSTM networks can capture both
forward and backward dependencies in time-series data,
which is crucial in SHM applications. The initial learning
rate is another key factor that affects the speed and efficiency
of model training. Optimizing the learning rate helps the
model converge more quickly without overshooting the
optimal solution. Finally, regularization controls the
overfitting risk by penalizing large weights in the model,
ensuring that it generalizes well to unseen data. Exploring
a range of regularization values helps maintain a good
balance between fitting the training data and ensuring
robust performance on new data. Compared to other
possible hyperparameters, these five have a more direct and
significant impact on the BILSTM model’s ability to process
time-series data effectively, making them the primary focus
for optimization. The optimization range of values for these
hyperparameters is presented in Table 1, which is crucial
for the value selection and should combine with theoretical
insights, empirical validations, and computational feasibility.

The optimization range for these hyperparameters
is designed to maintain an appropriate level of model
complexity and prevent overfitting:

Table 1 Hyperparameters and the range of values

Hyperparameters Ranges of values

Number of layers [1,4]

Number of units [50, 300]
Number of BiLSTM layer(s) [1,2]

Initial learning rate [1073, 1]
Regularization [10719, 1072

‘‘‘‘‘‘

1. The number of layers is restricted to between [1, 4] to
ensure sufficient model complexity.

2. The number of neural units is set between [50, 300] to
capture important patterns in data while avoiding an
over-parameterized model that could overfit.

3. The number of BiLSTM layers is kept between [1, 2] to
benefit from bidirectional sequence processing.

4. Initial learning rates are chosen from [0.001, 1]
to balance efficient convergence and the risk of
overshooting the optimal solutions.

5. Regularization parameters range from [107'°, 1072] to
provide a spectrum of weight penalties while preserving
model complexity.

During the Bayesian optimization process, it can be
assumed that the mean square error (MSE) loss function
of the parameter-fitting model follows a Gaussian process.
By modifying parameters, the posterior probability of this
function is obtained. Thus, the optimization process can be
divided into the following five steps:

1. The collective hyperparameters [hl, h2,..., hS]
are selected to calculate the loss function
[f(h1), f(h2),..., f(hS)], which follows the Gaussian
distribution, the loss function of which can be expressed
as follows:

f(hlzs)(~N<o,)K> o)
k(h,hy)-k(h,h
s 1 } 1 (11)

k(hs, hl) b k(hS, hs)

where K is defined as the core function and represents

the covariance of the above distribution. Unlike other
optimization methods like gradient descent algorithm,
Bayesian optimization does not require an explicit
expression of the function f. This step initializes the
process by sampling from the parameter space to
estimate the model’s performance.

2. The expected improvement (EI) function is employed in
the selection of sample points by estimating the potential
improvement achievable when exploring the vicinity of
the current optimal value. If the observed improvement
after executing an algorithm falls below the expected
level, it suggests that the current optimal point may be
susceptible to a local optimum [41]. In such situations,
the algorithm aims to identify an optimal point in
another region within the given domain. The present
h + 1is selected as the optimal combined parameters,
with y*, greater than (h + 1), as the threshold value.
Furthermore, the three-structured Parzen estimator
(TPE) is chosen to formulate the EI function [42], which
can be mathematically expressed as follows:
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yy* U~ (h) [, h(y)dy

_ ® —
El.(h)= [ " = »h(y|hdy TSI

[ ity < y*
= e 5 -
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where, £ (h) is the distribution function which is smaller
than y*, g(h) is the distribution function which is greater
than y*.

3. Then, the selection of a new sampling point involves a
comparison of the loss function of the existing point. A
next set of hyperparameters is selected by optimizing
EI function, which balances exploration (trying new
hyperparameter combinations) and exploitation
(focusing on regions that are likely to yield good
results). The new sampling point is identified as the one
that maximizes the value of the EI function.

h

= arg max EI(h)
next » (13)
4. To update the Gaussian process model f(x) and derive a
posterior distribution over functions, the new Gaussian
distribution is obtained by incorporating the next
sampling point as follows:

f(hlin) ~ K k/
[f(hm)] N <°’ [k’T k(s Pyens) ]) (14)
k' = [k(hnext’hl)’ 7k(hnexl’hn)]

The model is trained with the newly selected
hyperparameters, and the corresponding loss value is
computed. This new information is then used to update
the Gaussian process model, improving its predictions
for future iterations. And the Gaussian distribution of
f(h,, ) is shown as follows:

Fy DI hy.,) ~ N(p, 0%)
u=KTKf(hy.,) (15)
62 = k(hnext’ hnext) - k’TK_lk/

5. Steps 2 and 3 are repeated in an iterative manner until a
predetermined stopping criterion is met. This criterion
may involve reaching the maximum number of iteration
steps or ensuring that the difference between the current
and best values does not exceed a specified threshold.

