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Abstract

The straightness of rail joints is one of the critical factors affecting passenger comfort in
high-speed railways, and investigating its influence on the dynamic performance of the
vehicle–track system and riding comfort is of great significance. In this study, long-term
field measurements were conducted at a turnout joint of a newly constructed high-speed
railway in China, combined with multibody dynamics simulations, to systematically ana-
lyze the long-term evolution of rail joint straightness under various conditions, including
pre- and post-grinding, joint commissioning, official operation, and extreme weather. Based
on normalized data processing, the root mean square (RMS) index of joint straightness was
extracted for feature quantification. Together with vertical acceleration and the Sperling
index obtained from vehicle–track coupled dynamics simulations, a quantitative relation-
ship between straightness and comfort was established. The results indicate that the cubic
polynomial fitting method can effectively characterize the nonlinear mapping between
the RMS of joint straightness and the Sperling index, further revealing a critical thresh-
old at approximately 0.4 mm RMS beyond which vehicle running stability deteriorates
and ride comfort significantly worsens. This study provides a reliable theoretical basis
and engineering reference for the evaluation of rail joint quality and the optimization of
maintenance strategies.

Keywords: high-speed railway; rail joint straightness; ride comfort; multibody dynamics
simulation; long-term monitoring

1. Introduction
The construction and operation of high-speed railways have greatly improved trans-

portation efficiency and promoted rapid socioeconomic development. During high-speed
train operations, ride comfort not only affects the travel experience but also serves as
a key indicator for evaluating service quality and track condition. As a weak component of
the track structure, welded rail joints are susceptible to various influencing factors during
construction, grinding, and service stages. High-quality welded joints are essential to meet
the requirements of high smoothness, high reliability, and high stability in high-speed rail-
ways. Owing to their structural discontinuity, track joints are prone to inducing significant
impact wheel loads and rail displacements [1]. Rail joint straightness refers to the linearity
of the welded rail within a specified length range, which directly affects the safety and
comfort of train operations [2]. When deviations in rail joint straightness occur, they tend
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to induce impacts and vibrations within the vehicle–track system, which not only degrade
the dynamic performance of the structure but also accelerate the deterioration of track
components. Ultimately, such effects impair ride comfort and increase maintenance costs.
Therefore, accurately characterizing the relationship between rail joint straightness and ride
comfort is of great significance for achieving a quantitative evaluation of track condition
and optimizing maintenance strategies.

Extensive research has been conducted worldwide on the relationship between rail
joint conditions and ride comfort. In terms of joint detection, Xiao et al. [3] proposed a non-
contact straightness measurement method based on a laser profilometer, which improved
the accuracy of geometric deviation identification. Li [4] designed a novel straightness de-
tector and systematically analyzed its measurement errors. Tian [5] investigated measures
to improve joint straightness through welding process optimization tests. Zhong [6] com-
pared the geometric irregularities of flash welding and aluminothermic welding, providing
guidance for the selection of welding methods. Xiao [7] pointed out that longitudinal irreg-
ularities in rail conditions increase human vibration levels and reduce ride comfort indices.
Aldo La Placa [8] utilized seven longitudinal displacement sensors to monitor insulated
rail joints, and the data obtained can provide a feasible real-time monitoring solution based
on existing detection instruments. Additionally, methods commonly used both domes-
tically and internationally for detecting the service condition of rail joints are classified
into dynamic and static testing based on whether they occupy the operational time of
locomotives. Compared to the traditional method of measuring rail joints with rulers and
feeler gauges, various instruments have been invented in recent years for more portable
measurements. For example, the Italian company MERMEC developed a handheld rail
waviness measuring device, while the American company ENSCO designed and developed
an onboard rail waviness detection system and an onboard rail waviness analyzer [9]. As
shown above, existing research primarily focuses on different detection technologies and
their application scenarios, with each conducting analysis under specific conditions. Given
that this study requires efficient and portable acquisition of joint straightness data under
field conditions, and considering the widespread applicability of portable instruments, this
paper selects the MCRuler electronic straightedge as the measurement device to achieve
high precision and high repeatability in field testing.

Regarding ride comfort evaluation, Wawryszczuk [10] analyzed the influence of
vibration acceleration on comfort based on ISO 2631. This standard was also used by
Dragan Sekulić et al. [11], who identified the comfort zone for vibrations according to
this standard. Through modeling and simulations, they found that buses have different
oscillation zones with varying comfort evaluations. Dižo et al. [12] evaluated ride comfort
according to the European standard EN 12299:2009, and Bakinowski et al. [13] also utilized
this standard to identify which seats in vehicles cause vibration discomfort. These indicators
are represented in the frequency domain by the RMS with a weighting function, and another
commonly used index is the Sperling Wz index proposed by Sperling, which was also
adopted by Deng, who conducted a comparative analysis based on both time-domain and
frequency-domain approaches using algorithms involving the squared and cubed terms of
acceleration [14]. Additionally, some researchers have considered using different evaluation
methods and influencing factors. For example, Peng et al. [15] proposed a new evaluation
model for passenger comfort, which combines full-body vibration measurements with
subjective passenger comfort ratings to study the long-term passenger vibration comfort on
high-speed trains under different operational environments. Zhou et al. [16] studied whole-
body vibration comfort on long-span bridges under crosswind conditions. Yakovenko [17]
additionally considered thermal comfort, and R. Wawryszczuk et al. [18] incorporated
multiple factors—including vibration acceleration, air temperature, relative humidity,
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and illumination—into comfort experiments. Grossoni et al. [19] based on simulation,
revealed the relationship between joint geometry and peak impact forces. Overall, these
studies provide essential theoretical and data support for rail joint condition detection
and ride comfort evaluation. However, it should be noted that most existing results focus
on short-term measurements or analyses under single operating conditions, making it
difficult to comprehensively reflect the life-cycle evolution characteristics of rail joints from
welding, grinding, and commissioning to official operation. This study addresses this gap
by proposing a rail joint condition analysis and comfort evaluation method based on the
fusion of field measurement data and simulation results, aiming to establish a more timely
and full-cycle analytical framework.

