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Summary. Taking advantage of recent developments in machine learning procedures,
railway researchers have been creating new tools and methodologies to improve upon structural
health monitoring solutions that were developed over the last century. These new tools are now
being used to assess a wide range of railway related scenarios.

However, current vehicle-based railway monitoring methodologies cannot provide reliable
data on track subgrade conditions. This is a key issue since subgrade condition significantly
influences track dynamic response and overall track support conditions.

An alternative and novel methodology to assess railway track support conditions is now
under development and validation, which is based on modal analysis of the characteristic
frequencies of the multi-element system composed by an instrumented railway vehicle and the
railway infrastructure under assessment.

Furthermore, an unsupervised data-driven procedure is currently being developed to enhance
the capabilities of the proposed track monitoring methodology to automatically extract adequate
results from collected data. This tool is also expected to improve the overall reliability of the
proposed methodology to work with more complex data sets.

To ensure the intended continuous assessment of the railway track, the developed tool is
formed by a sequential combination of four steps, applied in a sliding window process over the
collected input data, to reach the intended results. The four steps are, in order of application, a
feature extraction step, a feature modelling step, data fusion and a feature discrimination step.
This paper provides an overall description of this tool and on the obtained preliminary results,
which are based on numeric simulations performed using the Simpack® software.


mailto:jmorais@lnec.pt
mailto:ameixedo@fe.up.pt
mailto:efortunato@lnec.pt
mailto:drr@isep.ipp.pt
mailto:jgabriel@fe.up.pt

Jodo Morais, Andreia Meixedo, Eduardo Fortunato, Diogo Ribeiro and Joaquim Mendes

1 INTRODUCTION

The assessment of railway track support conditions is a naturally important aspect of modern
railway companies, since it is related with several relevant social and economic aspects. These
include maintenance management, operational safety, and general reliability of this
transportation service. In the context of vehicle-based railway monitoring methods, there are
several well-established parameters for the assessment of railway track support conditions (e.qg.,
vertical track stiffness, track geometry) = 2. However, these extensively used parameters
cannot provide reliable data on the conditions of the track subgrade B-°1. This is a significant
issue since subgrade condition is one of the major aspects that influences track dynamic
response and overall support conditions of a railway track [ 681,

A novel vehicle-based methodology to evaluate railway track support conditions is currently
under development and validation. This methodology is based on modal analysis of the
characteristic frequencies of the multi-element system composed by a railway vehicle and a
railway infrastructure. It states that by observing the characteristic frequencies of the railway
infrastructure, with a focus on the frequencies related with the railway subgrade, it should be
possible to collect data on overall track support conditions [ 1%, This assessment can be
performed over the entire length of a railway infrastructure, since this methodology is based on
instrumented railway vehicles to serve as the data collection points.

The proposed methodology uses a two Degree-of-Freedom (2-DoF) lumped-elements type
model to perform preliminary interpretation on the acquired railway related frequency data. The
model consists of an assembly of two spring-mass sub-systems in series, to represent the
vehicle, per axle, and the modal properties of the railway infrastructure. The outputs of this
model are two characteristic frequencies (w1 and w.), that are related with these 2-DoF 11,
Frequency w> is mainly related with the vehicle’s modal characteristics and can be attributed to
the vertical oscillatory motion of the vehicle’s sprung mass 2. For most railway vehicles, this
oscillatory motion has a frequency value between 1 Hz and 5 Hz. Frequency w1 is mainly
influenced by the modal parameters of the railway infrastructure elements, thus represents the
natural frequency of interest for the proposed railway monitoring methodology. Even if this w1
frequency cannot be directly attributed to a natural frequency of a railway subgrade layer, since
the 2-DoF model is a simplification of a real track infrastructure, the actual difference between
the modelled and a realistic frequency value can be relatively low if adequate mass and stiffness
values are used in the infrastructure related lumped elements on the 2-DoF model. Common
values for the first natural frequency from a subgrade layer can be from 20 Hz to 50 Hz [ %3]
which can be used as an expected range for w: in the aforementioned conditions. Morais et al.
(23] provides a more in-depth description on the proposed methodology and on the motivations
that lead to its development. Numerical simulations tests using the multibody simulation
software Simpack® have been performed to validate and assess the developed methodology
(141 The obtained results demonstrated its significant potential as an alternative track monitoring
solution that could more directly assesses subgrade conditions, although some difficulties were
detected in extracting reliable results in the more realistic accurate numerical models and from
experimental data.