The algorithm can be clearly divided into two components:
the updating of the posterior distribution and the optimization
of the acquisition function. As additional observations are
integrated, the posterior distribution is continually updated.
Utilizing the updated posterior distribution, the algorithm
identifies points that maximize the acquisition function and
includes them in the training data set.

2.4 Detection algorithm: Bayesian factor
and three-sigma rule

Within the domain of Bayesian statistics, Bayesian factor is
introduced as an intuitive and principled approach for model
selection [43], and a quantitative measure that compares the
relative likelihood (the strength of evidence) of the observed
data under two competing models. This allows for the
support of one model over the other based on the obtained
evidence.

When conducting a comparison between two models,
model 1 (M1) and model 2 (M2), characterized by their
parameter @, are assessed in relation to the data D in eq. 16:

_ P(D|M1) _ /p(D|91,M1)p(01|M,)d01
- p(DIM,) B / p(D16,,M,)p(6,|M,)d6,

10 (16)

From the equation provided, it is evident that the Bayesian
factor b, represents the ratio between two marginal
likelihoods. In this context, it explains the correlation
between the two models by considering the overall goodness
of each model to the observed data and the influence of
the prior probabilities assigned to the model parameters.
Essentially, the Bayesian factor serves as a scaling factor that
quantifies the degree to which the probability of a model is
modified, either increasing or decreasing, as a result of new
evidence from the data, denoted as D. This adjustment takes
into account the change in probability regardless of the prior
probability assigned to supporting model 1.

One prevalent interpretation (as shown in Table 2) of the
Bayesian factor was initially proposed in 1961 [44] and later
enhanced in 2022 [45].

Moreover, another alternative form is shown as follows:

P(M,|D)
P(M,|D)

P(M,)

= b
P(ML) 10 a7

Equation 17 can be interpreted as “Posterior model odds
= Prior model odds xb,,”, focusing on the impact of the
observed data on the likelihood of a model for the case study
in Sect. 3.

Table 2 Interpretation scheme for values of the Bayesian factor

Interpretation Bayesian factor
Ml Very strong support 10 to 30
Strong support 3o 30
Weak support l1to3
No support for either model 1
M2 Weak support 033to1
Positive support 0.1to0 0.33
Strong support 0.033 t0 0.1

uuuuuu
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The identification of the turning point in this time series
involves the utilization of the three-sigma limit theorem as a
suitable threshold for the minimum acceptable loss [46]. A
control range of 0.27 % is employed to define the parameter
range for subsequent calculations.

In practice, sigma serves as a statistical measure of
variability, indicating the degree to which the observed data
deviates from the mean value. During statistical calculations,
the data points are evaluated to determine if they fall within
three standard deviations (sigma) from the mean value.
Typically, data points are expected to follow a distribution
centered around the mean value and within predefined limits.
In a well-controlled process, approximately 99.73 % of the
data is anticipated to fall within plus or minus three standard
deviations (sigma) from the mean value. For instance, in
a normal distribution, less than 1 % of the data points lie
beyond the three-sigma threshold, either above or below
the mean value. Therefore, if the difference between the
predicted value and the actual value surpasses this threshold,
it can be considered a significant turning point or outlier.