On the other hand, multibody dynamics simulations have been widely employed for
comfort analysis. For instance, Li et al. [20] developed a vehicle–track coupled model using
Universal Mechanism (UM) version 7.0 to analyze dynamic characteristics such as nonlinear
critical speed, derailment coefficient, vibration acceleration, and running stability index.
Wang et al. [21] incorporated the bending behavior of rail pads into the track dynamic model
to enhance the accuracy of dynamic response predictions. Nevertheless, owing to the lack
of long-term and systematic field data, simulation results still face limitations in reflecting
actual service conditions. Similarly, Li et al. [22] proposed a method for monitoring the
reaction forces of rail fasteners through rail pad strain, calibrated by experimental finite
element simulations. However, these studies have primarily focused on force monitoring,
while investigations into the nonlinear or threshold effects between ride comfort indices
and rail joint straightness remain scarce.

Based on the above literature review and current research status, this study proposes
the following research hypothesis: whether long-term and continuous measurements of rail
joint straightness, combined with multibody dynamics models validated by field data, can
be used to establish a quantitative mapping between joint straightness and ride comfort,
thereby enabling predictive evaluation of comfort.

To verify this hypothesis, a nine-month long-term monitoring campaign was carried
out at the joints before and after a turnout on a newly constructed high-speed railway in
China. The measurements covered multiple representative conditions, including pre- and
post-grinding, commissioning, official operation, and extreme weather, thereby systemat-
ically capturing the evolution of joint straightness. On this basis, vehicle–track coupled
dynamics simulations were further conducted to extract vertical acceleration and the Sper-
ling comfort index, establishing a quantitative relationship between joint straightness and
ride comfort. This research design aims to provide reliable data and modeling support for
an in-depth investigation of the relationship between joint geometry and ride comfort, and
to lay the foundation for the subsequent analyses presented in this paper.

This study establishes a comprehensive “measurement–simulation–mapping” frame-
work to explore the quantitative relationship between rail joint straightness and ride
comfort. The framework flowchart is illustrated in Figure 1 below. The paper is structured
into six main sections. Section 2 introduces the long-term field measurement program,
data preprocessing methods, and the process of multibody dynamics modeling. Section 3
presents the simulation results under different operating conditions and evaluates ride com-
fort based on the Sperling index. Section 4 develops a quantitative mapping between joint
straightness and ride comfort through fitting analysis, followed by a discussion combining
field measurements and simulation results. Section 5 provides an in-depth discussion of the
conclusions, analyzes the study’s limitations, and highlights directions for future research.
Finally, Section 6 summarizes the overall conclusions of the paper.
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Figure 1. Flowchart of the “Measurement–Simulation–Mapping” Framework.

2. Materials and Methods
2.1. Field Measurement

Field measurements were conducted at the aluminothermic welded rail joints located
before and after Turnout No. 201 (construction code 101, mileage D1K31+414.600) on the
downline of a newly constructed high-speed railway in China. The location of the test site
and a photograph of the field measurements are shown in Figure 2.

(a) 

 
(b) 

Figure 2. Test Site Location. (a) Test section 210; the green dots denote railway signals, while the red
dots indicate turnout numbers.; (b) Field-measured rail joint.
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The commissioning tests of the high-speed line began on 14 September 2024, and com-
mercial operation commenced on 26 December 2024. The field measurements started on
14 August 2024, and were conducted continuously for a period of nine months. The
campaign covered multiple conditions, including pre- and post-rail grinding, the commis-
sioning period, extreme weather, and post-operation scenarios. The specific measurement
dates and corresponding conditions are summarized in Table 1.

Table 1. Measurement Period and Operating Conditions.

No. Test Date Operating Conditions

1 14 August 2024 Rail before grinding
2 16 August 2024 Rail before grinding
3 23 August 2024 Rail after grinding
4 26 August 2024 First rail grinding
5 10 September 2024 Extreme rainfall conditions
6 15 October 2024 One month after commissioning tests
7 24 December 2024 Two days before commercial operation

For the measurements, three repeated tests were conducted on both the left and right
rails at the joint before Turnout No. 201, with the measurement range extending 1.5 m on
each side of the joint (corresponding to 5 spans and 6 sleepers, for a total of 3 m). Similarly,
three repeated tests were carried out on both rails at the joint after Turnout No. 201, with
the measurement range extending 0.9 m on each side of the joint (corresponding to 3 spans
and 4 sleepers, for a total of 1.8 m).

To conduct the experimental investigation, a modern rail straightness measurement
instrument, the MCRuler electronic straightedge (model CRMR-100M, Shenzhen EBO-
RAIL Technology Co., Ltd., Shenzhen, China), was employed. The device features high
measurement accuracy and operational stability. It provides a repeatability precision of
0.01 mm and an absolute accuracy of 0.02 mm, with a measurable wavelength range of up to
3000 mm. The instrument enables simultaneous dual-track measurements of both the rail
top and side surfaces, and a single measurement operation can cover a length ranging from
10 m to 100 m. The total length of the device is 300 mm, and its weight is less than 3 kg,
making it highly portable and suitable for on-site applications.

The measurement system is equipped with the MCRuler V2 software, which operates
on an Android-based host platform and communicates with the measuring unit via Wi-
Fi. The software allows real-time display of measurement results and supports data
preview and export, thereby facilitating subsequent data analysis and processing. The
device is factory-calibrated by the manufacturer to ensure the reliability and consistency of
measurement results. Figure 3 illustrates the application of the MCRuler instrument during
on-site rail straightness measurements.

 

Figure 3. Schematic diagram of the CRMR-100M instrument.
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2.2. Data Preprocessing

Although a standard instrument was employed for straightness measurements, the
manual nature of the testing made it impossible to ensure that the three repeated mea-
surements at the same site were conducted at exactly the same mileage. In addition, each
measurement inevitably contained certain human and instrumental errors. As a result,
the raw data could not be directly used and required preprocessing to obtain normalized
datasets. In this subsection, the top-surface waveform of the right rail before Turnout
No. 201 is used as an illustrative example.

The raw data acquired from each measurement generally reflected the variation trend
of rail straightness. However, the original signals were accompanied by disturbances
such as jitter, unsmoothed profiles, sharp high-frequency fluctuations, and noise caused
by alignment errors and external interferences during manual operations. Furthermore,
surface oxides introduced “burrs” in the waveforms [3], as highlighted in the circled region
of Figure 4a.

(a) (b) 

Figure 4. Results of data filtering. (a) Raw measurement waveform; (b) Filtered waveform. The
blue frames highlight the selected sections used for partial comparison between the raw and
filtered waveforms.

Therefore, data preprocessing was required. With the rapid development of rail quality
inspection technology in China, a relatively complete system of testing techniques, quality
assessment criteria, and data processing methods has been established [23,24]. Existing
approaches, such as trend component removal using Fourier transform and inverse Fourier
transform, as well as moving-window techniques for eliminating abnormal segments, have
demonstrated effectiveness in outlier handling [25].