In an attempt to solve the aforementioned issue and improve upon the overall reliability of
the proposed methodology, a new unsupervised data-driven tool is currently under development
to apply the methodology in an automatic and more efficient way. For the current application,
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a data-driven approach was chosen since their computational simplicity makes them more
attractive and efficient to implement in Structural Health Monitoring (SHM) operations. Data-
driven approaches rely on data mining techniques to extract meaningful information from the
acquired data [, which suits this application since there is a lack of a sufficiently accurate
model to allow for a model-updating solution. The statistical nature of data-driven solutions
should also improve the odds of the developed tool to provide reliable results when analysing
data obtained from the complex system of interest.

This paper presents a brief description on the developed unsupervised data-driven tool. This
is followed by two sections describing a numerical model that was used to assess the current
version of this tool and the obtained results. Overall, the results point to a very promising
solution to solve the aforementioned difficulties in extracting reliable results while using the
unenhanced way of applying the proposed track monitoring methodology (i.e., as described in
Morais et al. [*4], that entailed manually analysing frequency patterns in spectrograms), with the
added benefit of representing an automatic and autonomous results extraction tool.

2 UNSUPERVISED DATA-DRIVEN TOOL

The unsupervised data-driven tool (UDDT) presented in this paper for the automatic
application of the proposed track monitoring methodology (TMM) aims at being a robust and
generic enough solution to be applied to any type of plain railway infrastructure. Since it is
based on traffic-induced dynamic responses (i.e., acceleration data acquired with an
instrumented vehicle), it is very important that the tool can account for and discard the effects
of the environmental and operational variations (EOV) that are common in experimental data
from real structures. In this context, EOV include vehicle running speed, rail defects and
irregularities, temperature changes and other weather-related phenomena. As explained in
Morais et al. [*3], most of the weather-related phenomena should not significantly interfere with
the frequencies of interest for the TMM, neither should changes in vehicle running speed.
However, it is still recommended to implement generic and self-sufficient steps in a new
unsupervised damage detection tool for the mitigation of EOV, since this is meant to be an
automatic process without direct influence from the user or the consideration of direct
measurements of such phenomena. The current version of the UDDT entails the four steps
shown in Figure 1: (i) a feature extraction step applied to the acquired acceleration data to
calculate relevant features, (ii) a feature modelling step to remove EOV, (iii) a data fusion step
to merge features from each sensor and merge data from multiple sensors to improve the
sensitivity to damage cases, and (iv) a feature discrimination step to automatically classify the
extracted merged features into two categories: healthy or damaged track section.

Feature Feature Data Fusion Feature
Extraction Modelling Discrimination

-

Fast Fourier Principal Mahalanobis Outlier
Transform Components Distance Analysis

Figure 1: data processing steps of the proposed unsupervised data-driven tool
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In generic terms, feature extraction refers to the process of transforming the acquired data in
the time domain into an alternative form, where damage-related information can be more
readily obtained [, Modal-based features are the most commonly used solutions in the
literature [*! due to the advantage of them being directly associated with the modal properties
of the structure under assessment, which are expected to change in the presence of damage 4.
This is particularly true for modal stiffness, which tends to be more sensitive to the presence of
damage in a structure [*3, Since the TMM already converts acquired acceleration data from the
time domain to the frequency domain to search for frequencies that could be related with the
modal properties of the track subgrade 3, transforming the input data into the frequency
domain was a very natural choice as the first solution for the feature extraction step. The data
is converted to the frequency domain by the application of Fast Fourier Transforms (FFT), in
overlapping time windows, thus making the calculated frequency components the extracted
features to be further processed. Thus, the concept is that the UDDT will theoretically be
looking to detect changes in a specific set of frequency components that could be more sensitive
to a damaged subgrade layer, which should potentially correspond to the natural frequencies of
interest identified and analysed in the unenhanced version of the TMM.