3 Case study
3.1 Instrumentation system

For the purpose of this site test, a section of the traditional
slab (TS) track between two neighboring stations has been
replaced with a floating slab track (FST) infrastructure
in the underground railway system. This replacement
was aimed at mitigating structural vibrations within the
underground transit conduits. To assess the effectiveness
of this infrastructure replacement in reducing vibrations,
a comparison was made between the vibrations exhibited
by trains passing over the newly installed FST track and
the conventional TS track. A specific underground line was
selected to minimize external interference and ensure data
consistency. The line had fixed operational parameters-
consistent train schedules, routes, and speeds-allowing us to
control variables and focus on the effects of the track change.
The only modification was the replacement of the traditional
slab track (TS) with the floating slab track (FST), while all
other conditions, such as train type, speed, and time of day,
remained constant. This setup isolated the track change’s
impact on vibration and passenger comfort, ensuring that
any performance differences were solely due to the track
type change.

To conduct this evaluation, a sensing device was installed
within the driver’s cab of the train. This device consisted of
strategically placed piezoelectric accelerometers positioned
on the cab floor to measure accelerations. During the entire
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operational period, this system continuously gathered real-
time monitoring data.

The monitoring setup, as illustrated in Fig. 4a, shows
the measurement point located centrally in the driver’s cab.
Figures 4b and 4c display two uni-axis accelerometers used
for vertical acceleration measurement, along with the data
acquisition system employed during the experiment. The
data collection process strictly adhered to the ISO 2631-
1:1997 standard, with acceleration measurements taken from
a central position on the cockpit floor. These measurements
were used to compute the comfort index factor a,,, which
serves as a real-time indicator of passenger ride comfort.
To ensure the consistency and reliability of the collected
data, we carefully selected the time window of 9:00 a.m. to
10:00 a.m. daily, as this period coincides the peak passenger
density and maximum vehicle load, which are critical factors
influencing the vehicular ride comfort, according to statisti-
cal data provided by the underground train company. This
time window was chosen based on empirical observations of
the daily passenger flow and vehicle load patterns, ensuring
that the data captured during this period would accurately
represent the most challenging operational conditions for the
vehicle. The data collection spanned ten consecutive days on
the conventional TS track, followed by an additional eight
days after the installation of the FST track, providing a com-
prehensive dataset for comparative analysis. Throughout the
data collection period, the trains operated at a consistent
speed between 70 and 80 km/h to minimize the influence of
speed variations on the recorded acceleration data.

This study was focused on the vertical acceleration
response, the accelerometers were utilized to capture data at
a sampling rate of 20,000 Hz. This high-frequency sampling
facilitated the calculation of the acceleration data for the
determination of a,,.

3.2 150 2631-1:1997 standard

In the context of underground transportation, the primary
focus lies in evaluating the comfort experienced by
passengers during their ride. Consequently, the ISO 2631-
1:1997 standard was employed to establish methodologies
for quantifying the whole-body vibration (WBV) concerning
the following aspects: the impact on human’s health and
comfort, the likelihood of perceiving the vibration, and the
occurrence of motion sickness, and outlines the essential
elements that collectively determine the acceptable level of
vibration exposure.

Initially, several parameters were computed using
equations 18 to 22 to assess the characteristics of the
frequency-weighted accelerations, which included the root
means square (RMS) value a,,, the crest factor (X,,,,./X, )
the vibration dose value (VDV) and the maximum transient
vibration value (MTVV). The calculations were performed
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Fig.4 Accelerometers and data Z &

acquisition system for online ‘ |

monitoring of an underground / - - J ‘1

train oy o'y o'y o'y
Elevation

@ z-axis accelerometer

19890

520

i3

i

I I

ey |
e

|
2800

22100

Accelerometer

(b) Accelerometer

specifically for accelerations in the z-direction, with a
frequency-weighted filter W, applied.

As previously discussed, the underlying principle of the
FST is to reduce the transmission of vibrations from the
train to the structure by integrating a rigid spring-oriented
perpendicular to the ground. However, it has been observed
that although FST can effectively diminish vibrations in the
tunnel structure, it can also lead to an increase in vibrations
of the train in the direction perpendicular to the ground.
Therefore, in light of the vibration characteristics associated
with FST, this study primarily concentrates on analyzing
vibrations of the train in the direction perpendicular to the
ground.