The moving average filtering algorithm replaces the central value of a data window
with the average value of all points within that window [26]. The response of the central
point under this filtering scheme is expressed as in Equation (1).

f (x) =
1
m

m

∑
1

g(r) (1)

In Equation (1), g(r) represents the raw measurement data, and m denotes the
window length.

By adjusting the value of m, different smoothing effects can be achieved [27]. This
method is simple and reliable, allowing for the elimination of obvious instrumental errors
or outliers in a single step, thereby producing processed data that are smoother than the
original measurements.

In this study, the window length was set to 5 (kernel size = 5). After outlier removal
and filtering, the results are shown in Figure 4b. It can be clearly observed that the data



Vehicles 2025, 7, 148 7 of 23

waveform became smoother after filtering, thereby providing more favorable conditions
for subsequent alignment and analysis.

In addition, since three repeated measurements were conducted for each experiment
and all were performed manually, it was not possible to ensure that each measurement
started exactly from the same point. As a result, mileage deviations occurred, as shown
in Figure 5a. Therefore, data alignment was performed to ensure absolute consistency in
mileage across measurements. After alignment, the three datasets were averaged to obtain
the final results, making the measurement data more standardized.

 
(a) (b) 

Figure 5. Results of alignment and averaging. (a) Waveforms before alignment; (b) Waveforms
after preprocessing.

During the data alignment process, the cross-correlation method was applied to
register multiple measurement datasets by calculating their relative positional offsets and
translating the signals to achieve mileage matching. Specifically, a “two-step alignment”
strategy was adopted in this study: first, the first dataset was taken as the reference, and
the second dataset was aligned accordingly; subsequently, the third dataset was aligned
with the averaged waveform of the first two. After this procedure, the three datasets were
merged to form the final averaged waveform, as shown in Figure 5b.

2.3. Data Analysis

A total of eight straightness measurements were conducted on both the left and right
rails of the sections before and after Turnout No. 201. After mileage alignment, the results
of each measurement were plotted and compared to analyze the trends, thereby revealing
the variation characteristics of rail joint straightness under different operating conditions.
The results are presented in Figure 6.

As shown in Figure 6a,b, comparative analysis reveals that both the left and right
rails before the turnout exhibit a pronounced bulge in the 1.5–1.7 m range. This feature is
stable and indicates the presence of a welded bead at the joint, with a maximum height
of approximately 1.6 mm and a minimum of about –1.0 mm, resulting in a longitudinal
variation exceeding 2.6 mm across the entire segment. The most significant changes
occurred between 14 August and 26 August, corresponding to the period before and
after grinding. Subsequently, the profiles gradually stabilized, and by 12 April 2025—
three months after the start of commercial operation—the contours had become lower and
smoother overall, although some localized irregular fluctuations still remained compared
with the initial stage.
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(a) (b) 

  
(c) (d) 

Figure 6. Comparison of waveforms from eight measurements. (a) Left rail before the turnout;
(b) Right rail before the turnout; (c) Left rail after the turnout; (d) Right rail after the turnout.

As shown in Figure 6c,d, comparative analysis of the eight measurement results
indicates that both the left and right rails exhibit pronounced bulges in the critical region,
for example between 1.5 m and 1.7 m. This feature remained stable across multiple
measurements, confirming that it corresponds to the welded repair area at the joint. The
maximum waveform amplitude reached approximately +1.6 mm, while the minimum
was about −1.0 mm, resulting in a total longitudinal variation of around 2.6 mm. The
most substantial changes in rail straightness occurred during the period from 14 August to
26 August, after which the profiles gradually stabilized. By 12 April 2025, three months
after the commencement of commercial operation, the rail contours had become lower and
smoother overall, although localized irregular undulations were still present compared
with the initial stage.

A comprehensive analysis of the eight straightness measurements reveals that, prior
to grinding, the overall waveform trends of each measurement were generally consistent,
indicating good data stability; however, the straightness errors were relatively large, with
pronounced local peaks and sharp fluctuations.

The most significant changes occurred before and after the first grinding on 26 August,
when the results clearly showed that the bulges at the rail joints were substantially reduced,
the overall straightness was markedly improved, and the waveforms became smoother
compared with the pre-grinding condition, thereby verifying the effectiveness of grinding
in mitigating local protrusions. In the measurements conducted on 10 September under
extreme rainfall conditions, the straightness curve in the first half was generally lower than
in the previous measurement, while the second half was slightly higher. Nevertheless,
the overall variation remained limited, indicating that extreme rainfall introduced certain
disturbances but did not fundamentally alter the overall trend. During the subsequent
commissioning and commercial operation stages, continuous grinding maintenance was
applied at the rail joints to ensure operational safety. The results from 15 October onward
show that the waveforms gradually stabilized, with significantly enhanced smoothness,
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although minor local undulations or rebounds were still observed. Three months after the
commencement of commercial operation, due to the combined effects of repeated train
loads as well as temperature and human factors, the straightness curve at the joint exhibited
a slight upward arch compared with the early operation stage. However, the overall profile
became smoother, suggesting that the structure had gradually entered a stable service state.

3. UM Simulation Modeling and Analysis
3.1. Model Development

Irregularities at rail joints induce complex vehicle–track coupled dynamic responses.
Field measurements alone are insufficient to fully reveal their effects on ride comfort,
as straightness data only provide information on geometric deviations without directly
establishing a relationship between straightness and comfort. Therefore, the multibody dy-
namics software Universal Mechanism (UM), version 9.0 (Moscow, Russia) was employed
to build a simulation platform. By importing the measured straightness data as track
irregularity inputs into the UM model and extracting the corresponding dynamic indices,
a quantitative mapping from “geometric features” to “comfort indices” was established.

In Chinese high-speed trains, the car body, bogies, and wheelsets are modeled as rigid
bodies, which together form a multibody system interconnected by nonlinear or linear
springs and dampers. The vehicle degrees of freedom account for the displacements and
rotations of the car body, bogies, and wheelsets, while wheel rotational irregularities caused
by non-uniform angular velocity are not considered. The primary suspension system
connects the wheelsets to the bogies, whereas the secondary suspension system connects
the bogies to the car body.