Effective damage detection solutions must always contend with the issue of separating
between measurable changes in the structure under analysis caused by EOV from those
triggered by the presence or propagation of damage in said structure. To accomplish this, most
of the current damage detection solutions used in SHM resort to feature modelling tools as a
means to solve this issue [*%1. This step is crucial in the railway context to prevent false positive
results since environmental effects (e.g., temperature variations) or operational change (e.g.,
vehicles running at different speeds) may impose greater variations in the collected data than
those caused by damage, thus triggering possible false positive results if countermeasures are
not applied. The current version of the UDDT applies the Principal Components Analysis in
this step, that represents a statistical solution to remove the effects of most EOV from the
collected data. In brief, the concept behind this tool in the feature modelling context is that most
of the energy content from a signal is associated with effects caused by EOV 1%l from a
statistical standpoint. Thus, if the signal is discretised into several components based on their
respective energy contributions, the main contributors can be identified, and their effects
mitigated in the original signal. The signal can then be reconstructed with the effects caused by
the EOV properly mitigated, in statistical terms, thus highlighting any effects caused by the
eventual presence of damage in the structure under analysis.

In general, the purpose of a data fusion step is to reduce the data volume while assuring a
greater or at least similar capabilities to analyse the object of interest, when compared to what
could be achieved when using the original data format 1. Usually, the fusion process may
combine features from a single sensor, features from multiple sensors referencing the same
object or even features from different sensor types (e.g., features obtained from acceleration
data and displacement data). The Mahalanobis distance is one of the more common solutions
used in the SHM context for this application due to its capacity to describe the variability in
multivariate data sets [*°*. The method basically calculates a “distance” between two data sets,
magnifying the obtained value according to how different they are in terms of the individual
values of each comparable feature. This is the characteristic that makes this method a very
useful solution if a healthy state scenario is definable for the structure under analysis (i.e., a
baseline case). Every new set of features can then be compared with the baseline and any
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difference present are magnified, thus enhancing the overall capabilities of the devised tool to
detect the presence of an anomaly. If EOV are properly removed, then any detected anomaly is
likely the result of damage in said object or structure. The current version of the UDDT first
calculates the Mahalanobis distance with the data from each sensor, thus merging multiple
features into a single more sensitive feature per data point. Then it merges the features from
each sensor into a final form that should represent a class of features that is even more sensitive
to the presence of damage in a track.

Feature discrimination solutions classify each set of features calculated from the acquired
data into a healthy or damaged classification. They can be divided into supervised and
unsupervised learning algorithms %1, In situations where training data is available from both
undamaged and damaged states of a structure, supervised learning algorithms can be used since
they usually provide more reliable results. But the inherent need to have data on all the possible
states of the structure that are meant to be identified (i.e., both damaged and undamaged sates),
which can be difficult or even almost impossible to acquire in many situations, usually prevents
the application of these solutions to several real cases. These situations are where unsupervised
learning algorithms are preferred, since they do not require training data. This aspect justifies
the choice of selecting a UDDT for the present application. Due to its simplicity and
effectiveness, outlier analysis was the chosen method for the feature discrimination step in the
current implementation of the UDDT. It consists of fitting a probability distribution to the
baseline condition data of the structure under assessment and then testing whether the new data
complies with that distribution. The cases where is does not comply are automatically classified
as a damage situation. The current version of the UDDT uses the Gaussian distribution in this
step, due to its adequacy for application in most cases related with reality [°1,

The overall workflow of application of the proposed UDDT to a new track is to first define
a baseline profile for the track, which can be set as its current condition defined upon a first few
batches of acquired data. Then future monitoring data can be processed and compared against
the baseline-related features to check for the appearance of damage on a specific point along
the track, or potentially check for the deterioration of a previously detected damaged track
section. As such, although this methodology requires a set of baseline features to provide the
damage identification results, it is still considered as an unsupervised method. This is so because
the data required to build the baseline just considers the state condition of the track
infrastructure at the start of the monitoring campaign, which does not necessarily correspond to
an undamaged state. There is also no need to have data regarding the specific damage cases that
are meant to be identified by it.