LT 1/2
_|L 2

a, = [T /O aw(t)dt] ()
CF = Xpeak/ers (19)

T 1/4
VDV = [ / al (t)dt] (20)

0

MTVV = max [a,,(f)] 1)

T
¥

Top view

(a) Configuration of measurement point

f 1/2
a,(ty) = [% / afv(t)dt] (22)

where a,,(¢) is the frequency-weighted accelerations with
respect to time; a,(f,) is the operating RMS values of
frequency-weighted accelerations with respect to time; ¢
is the integration time; f, is the time of observation or the
instantaneous time. The steps of calculating comfort index
factor a,, are shown in the Table 3.

In Table 3, The CF represents the ratio of the peak
vibration measurement to the RMS vibration measurement,
expressed as CF = Peak/RMS. This CF value is utilized to
determine the suitable analysis method to be employed.

To identify the most appropriate quantification approach,
several parameters were evaluated, including CF, MTVV/a,,,
and VDV/(a,, T'/*). The acceleration data were collected
over a period of 18 days, encompassing different railway
slab tracks, with one hour of train operation per day. Within
each hour, the comfort index factor a,, was calculated at reg-
ular intervals of every 3 min. Before analyzing the original
time domain vibration data, several preprocessing steps were
applied to ensure data quality and consistency. First, noise
filtering was employed to eliminate high-frequency noise
and external environmental interference. A Butterworth low-
pass filter with a cutoff frequency of 80 Hz was applied to
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Table 3 Comfort index a,,

X ISO 2631-1:1997
factor evaluation process

Step 1 Measure and store accelerations in the z-direction at the seat/operator interface.

Step 2 Calculate the frequency weighted accelerations using the frequency weighting filters.
Step 3 Calculate the RMS value (a,,), the VDV and the MTVV.

Step 4 Analyze values of CF, MTVV/a,, and VDV/(aWT'/ 4) to be determine the suitable

quantification method. For a crest factor greater than 9, VDV values should be

used. For a CF less than or equal to 9, the RMS method should be used
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Fig.6 Comfort index factor a,, of traditional slab and floating slab
track

remove high-frequency noise beyond the ISO 2631-1:1997
standard’s effective range (0.1-80 Hz). Then, the filtered
data was normalized using the Z-score method to ensure that
all features, particularly acceleration measurements, were on
a comparable scale, facilitating the accurate computation of
the comfort index a,,. The processed acceleration signals in
the time domain can be observed in Fig. 5, while the evalu-
ation of a,, is depicted in Fig. 6.

According to ISO 2631-1:1997, the RMS approach
is considered suitable for evaluating the efforts of WBV

‘‘‘‘‘‘

Table 4 Evaluated factor values of time-series

Whole-body vibration evaluation factor Value
Crest factor CF 5.46
Composite weighted level a,, (m/s?) 0.08083
Maximum transient vibration MTVV (m/s?) 0.1367
Fourth power vibration dose VDV (m/s'7%) 0.5254
MTVV/a,, 1.491

if the CF remains below 9. However, the RMS approach
might underestimate the impact of WBV when MTVV/a,,
exceeds 1.5 or VDV/(aWTl/ 4y exceeds 1.75. As aresult of the
assessment, it is evident that the CF of the acceleration time-
series for TS and FST was 5.46 (<9), as shown in Table 4.
Furthermore, the VDV/(a,, T'/*) factor was 0.5254 (<1.5).
The MTVV/a,, factor was 1.491 (<1.75). Therefore, none
of these values surpassed the respective predefined limits.
Considering these results, it can be reasonably concluded
that the selected method remains appropriate for this case.

Several studies have compiled information regarding
the thresholds associated with various levels of predicted
“health risk” based on the “health guidance caution zone”
values outlined in ISO 2631-1:1997 [47]. These summarized
findings can be found in Table 5. It is important for the
predicted health risk in the aforementioned study case to be
lower than the values specified in Table 5.

4 Analysis results and discussions

The DEWESoft® system was employed to record the
vibration signals of the train body using the suggested
approach in Sect. 3. The data collection process involved
capturing acceleration time-series data of one hour daily
from the sensors installed on both TS and FST over a period
of 18 days. Specifically, 10 days of data were collected on
TS, while 8 days were dedicated to FST.