The vehicle model consists of one car body, two bogies, and four wheelsets. The
car body and each bogie are assigned five degrees of freedom, namely bounce, lateral
displacement, pitch, roll, and yaw. Each wheelset is assigned four degrees of freedom,
including bounce, lateral displacement, roll, and yaw. In total, a single vehicle comprises
31 degrees of freedom [28], as illustrated in Figure 7, which presents the schematic of the
vehicle model with degrees of freedom, stiffness, and damping.

The meanings of the symbols shown in Figure 7 are summarized in Table 2.
The governing equations of the vehicle system are given as:

Mv
{ ..

uv(t)
}
+ Cv

{ .
uv(t)

}
+ Kv{uv(t)} = Fwr (2)

As shown in Equation (2), Mv, Cv, Kv denote the mass, damping, and stiffness ma-
trices of the vehicle, respectively.

..
uv(t),

.
uv(t), uv(t) represent the acceleration, velocity,

and displacement vectors of the vehicle, respectively. Fwr denotes the wheel–rail contact
force vector [29].

The high-speed measurements on the railway line were conducted using the
CRH380BJ-0301 comprehensive inspection train. This train performs integrated inspections
on high-speed lines to ensure the proper operation of the track and related systems. There-
fore, the parameters of the vehicle model were selected based on those of the CRH380 train,
as referenced [30,31], and are summarized in Table 3.
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(a) (b) 

 
(c) 

Figure 7. Schematic diagram of vehicle calculation model. (a) Front view; (b) Plan view; (c) Side view.

Table 2. Degree of freedom, stiffness and damping symbols of vehicle structures.

Symbol Definition

Zc, Zbi, Zwi Bounce degrees of freedom of car body,
bogies, and wheelsets

Yc, Ybi, Ywi Lateral degrees of freedom of car body,
bogies, and wheelsets

βc, βbi Pitch degree of freedom of car body and bogies

Ψc, Ψbi, Ψwi Yaw degrees of freedom of car body,
bogies, and wheelsets

Φc, Φbi, Φwi Roll degrees of freedom of car body,
bogies, and wheelsets

Mc, Mb, Mw Mass of car body, bogies, and wheelsets

Iwx, Iwy, Iwz Moments of inertia of wheelsets in roll,
pitch, and yaw

Ibx, Iby, Ibz Moments of inertia of bogies in roll,
pitch, and yaw

Icx, Icy, Icz Moments of inertia of car body in roll,
pitch, and yaw

Kpx, Kpy, Kpz Primary suspension stiffness in longitudinal, lateral, and
vertical directions

Cpx, Cpy, Cpz Primary suspension damping in longitudinal, lateral, and
vertical directions

Ksx, Ksy, Ksz Secondary suspension stiffness in longitudinal, lateral, and
vertical directions

Csx, Csy, Csz Secondary suspension damping in longitudinal, lateral, and
vertical directions
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Table 3. Main parameters of the vehicle model.

Structure Parameter Symbol Value

Car body

Mass t 33.786
Roll moment of inertia kg·m2 109,500
Pitch moment of inertia kg·m2 1,660,000
Yaw moment of inertia kg·m2 1,562,300

Bogie frame

Mass t 2.056
Roll moment of inertia kg·m2 1390
Pitch moment of inertia kg·m2 2590
Yaw moment of inertia kg·m2 3800

Fixed wheelbase m 17.5
Wheel base m 2.5

Wheelset

Mass t 1.627
Roll moment of inertia kg·m2 825
Yaw moment of inertia kg·m2 830

Rolling radius m 0.43

Primary
suspension

Vertical stiffness kN/m 1772
Longitudinal and lateral stiffness kN/m 980

Vertical damping kN·s/m 20

Secondary
suspension

Vertical stiffness kN/m 450
Longitudinal and

lateral stiffness kN/m 133

Vertical damping kN·s/m 20
Longitudinal and lateral damping kN·s/m 20

In railway vehicle dynamics modeling, the construction process generally follows
a bottom-up sequence of defining bodies, joints, and force elements. Specifically, the
wheelsets, axle boxes, bogie frames, car body, joints, and force elements are defined step by
step, after which the bogie subsystem is further established [20]. Based on the aforemen-
tioned parameters, the bogie model was developed as illustrated in Figure 8.

 

Figure 8. The bogie model.

The track model was established using the flexible track module of UM software, which
allows detailed simulation of the fastening system, sleepers, and subgrade support. The
rails were modeled as flexible beams discretely supported by sleepers, the fastenings were
represented by force elements, and the sleepers were modeled as rigid bodies connected
to the underlying foundation through force elements. These components can be directly
inserted in UM. Since this study focuses on straightness, only the track smoothness in UM
was modified by inputting the measured straightness data; therefore, it was not necessary
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to build separate track models. The simulation approach and conclusions reported in
references [19,20,32] were used as references for the UM simulation setup. The final
integrated model is shown in Figure 9.

 
Figure 9. Vehicle–track coupled model established in UM.

3.2. Simulation Validation

To verify the accuracy of the established model, a benchmark simulation was per-
formed using the irregularity sample officially provided by the UM software. The resulting
car body vertical acceleration curve is shown in Figure 10, and the corresponding Sperling
index of the sample is Wz = 0.8049. In high-speed railway operations, the target comfort
range of the Sperling index is generally controlled between 0.8 and 1.3. The result obtained
in this study falls within this range, indicating that the established model is reasonable and
can be effectively used to calculate car body acceleration and Sperling index values under
different rail joint straightness conditions.

 
Figure 10. Vertical acceleration waveform of the sample.

3.3. Simulation Analysis

In this section, the processed top-surface straightness data of the rail joints were
imported into the UM model to obtain vertical acceleration responses and calculate the
corresponding comfort indices.

Since the irregularity spectrum file (way) in UM requires a mileage interval of
0.1 m, while the preprocessed data had an interval of 0.005 m, further transformation
was necessary. Specifically, integers from 0 to 19 were first added at the beginning of the
mileage sequence. Subsequently, each value in the preprocessed first column was increased
by 20 and arranged in order. After this, additional integers were appended to extend the
sequence to the maximum value of 100. Meanwhile, the second column of the prepro-
cessed data was multiplied by 0.001 and aligned with the shifted first column (i.e., offset
by 20), while the remaining mileage values in the first column were assigned zero wave-
form values. The final processed dataset was then imported into UM and converted into
an irregularity spectrum.
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On the one hand, several international standards have explicitly required the use
of acceleration to evaluate ride comfort. A direct and critical relationship exists between
acceleration and ride comfort, as variations in vehicle acceleration are the primary phys-
ical factor causing passenger discomfort; in essence, “ride comfort” can be regarded as
an evaluation index of the acceleration signal. On the other hand, the instrument used
in this study was capable of collecting longitudinal and lateral irregularities at welded
joints, corresponding to the rail top and rail side waveforms, respectively. Considering that
vertical acceleration exhibits significant sensitivity to ride comfort, particularly due to the
induced sensations of vertical bumping and longitudinal push–pull, vertical acceleration
(i.e., in the Z-axis direction) was therefore selected as the primary evaluation index. It
directly affects passenger comfort and is the most commonly used parameter for comfort
assessment, especially in the context of high-speed rail.