3 NUMERICAL MODEL OF THE VEHICLE-TRACK SYSTEM

This section presents the Simpack® model (Figure 2) that was developed to assess the
capabilities of the current version of the UDDT. The main elements of this model were a generic
railway passenger carriage, with two bogies, and four sets of elements to represent the presence
of the railway infrastructure below each vehicle axle. Simpack® is a multi-body simulation
software that has been used to validate the proposed TMM, mainly due to how adequate this
type of modelling software is to simulate case studies with a focus on performing modal
analysis and because of their overall better computational efficiency when there is the need to
run simulations with significantly large models. In previous tests using this software,
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simulations of a vehicle running over a 2000 m stretch of railway track only took 15 to 20
minutes to simulate, while a similar simulation could require several hours or even days to run
in a Finite Elements modelling software. The main objective of this model was to assess the
UDDT by synthesizing the data required for a proper implementation of the proposed tool. An
initial batch of simulations with a track in adequate support conditions were performed, with
several EOV conditions, to define the baseline. Then additional simulations batches were run
on the base Simpack® model, each with different damaged track cases introduced on a specific
track section. The goal was to test if the UDDT could reliably identify the baseline cases as
undamaged (i.e., negative damage classification) and detect the presence of damage in the latter
cases (i.e., positive damage classification).

Figure 2: Simpack® model containing a railway passenger carriage and the railway infrastructure (track and the
cylindrical elements sets)

3.1 Base model

The generic vehicle model included all the components relevant for these tests, namely:
springs and dampers for the two levels of suspension systems, and mass elements to represent
both the sprung and unsprung mass components of the vehicle. Table 1 presents the nominal
values of the main modal parameters of the vehicle model. These parameter values are in
accordance with a common passenger carriage model used in Portuguese lines (carriage BNN
from the Alfa Pendular).

Table 1: Main parameters used in the Simpack® vehicle model

Vehicle parameters Value

Car body mass, with no passengers on-board (my.c) 35,640 kg
Bogie mass (mv.b) 5204 kg
Axle mass (my.a) 1538 kg
Primary suspension stiffness, per axle (Kv.s1) 0.564 kKN/mm
Secondary suspension stiffness, per bogie (kv.s2) 0.256 kN/mm
Primary suspension damping, per axle (Cv.s1) 18,000 Ns/m
Secondary suspension damping, per bogie (Cy.s2) 35,000 Ns/m
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The railway infrastructure was described by four equal sets of body elements, each including
two rail elements, one sleeper, and two cylinders stacked on top of each other. These cylinders
represented a ballast layer (grey cylinder) and a subgrade layer (brown cylinder). This part of
the model also contained spring-damper elements to simulate the equivalent vertical stiffness
behaviour from each component, including the vertical stiffness of the subgrade layer that is
the main point of interest in this analysis. During the simulations, these body elements sets
follow their corresponding vehicle axle as the vehicle moves along the cartographic profile of
the track. Table 2 presents the values used for the modal parameters of the infrastructure
elements sets. The implemented modal stiffness and damping values are within the respective
ranges used on consulted bibliography, as are the specific mass values used to calculate the
mass for each layered element of the infrastructure 1],

Table 2: Main parameters used in the Simpack® infrastructure model

Infrastructure Parameters Value
Layered elements diameter (0) 1.070 m
Subgrade layer height (hsu) 3m
Ballast layer height (hpa) 0.3m
Subgrade specific mass (psu) 2000 kg/m3
Ballast specific mass (psa) 1500 kg/m3
Subgrade layer mass (mi.su) 5152.9 kg
Ballast layer mass (mi.pq) 386.5 kg
Sleeper mass (mi.s) 330 kg
Sleeper spacing (Ls/) 0.5m
Subgrade layer spring element stiffness (ki.su) 225 kN/mm
Ballast layer spring element stiffness (ki.pq) 450 kN/mm
Sleeper spring element stiffness (ki) 1800 kN/mm
Layered elements damping (Ci) 37,600 Ns/m

3.2 Simulation setup

Having created the base model for the UDDT assessment simulations, there was the need to
define the baseline case (BC) and the damaged cases (DC). Do to this, a specific set of
parameters were selected and tuned to create significantly different simulation conditions to
provide the data for these cases. Naturally, the main parameter of interest was the vertical track
stiffness of the subgrade element (kisy). This was the parameter used to primarily define the
proper track conditions for the BC, and the damaged scenarios for the DC. Then some additional
parameters were selected to imposed changes in the EOV, to synthesise a wider range of
realistic condition, thus forging more robust and statically significant BC and DC. The three
parameters selected were: vehicle running speed, vehicle sprung mass and the track
irregularities profile. All of the values implemented in the aforementioned parameter changes
were either directly from experimental data (the three EOV related parameters) or at least
heavily based on such data (the implemented subgrade track stiffness variation profiles).