In accordance with the guidelines specified in the ISO
2631-1:1997 standard, the time-series data that was col-
lected underwent a conversion process to derive the comfort
index factor value, denoted as a,,. This computation was
carried out at intervals of three minutes, with 50 % overlap
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Table 5 Limits associated with different levels of predicted “health risk” according to the ISO 2631-1 (after [47])

ISO 2631-1 assessment of adverse health effects

Terminology used in this paper to  ISO 2631-1
describe the predicted health risks

a,, index value (m/s?) VDV (m/s'7%)

“For exposures below the zone (HGCZ), health effects have not
been clearly documented and/or objectively observed”

“... in the zone (HGCZ), caution with respect to potential health
risks is indicated”

““... above the zone (HGCZ) health risks are likely”

Moderate

<0.45 <8.5
0.45—0.90 8.5-17.0
High >0.9 >17.0

between consecutive intervals. Consequently, a series of
travel quality indices were generated, representing the oper-
ational characteristics of the monitored trains across each
time period depicted in Fig. 6.

Subsequently, the Bayesian optimization-based BiLSTM
technique/framework proposed in this study was utilized to
predict future observations, the complete training procedure
shown in Fig. 7.

The specific illustrations of each step can be seen as
follows:

1. Initially, the acceleration data were collected from a train
operating under a TS track and processed to compute
the comfort index factor a,,, which served as the
training input for a BILSTM model. Also, the Bayesian
parameter optimization method was then employed to
identify the optimal hyperparameters for the BILSTM
model, enhancing its predictive accuracy.

2. Subsequently, a distinct BILSTM model was established
and trained exclusively for trains operating on an FST,
utilizing fixed hyperparameters determined through
the prior optimization process. To enhance the
dataset, the comfort index factor a,, values from trains
operating under both slab conditions were combined.
This augmented dataset was then employed to make
predictions using the BiLSTM model, utilizing the
already established and fixed hyperparameters.

3. Utilizing the structural characteristics of the LSTM pre-
diction algorithm, sequential predictions were generated

Fig.7 Bayesian based BiLSTM '

by considering the preceding data prior to each subse-
quent observation. The resulting prediction errors were
recorded, and the turning point within these predicted
values was identified using the three-sigma theorem.
Subsequently, a comparison was conducted between
the comfort index factor a,, before and after this turning
point.

4. To determine the correlation between the two datasets,
Bayesian factors were calculated, and compared with the
standard values in Table 2.

To identify the most suitable training ratio for the training
set, it is crucial to compare the accuracy of the results
obtained from different training ratios. These ratios were
selected at intervals of 5 %, ranging from 50 to 90 %. Upon
verification, it was observed that the correlation between
the data reached its highest point at approximately 80 % of
the training ratio. Subsequently, the correlation gradually
decreased beyond that point, as depicted in Fig. 8. As a
result, a training data ratio of 80 % was utilized during the
model establishment process. It is worth mentioning that
decline in performance at the 60 % training ratio, can be
attributed to the lower quality of the data collected during
days 9, 10, and 11. This portion of the dataset exhibited
inconsistencies, which negatively impacted the model’s
ability to learn effectively. However, as the training
ratio increases beyond 60 %, more high-quality data is
incorporated into the training set, leading to a significant
improvement in model accuracy. This demonstrates the
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model’s ability to generalize and become more resilient to
lower-quality data.

After establishing the optimal training ratio, the Bayesian
optimization-based BiLSTM method was utilized to conduct
prediction and perform a targeted hyperparameter search,
focusing specifically on the TS segment. This approach
allowed for the identification of the most suitable hyper-
parameters for the model, ensuring optimal performance.

Figure 9 illustrates the predicted results of the one-step
forecasting process alongside the corresponding actual out-
comes for the comfort index factor a,,. These values were
derived from the original vibration signals at regular time
intervals. Subsequently, Bayesian optimization techniques
were utilized, resulting in the determination of the optimal
values for the hyperparameters, as presented in Table 6.