The processed top-surface irregularity spectra under different operating conditions
were input into the multibody dynamics software UM. Based on field measurements of the
high-speed line, the train operating speed was set to 300 km/h for the simulations, and
the resulting vertical acceleration responses were obtained. The eight sets of processed
straightness data were individually imported into the UM model to calculate the car body
vertical acceleration, and the corresponding waveforms were plotted in the same coordinate
system. The results are presented in the box plots shown in Figure 11, where (a) corresponds
to the car body vertical acceleration before Turnout No. 201, and (b) corresponds to that
after Turnout No. 201.

(a) (b) 

Figure 11. Vertical acceleration. (a) Before Turnout No. 210; (b) After Turnout No. 210.

As shown in Figure 11, the car body vertical acceleration exhibits clear periodic oscil-
lations along the running direction, directly reflecting the influence of rail joint geometric
irregularities on the vehicle dynamic response. The mean and median values of the mea-
surements are close to each other, with the distributions being relatively symmetric and
without evident skewness, indicating that the dynamic responses during train operation
remained stable.

From August 2024 to April 2025, as grinding maintenance was performed and the
line gradually entered a stable operational stage, the amplitudes of acceleration curves
before and after the turnout both showed a decreasing trend, with the waveforms becoming
smoother. This indicates that under long-term train operation and maintenance interven-
tions, rail joint irregularities were effectively controlled and the dynamic performance
of the vehicle–track system progressively improved. For the section before the turnout,
the acceleration waveforms displayed larger oscillation amplitudes with significant peak-
to-valley differences, suggesting that the geometric irregularities of the rail joint exerted
stronger excitation on the vehicle dynamic response. In the early stage, before grinding, the
waveforms exhibited sharp fluctuations and pronounced peaks, whereas after grinding,
the oscillation amplitudes decreased considerably and the waveforms became smoother,
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demonstrating the effectiveness of the grinding process in reducing vehicle vibrations. In
contrast, the overall amplitudes of the acceleration curves after the turnout were smaller,
indicating that the irregularities at the post-turnout joint had a weaker influence on the
vertical response of the car body. Although differences among operating conditions still
existed, the overall fluctuations remained moderate, reflecting a more stable dynamic state
at the post-turnout location.

The Sperling index, established on the basis of extensive experimental studies, serves
as a stability criterion for evaluating both the running quality of vehicles and passen-
ger ride comfort. Since the present study primarily focuses on quantitatively analyzing
the relationship between track alignment and ride comfort under different operating
conditions—aiming to provide relative comparisons and trend assessments rather than an
in-depth investigation of comfort itself—the Sperling index is adopted as the evaluation
indicator. Moreover, the UM software used in this study is equipped with a built-in function
that directly outputs the Sperling index, making it more convenient compared with other
comfort evaluation indices. Therefore, the Sperling index is ultimately selected as the ride
comfort metric. Its relationship with acceleration is expressed in Equation (3).

W = 0.896 10

√
a3

f
F( f ) (3)

where a denotes the vibration acceleration, and F( f ) represents a correction factor as-
sociated with vibration frequency. This factor is introduced to account for the varying
sensitivity of the human body to different vibration frequencies.

The processed measurement data were imported into UM, and the Sperling index
results Wz for different operating conditions were finally obtained, as summarized in
Table 4.

Table 4. Results of the Sperling index Wz.

Date Before Turnout Wz After Turnout Wz

14 August 2024 0.4719 0.3841
16 August 2024 0.4685 0.3853
23 August 2024 0.4684 0.3828
26 August 2024 0.4069 0.3463

10 September 2024 0.4034 0.3423
15 October 2024 0.3757 0.3243

24 December 2024 0.3822 0.3370
12 April 2025 0.3628 0.3274

The Sperling index is a commonly used indicator for evaluating ride comfort. A larger
value corresponds to stronger vibration perception and poorer comfort, while a smaller
value indicates higher ride comfort. In general, when Wz > 1.5 passenger comfort is ad-
versely affected, whereas when Wz < 1.5, passengers generally feel comfortable. The results
of the Sperling index presented in Table 4 show that different operating conditions yield
different values, confirming that the state of rail joints influences ride comfort. Specifically,
when rail welds are poorly ground, local straightness deteriorates, leading to geometric
irregularities. This condition amplifies the wheel–rail system response, producing impacts
and jolts that increase car body or seat vibrations and elevate acceleration levels, ultimately
causing passenger discomfort. These findings demonstrate that rail joint straightness has
a measurable influence on ride comfort, and a mathematical relationship exists between
the two.
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4. Results and Analysis
4.1. Data Feature Extraction

To conduct the data fitting analysis, the measured rail joint straightness data were
correlated with the ride comfort indices obtained from the subsequent UM simulations to
establish the corresponding trend curves. Accordingly, a scalar indicator was extracted
from the processed rail joint straightness profiles to enable a quantitative description of the
geometric deviation at the rail joints.

During the field measurement stage, due to the structural constraints of the instrument,
the straightness at the left and right rail joints could only be measured separately, resulting
in two independent straightness profiles. In the UM multibody dynamics model, however,
the left and right rail straightness irregularities are applied simultaneously as a combined
input to the vehicle system, and the model outputs a single car body vertical acceleration
response together with the corresponding Sperling index. To ensure a one-to-one corre-
spondence between the measured data and the simulation results, it is therefore necessary
to fuse the left and right rail straightness into a single representative indicator. On this
basis, the root mean square (RMS) is adopted in this study as the characteristic index of rail
joint straightness.

The RMS can comprehensively evaluate the overall deviation intensity of rail joint
waveforms and has been widely used in railway engineering as a robust indicator of overall
roughness levels [33]. It not only reflects the energy content of irregular signals but is also
less sensitive to local peaks or noise. The governing equation is given in Equation (4).