The data for the three EOV related parameters came from different sources, all related with
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experimental campaigns conducted on Portuguese tracks. The running speed profiles used in
these simulations were all related with a base speed profile obtained from an Alfa Pendular
train, with just overall amplitude variations to create significantly different EOV conditions.
The vehicle sprung mass values used were all based on different average passenger occupation
levels of an BNN Alfa Pendular carriage. Like the running speed profiles, the track irregularities
profiles used were developed from a base profile collected on a Portuguese track, with just an
amplitude change to simulate progressively worse track irregularity conditions. The more
severe profiles went slightly over the warning level values indicated by the norm EN13848-5
(17 to create simulations where superstructure conditions did not represent a completely
adequate track. These would also be used in the BC so that the UDDT could learn that these
types of damage were to be discarded, since they are not the focus of this tool.

As for the subgrade track stiffness variation profiles, this data was collected in an
experimental campaign using the portancemetre method 1. This method can measure local
vertical stiffness values at surface level of a track or road being assessed. These values were
then slightly adjusted to be within a specific range of admissible track stiffness values based on
consulted bibliography. While there is no consensus on this topic, there are rough stiffness
ranges mentioned by several authors as requirements for proper support conditions on a track
(8 The admissible stiffness range considered here was between 100 and 180 kN/mm, per
equivalent axle of a railway vehicle. These values were then converted into equivalent subgrade
track stiffness values based on an intrinsic knowledge of the developed numerical model, where
the overall stiffness of the modelled track was decomposed on the multiple intervening stiffness
components, one of which is the stiffness of the subgrade layered element. For subgrade track
stiffness, the equivalent admissible stiffness range was from 150 to 375 KN/mm. This base
stiffness profile, converted from the experimental data, was used for the BC. Then synthesized
damage situations were added to the base profile to create the different DC. The main logic
behind using this procedure to create these track stiffness profiles was to at least have a fairly
realist behaviour of the stiffness changes along the track, since direct subgrade track stiffness
profiles is something that is not currently monitored by currently employed methods.

Combinations of the several profiles designed for the aforementioned parameters resulted in
the simulations batches that were run for the BC and the DC. More specifically, as shows in the
schematic presented in Figure 3, these combinations resulted in 100 different simulations for
the BC and 144 simulations for the DC (18 simulations for 8 DC). The BC simulations all
shared the same base subgrade track stiffness profile, and each batch of the 8 DC shared their
own version of a modified subgrade track stiffness profile.

( N
. . I lariti
Baseline Case Running speed Vehicle sprung rregularities
profiles — 5§ mass — 5 profiles — 4
\ 7
( N
Damaged Running speed Vehicle sprung Irregularities
Cases (1 to 8) profiles — 3 mass — 3 profiles — 2
\ 7

Figure 3: Parameter configurations used to generate the Baseline and the Damage Cases (types and number of
profiles used for the EoV parameters in each configuration)
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Since the nominal track stiffness profile was designed to be within the aforementioned
admissible range, the profiles used for the 8 DC were created so that the imposed subgrade
stiffness changes in the damaged sections actually went outside the admissible range. Figure 4
shows the stiffness profiles used in the BC (blue curve) and DC. The design logic for the DC
was to have stiffness variations where the damage or anomaly caused an increase in stiffness
above the admissible range (cases 1 to 4), and other were the damage caused a decrease in
stiffness below the admissible range (cases 5 to 8). There was also the intent of analyzing if the
UDDT would provide different results if the stiffness changes from the damage occurred more
abruptly (cases 2, 4, 6, 8) or more gradually (cases 1, 3, 5, 7). Finally, in each combination of
the two previously mentioned aspects, two intensity level of damage where defined, where the
first one represented damage just over the admissible stiffness limit and the second
corresponded to a more severe damage situation. All of these DC were created just by
manipulating the base track stiffness profile in the same track section, by increasing or
decreasing the local stiffness values to maintain the realistic variability of the base profile.
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Figure 4: Subgrade stiffness profiles used in the BC and DC simulations

The cartographic profile used in each simulation was a straight track with a length of 2000
m, since this aspect does not interfere with the frequency content of interest *4l. Each simulation
was conducted using a data sampling frequency of 1000 Hz. Nine virtual accelerometers were
placed in several points along the vehicle (three on the chassis, two on the bogie and one in
each wheelset) to provide the data that was used to test the UDDT.