Following the Bayesian parameter optimization process,
the model achieved its highest correlation of 94.32 % by
using the aforementioned hyperparameter settings, the 20
% test dataset also showing a correlation of up to 90.45

‘‘‘‘‘‘

Table 6 Optimized hyperparameters under Bayesian optimization

Hyperparameters Range of values Optimal values
Number of layer(s) [1, 4] 1
Number of units [50, 300] 63
Number of BiLSTM layers [1,2] 1
Initial learning rate [1073, 1] 0.0243158
Regularization [10719, 1077 1.6720x10710

016
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Fig. 10 Rank correlation of data combined TS and FST

%. Then, the optimal hyperparameters were established as
the fixed parameters for the combined TS and FST dataset,
which remained unchanged throughout the analysis. The
range of layers [1,4] balances model complexity and over-
fitting risks, as deeper networks may fail to converge with
limited vibration data (18 days). The unit range [50,300]
is empirically set to cover both underfitting and overfitting
scenarios, determined by sampling across the range using a
Gaussian process model. For number of BILSTM layers, the
optimization indicated that a single BiILSTM layer was suf-
ficient to capture bidirectional dependencies, with additional
layers not providing a significant performance gain relative
to increased computational complexity. Then the model is
optimized through Bayesian sampling by iteratively refining
the learning rate to achieve fast, stable convergence. The
selected value minimized the loss function as measured on
the validation set across the iterations. A lower regulariza-
tion value was preferred as it resulted in a lower loss while
preventing overfitting. The process balanced the need for
weight penalization with the capacity required to adequately
learn from the data.

Upon incorporating the FST data into the entire dataset
while maintaining the fixed hyperparameters, the correla-
tion decreased from 94.32 to 76.87 %, which is shown in
the Fig. 10. The observed decrease in performance suggests
that the inclusion of FST data in the overall dataset has a
substantial impact on the prediction accuracy of the model.
This decline is not an unintentional setback but a deliberate
strategy employed to identify change points in operational
conditions. By examining the influence of introducing data
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from the complex track system on the model’s performance,
which had previously been calibrated for different condi-
tions, a calculated approach was taken to assess the impact
on prediction accuracy. While these solid results demon-
strate the model’s capability, they also reveal potential
limitations. The model could be prone to overfitting when
trained on a consistent dataset, and may underfit if the data
does not capture sufficient operational variability. Future
work will benefit from incorporating additional cross-val-
idation, data augmentation, and regularization strategies to
mitigate these issues and improve generalization.

The analysis conducted in Fig. 11 yielded a standard devi-
ation of 0.0153 for the comfort index factor a,, within the TS
part. The evaluation error reached its peak at the 225" sam-
ple. By employing the three-sigma control limits, the turning
point was identified as the moment when the error exceeded
three times the standard deviation. Importantly, these turning
points correspond closely with the actual observed changes
in the operating conditions.

Figure 12 illustrates the turning point that divides the
entire dataset into two distinct parts. To assess the correla-
tion between the data before and after the turning point,
it is necessary to calculate the Bayesian factors of these
two datasets, using equation 16, which yields a Bayesian

factor b;, = 4.92. It falls within the range [3, 10], indicat-
ing robust evidence of a “change” occurring between the
two parts, which further validates the reliability of the
aforementioned turning point.

5 Conclusions

This study introduces an innovative framework that
employs a Bayesian-optimized BiLSTM algorithm for the
monitoring of subway operational conditions and precise
assessment of vibration comfort levels.

By integrating real-time data collected via installed
sensing devices, the study has facilitated the extraction
of key operational indicators that adhere to the ISO 2631-
1:1997 standard for comfort quality.

The BiLSTM model, at the core of this framework, has
proven to be essential in enhancing the precision of the
analysis, owing to its fine-tuned hyperparameters achieved
through Bayesian optimization. The model’s ability to
facilitate predictive analysis and real-time monitoring
in condition forecasting and operational efficiency.
Quantitative analysis indicates that the optimized
bi-directional LSTM model attains a correlation of up to
94.32 % across the entire dataset and 90.45 % on the test
dataset.

The model’s effectiveness in identifying transitional
points in train operations and consistently differentiating
slab conditions has been proven through validation. The
proposed methodology integrates vibration data and
a ride comfort index to precisely detect changes in the
operational condition of the train, enabling early detection
of potential faults.

The findings underscore the effectiveness of this
approach in accurately determining the train’s operational
status. This research highlights the potential of machine
learning algorithms to enhance the safety and efficiency
of underground railways and emphasizes the critical role
of continuous monitoring and predictive maintenance in
transportation.
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