RMS =

√
1
n

n

∑
i=1

x2
i (4)

In Equation (4), x2
i denotes the squared amplitude of each sampling point of

the waveform.
Considering that, in the UM simulations, the irregularities of the two rails act jointly on

the vehicle system, the left and right rails should also be treated as an integrated entity when
constructing the indicator, without assigning any preference to either side. Accordingly,
based on the standard RMS definition, the composite root mean square (composite RMS) is
calculated by first summing the squared straightness deviations of the left and right rails at
each corresponding sampling point, then averaging over all sampling points, and finally
taking the square root. This composite RMS provides a more appropriate global measure
of the combined irregularity that governs the dynamic response. Moreover, the field test
results indicate that the joint straightness levels of the two rails on the investigated line are
of the same order of magnitude. Therefore, the composite RMS indicator can reasonably
characterize the overall geometric deviation at the joint and reflect the straightness level of
both rails. The calculation is expressed in Equation (5).

RMScombined =

√
1

2n

n

∑
i=1

(x 2
Li + x2

Ri

)
(5)

The parameters in Equation (5) are defined as follows:

left rail straightness waveform: xL = xL1, xL2, . . . , xLn;
right rail straightness waveform: xR = xR1, xR2, . . . , xRn

The RMS values of the preprocessed straightness data were extracted as feature
indicators, and the results are summarized in Table 5.
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Table 5. RMS values of the preprocessed straightness data.

Date Before Turnout RMS/mm After Turnout RMS/mm

14 August 2024 0.6189 0.1976
16 August 2024 0.6210 0.2023
23 August 2024 0.6232 0.1811
26 August 2024 0.4388 0.1333

10 September 2024 0.3695 0.1212
15 October 2024 0.1776 0.0916

24 December 2024 0.1936 0.1061
12 April 2025 0.1863 0.0948

4.2. Data Fitting Analysis

According to previous studies, for example, Li et al. [34] employed rail pad strain data
as the most direct response of the track structure to evaluate strain-related damage. How-
ever, the relationship between rail joint straightness and ride comfort cannot be measured
in real time or conveniently, and can only be estimated through indirect measurement
techniques. To address this limitation, this study proposes a data fitting analysis approach.
Using field measurement data, combined with simulation and computation, a mapping
between rail joint straightness and ride comfort was established, thereby revealing the
nonlinear relationship between the RMS index of rail joint straightness and passenger
comfort (Sperling index).

4.2.1. Nonlinear Regression Models and Comparative Analysis

To characterize the complex nonlinear relationship between rail joint irregularities and
the resulting passenger comfort indices, a nonlinear regression model was employed to
establish the correlation between rail joint straightness and ride comfort. Nonlinear models
include generalized linear models, nonparametric regression models, and curve-fitting
approaches. Among these, curve fitting is one method of nonlinear regression, in which an
appropriate curve model is applied to experimental data, and the fitted curve is derived by
applying the least squares method to obtain its mathematical expression [35].

In this study, a polynomial function was employed for the curve-fitting task to establish
the nonlinear relationship between the RMS of rail joint straightness (geometric feature) and
the Sperling index (comfort indicator). The fitting objective is expressed in Equation (6).

Sperling index = f (RMS) = a0 + a1x + a2x2 + a3x3 (6)

where x denotes the RMS value of rail joint straightness (in mm).
To determine the optimal regression model, linear (first-order), quadratic (second-

order), and cubic (third-order) polynomial fittings were performed. The coefficient of
determination (R2) was adopted as the evaluation metric [36], and its calculation is given
in Equation (7).

R2 =
SSR
SST

= 1 − SSE
SST

=
∑n

i=1(ŷi − y)2

∑n
i=1(yi − y)2 (7)

where SSR denotes the regression sum of squares, SST the total sum of squares, and SSE the
residual sum of squares, with SST = SSR + SSE, is the number of experimental samples,
ŷi represents the predicted value, y the mean value, and yi the observed value.

The fitting results show that the coefficient of determination was R2 = 0.9315 for the
linear polynomial fitting, R2 = 0.9385 for the quadratic fitting, and R2 = 0.9898 for the
cubic fitting, and the corresponding results are summarized in Table 6.
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Table 6. Coefficients of determination R2 for different models.

Fitting Model R2

Linear polynomial model 0.9315
Quadratic polynomial model 0.9385

Cubic polynomial model 0.9898
Exponential model 0.9615
Power-law model 0.9048

Support vector regression (SVR) model 0.9692

Specifically, the linear model explains approximately 93% of the variance, the quadratic
model improves slightly to 94%, while the cubic model approaches 99%, providing a more
accurate characterization of the nonlinear relationship between RMS and ride comfort. The
fitted curves of the three models are plotted in Figure 12.

 
(a)  (b) 

 
(c) 

Figure 12. Fitting curves between RMS and the Sperling index. (a) Linear polynomial fitting;
(b) Quadratic polynomial fitting; (c) Cubic polynomial fitting.

As shown in Figure 12, the linear polynomial fitting curve exhibits an overall mono-
tonic increasing trend without reflecting any apparent threshold. The quadratic polynomial
fitting curve shows slight curvature, but the variation is limited and insufficient to capture
abrupt changes. In contrast, the cubic polynomial fitting curve demonstrates a “gentle–
steep” progression, forming a clear S-shaped inflection and successfully capturing the trend
of accelerated deterioration.

In addition to the comparative analysis of first-, second-, and third-order polyno-
mial nonlinear regression models, this study further tested exponential and logarithmic
fitting models to verify the superiority of the nonlinear mapping approach. The results
show that the exponential model yields R2 = 0.9615, while the power-law model yields
R2 = 0.9048, both significantly lower than that of the cubic polynomial fitting (R2 = 0.9898).
The corresponding results are summarized in Table 6.
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Meanwhile, to compare the fitting performance with a more advanced nonlinear
model and further demonstrate the superiority of the finally selected model, an SVR
model with a radial basis function (RBF) kernel was constructed by using the RMS in-
dex as the input feature and the Sperling index Wz as the output variable. A standard
workflow consisting of data standardization, SVR fitting, and hyperparameter tuning via
grid search combined with five-fold cross-validation was adopted to optimize the penalty
parameter C, the kernel parameter γ, and the insensitive loss parameter ε, leading to the
optimal combination C = 1000, γ = 0.1, and ε = 0.01. With these hyperparameters, the SVR
model retrained on the entire dataset achieves a coefficient of determination of R2 = 0.9692,
and the corresponding results are summarized in Table 6.