4 RESULTS
Having acquired the data from the 244 previously described simulations (i.e., BC and DC),
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the UDDT was applied to it in bulk. The routine just as to be informed of which data it as to
consider as BC and which is meant to by analysed as possible DC. Thus, for simplicity and
better graphical interpretability, in the following graphs the first 100 simulation correspond to
the BC and the remaining 144 to the DC (Damage cases 1 through 8, in sequential order).

Figure 5 presents the obtained results from a partial application of the UDDT where the data
fusion step as just been applied to the data collected from each individual sensor (chassis
sensors, then bogie and then wheelset). This colour map is just a compact way to graphically
represent the obtained results to check upon the accuracy of the UDDT in the damage
identification task. Each cell in the colour map that is coloured in green represents a negative
damage identification and a yellow cell represents a positive damage identification, resulting
from the application of the Outlier Analysis step to the results from each sensor with a
confidence boundary value of 0.99. These results provide a solid base for the potential merits
of the UDDT since the BC were all correctly classified as undamaged cases and only a few DC
were incorrectly classified as undamaged (i.e., only six false negative results in total).

3 4 Damage s

Sensor n?

|

10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210 220 230 240
Simulation n®

Figure 5: Damage identification results from each sensor used in the simulated railway vehicle

Following the previous results, Figure 6 presents the final output of the UDDT from the data
collected in the aforementioned 244 simulations, having merged the features from each sensor
into their final form. The horizontal line represents the threshold value given by the Outlier
Analysis for these results, thus any point below the line represents a negative damage
classification and a point above the line represents a positive damage classification by the
UDDT. Here the results were even better than those shown in Figure 5, since there are no false
negative results and only 2 false positive results in the BC. This represented an overall accuracy
of 99.18 % in the damage identification task. While these results are just from a single case
study with simulated data, they still demonstrate the significant potential of the developed
UDDT in solving the complex issue of correctly identifying cases where there is a damage on
a subgrade layer only based on acceleration data collected with a moving instrumented railway
vehicle. Thus, it also represents a very promising solution for a proper implementation of the
proposed TMM since it potentially solves the aforementioned difficulties of extracting reliable
results from realistic data.

10
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Figure 6: Final damage identification results, after combining the features obtained from every sensor. The red
circle indicates the only false identifications obtained from the analyzed data

4 CONCLUSIONS

A novel methodology to assess railway track support conditions is currently under
validation. This methodology states that by monitoring the natural frequencies of the subgrade
layers, it’s possible to obtain usable data on the overall support conditions of a track. But recent
results demonstrated that the methodology was not always reliable when working with data
from realistic scenarios. Thus, a new UDDT was developed to solve this issue.

This paper presents a brief description of the proposed TTM and on the UDDT, followed by
a description of a numerical model used to perform a preliminary assessment test on the
developed tool. The scenarios presented here, that used typical values for the modal parameters
of both the vehicle and the infrastructure elements, demonstrated that the UDDT can indeed
solve the previously mentioned issue and provide accurate results in the damage identification
task with simulated data. Something that the current version of the UDDT does not provide is
a way to classify the identified DC depending on their severity. This will be the topic for future
work on the development of this tool.

FUNDING

This work received financial support through a doctoral fellowship, funded by FCT
[2021.08011.BD]. This work was conducted in the framework of the TC202 Transportation
Geotechnics national committee of the Portuguese Geotechnical Society, in association with
the International Society for Soil Mechanics and Geotechnical Engineering. The third author
acknowledges the financial support from the Base Funding UIDB/04708/2020 and
Programmatic Funding UIDP/04708/2020 of the CONSTRUCT, funded by national funds
through the FCT/MCTES. The fourth author appreciates the financial support from
UIDB/50022/2020 and UIDP/50022/2020, funded by national funds through the FCT/MCTES.

REFERENCES

[1] Esveld, C. 2001. Modern Railway Track. Zaltbommel. MRT-Productions. ISBN 90-
800324-3-3.