The coefficient of determination R2 ranges from 0 to 1, and values closer to 1 indi-
cate better goodness of fit. As shown in Table 6, the cubic polynomial model and the
SVR model exhibit substantially better fitting performance than the other candidate models.
However, the SVR model does not provide a concise, standardized analytical expression;
its predictions rely on a large number of support vectors, which makes it less interpretable
from an engineering point of view. In contrast, the cubic polynomial model yields a clear
and easily interpretable explicit expression that explicitly reveals the threshold position
of joint straightness, and is therefore more straightforward and convenient to use for
maintenance decision-making.

In summary, a cubic polynomial nonlinear regression model was selected, and the
resulting Equation (8) is given as:

Sperling = 3.3745x3 − 3.7009 + 1.3915x + 0.2244 (8)

4.2.2. Significance and Robustness Tests of the Model

1. Significance test

To verify the robustness and stability of the fitting model, a significance test was per-
formed on the cubic polynomial nonlinear regression model. The significance test evaluates
the model by analyzing the F-statistic and its corresponding significance level (sig.) in
the analysis of variance. A larger F value indicates a stronger effect of the independent
variable on the dependent variable, while a more significant F value implies that the re-
gression equation is more meaningful. Similarly, a smaller sig. value denotes higher model
significance [35]. The governing Equation (9) is expressed as follows:

F =
SSR

k
SSE

N−K−1
∼ F(k, n − k, 1) (9)

where k denotes the number of independent variables.
The calculation result is as follows: F = 386.26/sig. ≈ 3.38 × 10−12. This result

indicates that, although overfitting is to some extent unavoidable, the nonlinear model
established between RMS and the Sperling index in this study is statistically significant,
and the regression relationship is meaningful.

2. Robustness test

To quantitatively assess and confirm that the high R2 is not an artifact of overfitting,
the robustness of the cubic polynomial model was further examined. A leave-one-out cross-
validation (LOOCV) procedure was applied to the sample data. In each iteration, the cubic
polynomial model was fitted using 15 out of the 16 samples, and the remaining sample was
then predicted by the obtained model to yield its Sperling index. Based on all the predicted
and measured values, the LOOCV coefficient of determination and root-mean-square error
(RMSE) were subsequently calculated.
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The results show that R2(LOOCV) = 0.9854 and RMSE(LOOCV) = 0.0057. Compared
with the coefficient of determination obtained from the full-sample fitting, the LOOCV
R2 decreases only slightly, while the RMSE remains at a very low level. This indicates that
the cubic polynomial model maintains good predictive performance on “unseen” data
and that its high R2 is not merely due to severe overfitting. Under the current sample
conditions, the established cubic polynomial model can therefore be regarded as statistically
meaningful, and the nonlinear mapping between RMS and the Sperling index exhibits
satisfactory robustness.

4.2.3. Analysis of Fitting Results and Threshold

The fitting results indicate that the model achieves high accuracy and reveal that
RMS ≈ 0.4 mm represents a critical threshold for significant changes in ride comfort:
beyond this value, ride comfort exhibits a rapidly deteriorating nonlinear effect. As the
severity of joint irregularities increases, comfort shows a distinct nonlinear decline, with the
deterioration becoming more pronounced once the threshold is exceeded. In engineering
practice, passengers can generally tolerate minor irregularities, but once this threshold is
surpassed, ride comfort decreases sharply.

Furthermore, the proposed model can not only be used to predict the impact of
different joint qualities on ride experience but also provides a theoretical basis for track
maintenance and comfort optimization. In the future, this fitting model could be embedded
into track inspection systems to enable automated evaluation and early warning of joint-
related comfort issues, thereby offering data support for maintenance decision-making.

5. Discussion
This study verified, through the combination of long-term field measurements and

numerical simulations, that a strong nonlinear correlation exists between the RMS index
of rail joint straightness and the Sperling index of ride comfort. The results demonstrate
that even a slight deterioration in rail joint straightness can cause a nonlinear decline in
passenger comfort. This trend is consistent with the findings of Wawryszczuk et al. [10] and
Dumitriu [9], who investigated ride comfort based on ISO 2631 and EN 12299 standards.
The key distinction, however, lies in the fact that the present study directly explores the
relationship between rail joint straightness and passenger comfort from the perspective
of long-term monitoring, revealing the critical role of geometric straightness variation in
comfort degradation. In addition, Grossoni et al. [19] reported a correlation between joint
geometry and peak impact forces, which is also confirmed by the results of this study.
Therefore, the proposed measurement–simulation–mapping methodology proves to be
both feasible and effective. Moreover, compared with previous studies, this work presents
an innovative contribution by conducting long-term monitoring on a newly constructed
railway line and establishing a cubic polynomial fitting model to describe the relationship
between rail joint straightness and passenger comfort under various operating conditions,
effectively capturing their nonlinear interdependence.

Meanwhile, most existing engineering guidelines specify the permissible limits of
high-speed railway track geometry by constraining the peak values of vertical irregu-
larities within different wavelength bands, and these limits are primarily aimed at en-
suring safety, running stability, and overall track quality. For example, the European
EN 13848 series defines the minimum requirements for track geometry quality levels and
prescribes safety-related limits for each geometric parameter, which essentially indicate the
maximum allowable geometric deviations under different speed ranges and wavelength
intervals [37]. In China, the “Maintenance Rules for High-Speed Railway Lines” issued
by the National Railway Administration also stipulate the scope of maintenance work,
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the main operational requirements, and the maintenance criteria for high-speed railway
infrastructure, with a primary focus on controlling the global track geometry quality. These
standards are generally concerned with the global quality of track geometry. In contrast
to such engineering guidelines, the present study focuses on proposing a ride-comfort-
oriented RMS threshold for individual rail joints. Based on the mapping between joint
straightness and ride comfort established in this work, and using the cubic polynomial
regression model, the results indicate that an RMS value of approximately 0.4 mm at the
joint can be regarded as a “critical threshold” at which ride comfort begins to deteriorate
significantly. This threshold reflects the level of local joint straightness under the investi-
gated line and operating conditions at which the Sperling index starts to exceed the target
range and passenger comfort shows a noticeable degradation. It should be emphasized
that this comfort-based threshold is not intended to replace the existing track geometry
standards, but rather to complement them: in practical engineering applications, it can
provide a more refined basis for joint rectification and early warning on high-speed lines
where ride comfort is a key performance requirement.

However, this study still has certain limitations. Due to measurement constraints
and restricted access during maintenance windows, the number of measurement samples
analyzed in this work is limited, making overfitting to some extent unavoidable. Although
various operating conditions were selected for measurement, the range remains relatively
narrow, and the effects of vehicle load, running speed, and train type have not been system-
atically investigated. Moreover, the validation process primarily relied on UM multibody
dynamic simulations without incorporating direct subjective comfort assessments from
passengers, which may lead to discrepancies between objective and subjective evaluations.

In future work, the measurement database will be further expanded by incorporating
field test data from different lines, joint configurations, and wheel–rail contact conditions,
including highly asymmetric joint cases, so that the relationship between joint straightness
and ride comfort can be validated over a broader range of applications. Repeated valida-
tions will be carried out under different regions, track structures, and operating conditions
to enhance the adaptability and engineering applicability of the proposed model. In ad-
dition, more advanced machine-learning-based models for long-term comfort prediction
will be further explored, with the aim of achieving intelligent, life-cycle monitoring of rail
joint conditions.

6. Conclusions
This study systematically investigated the relationship between rail joint straightness

and ride comfort. By combining long-term field measurements with numerical simulations,
the root mean square index of rail joint straightness was extracted. A vehicle–track dynamic
model was established in UM software to calculate vertical acceleration and subsequently
derive the Sperling comfort index. Finally, a cubic polynomial fitting model was constructed
to reveal the quantitative relationship between the RMS of rail joint straightness and the
Sperling comfort index. The main conclusions are as follows:

Long-term measurements were conducted at the rail joints before and after Turnout
No. 201 on a newly constructed high-speed railway in China, covering multiple operat-
ing conditions, including pre- and post-grinding, pre- and post-commissioning, pre- and
post-commercial operation, and extreme weather. By applying preprocessing methods
such as filtering and alignment, the evolution characteristics of joint straightness at dif-
ferent stages were analyzed. The results show that: prior to grinding, distinct bulges and
severe waveform fluctuations existed at the joints; after grinding, the waveforms became
significantly smoother; during the commissioning stage, repeated wheel loading produced
a self-grinding effect with only minor waveform changes; after official operation, the overall
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profiles became smoother, though slight irregularities remained, indicating that rail joints
should remain a focus in subsequent maintenance.

Based on UM vehicle dynamics simulations, a vehicle–track coupled model was de-
veloped, with measured straightness data imported as inputs. The vertical acceleration
responses and the corresponding Sperling indices were obtained for different joint condi-
tions. By extracting and comparing the RMS characteristic values of the joints, a significant
mathematical relationship was identified between rail joint straightness and ride comfort.

On this basis, linear, quadratic, and cubic polynomial models were employed to
fit the relationship between RMS and the Sperling index. A comparison of the fitting
results shows that the cubic polynomial model achieved the highest accuracy, with
a coefficient of determination (R2) of approximately 0.99, which is significantly better than
the linear and quadratic models. The fitted curve further revealed a critical threshold at
RMS ≈ 0.4 mm: once RMS exceeds this value, the Sperling index rises sharply, and ride
comfort deteriorates significantly.

Author Contributions: Conceptualization, P.L.; methodology, P.L.; formal analysis, L.W.; data
curation, Z.H.; writing—original draft preparation, L.W.; writing—review and editing, L.W., C.L.,
X.S. and Z.L.; visualization, L.W.; project administration, X.S.; funding acquisition, P.L. All authors
have read and agreed to the published version of the manuscript.

Funding: This work was supported by the National Natural Science Foundation of China (51608317),
International Joint Laboratory for China-Laos Railway Engineering (21210750300) and Science and
Technology Program of Jiangsu Administration for Market Regulation (KJ2026017).

Data Availability Statement: The datasets presented in this article are not readily available because
they are part of an ongoing study.

Acknowledgments: The authors would like to thank the editor and reviewers for providing valuable
review comments.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

UM Universal Mechanism
RMS Root mean square

References
1. Choi, J.-Y.; Yun, S.-W.; Chung, J.-S.; Kim, S.-H. Comparative Study of Wheel–Rail Contact Impact Force for Jointed Rail and

Continuous Welded Rail on Light-Rail Transit. Appl. Sci. 2020, 10, 2299. [CrossRef]
2. Gao, Y.; Wang, P.; Wang, K.; Xu, J.; Dong, Z. Damage Tolerance of Fractured Rails on Continuous Welded Rail Track for High-Speed

Railways. Railw. Eng. Sci. 2021, 29, 59–73. [CrossRef]
3. Xiao, Y.; Liu, J.; Yang, H.; Jiang, S.; Yuan, B.; Yang, P. Study on Flatness and Straightness Measurement Algorithm of Non-Contact

Rail Type Large Components. J. Metrol. 2020, 39, 56–59. [CrossRef]
4. Li, S. Research on the Design and Error Analysis and Performance Experiment of Steel Rail Level Straightness Detector. Master’s

Thesis, Xi’an University of Technology, Xi’an, China, 2023.
5. Tian, T. Straightness Optimization Research on Rail Welded Joint of High-Speed Railway. Master’s Thesis, China Academy of

Railway Sciences, Beijing, China, 2018.
6. Zhong, H. Study on Irregularity of Rail Welded Joints Based on Flash Welding and Aluminothermic Welding. Mech. Eng. Autom.

2022, 3, 143–145.
7. Xiao, X.; Xu, H.; Yang, Y.; Chen, P.; Hu, Q. Analysis of the Influence of Track Irregularity on High-Speed Train Ride Comfort. Veh.

Syst. Dyn. 2024, 62, 1658–1685. [CrossRef]
8. La Placa, A.; Freddi, F.; Giuliani, F. Monitoring of Insulated Rail Joints Based on Gap Value Measurement. Urban Rail Transit 2024,

10, 28–41. [CrossRef]

https://doi.org/10.3390/app10072299
https://doi.org/10.1007/s40534-020-00226-7
https://doi.org/10.13873/J.1000-9787(2020)09-0056-04
https://doi.org/10.1080/00423114.2023.2250888
https://doi.org/10.1007/s40864-023-00206-0


Vehicles 2025, 7, 148 22 of 23

9. Shi, Y.; Wang, Y.; Liu, X.; Wang, P. Comparison Study on Measurement of Rail Weld Joint between Inertial Reference Method and
Multi-Point Chord Reference Method. Railw. Sci. 2024, 3, 69–83. [CrossRef]

10. Wawryszczuk, R.; Kardas-Cinal, E. Analysis of Ride Comfort in Selected Types of Rail Vehicles. J. Konbin 2021, 51, 67–84.
[CrossRef]
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