[2] Le Pen, L., Milne, D., Thompson, D., et al. 2016. “Evaluating railway track support stiffness
from trackside measurements in the absence of wheel load data”. Can. Geotech. J., vol. 53,
pp. 1156-1166. https://doi.org/10.1139/cqj-2015-0268

11


https://doi.org/10.1139/cgj-2015-0268

Jodo Morais, Andreia Meixedo, Eduardo Fortunato, Diogo Ribeiro and Joaquim Mendes

[3] INNOTRACK, “Methods of track stiffness measurements. Thematic Priority 6: Sustainable
Development, Global Change and Ecosystems”. Co-funded by the European Commission
within the Sixth Framework Programme, 2002-2006.

[4] RIVAS, “Overview of Methods for Measurement of Track Irregularities Important for
Ground-Borne Vibration, Railway Induced Vibration Abatement Solutions Collaborative
project”. Project co-funded by the European Commission within the Seventh Framework
Programme, 2013.

[5] Wang, P., Wang, L., Chen, R., etal. 2016. “Overview and outlook on railway track stiffness
measurement”. J. Mod. Transport., vol. 24, pp. 89-102. https://doi.org/10.1007/s40534-
016-0104-8

[6] Selig, E. and Li, D. 1994. “Track Modulus: Its Meaning and Factors Influencing It”.
Transportation Research Record, vol. 1470, pp. 47-54.

[7] Auersch, L. 2005. “The excitation of ground vibration by rail traffic: theory of vehicle—
track—soil interaction and measurements on high-speed lines”. Journal of Sound and
Vibration, vol. 284, pp. 103-132. https://doi.org/10.1016/j.jsv.2004.06.017

[8] Berggren, E., 2009. Railway Track Stiffness - Dynamic Measurements and Evaluation for
Efficient Maintenance. PhD thesis, KTH, Stockholm, Sweden.

[9] Doebling, S., Farrar, C. and Prime, M. 1998. “A Summary Review of Vibration-Based
Damage Identification Methods.” The Shock and Vibration Digest, vol. 30, pp. 91-105.

[10] Kouroussis, G., Conti, C. and Verlinden, O. 2012. “Investigating the influence of soil
properties on railway traffic vibration using a numerical model”. Vehicle System
Dynamics, vol. 51, pp. 421-442. https://doi.org/10.1080/00423114.2012.734627

[11] Maia, N. and Silva, J. 1997. Theoretical and Experimental Modal Analysis. Research
Studies Press. ISBN 0863802087.

[12] zhai W. 2020. Vehicle-Track Coupled Dynamics. Theory and Applications. Springer
Singapore.

[13] Morais, J., Morais, P., Santos, C., et al. 2021. “Railway track support condition assessment
— Initial developments on a vehicle-based monitoring solution through modal analysis”.
Proc. Inst. Mech. Eng.,, Part F: J. Rail Rapid Transit, vol. 236, n. 9.
https://doi.org/10.1177%2F09544097211064101

[14] Morais, J., Fortunato, E., Ribeiro, D., et al. 2023. “Railway track support condition
assessment — methodology validation using numerical simulations”. Engineering Failure
Analysis. https://doi.org/10.1016/j.engfailanal.2023.107483

[15] Farrar, C. and Worden, K. 2013. “Structural Health Monitoring — A Machine Learning
Perspective”. John Wiley & Sons. ISBN 978-1-119-99433-6

[16] Milne, D., Harkness, J., Le Pen, L., et al. 2019. “The influence of variation in track level
and support system stiffness over longer lengths of track for track performance and vehicle
track interaction”. Veh. Syst. Dyn, pp- 245-268.
https://doi.org/10.1080/00423114.2019.1677920

[17] EN 13848-5, 2017. Railway applications - Track - Track geometry quality - Part 5:
Geometric quality levels - Plain line, switches and crossings, European Committee for
Standardization.

[18] Shi, C., Zhou, Y., Xu, L., et al. 2023. “A critical review on the vertical stiffness irregularity
of railway ballasted track”. Construction and Building Materials, vol. 400.
https://doi.org/10.1016/j.conbuildmat.2023.132715

12


https://doi.org/10.1007/s40534-016-0104-8
https://doi.org/10.1007/s40534-016-0104-8
https://doi.org/10.1016/j.jsv.2004.06.017
https://doi.org/10.1080/00423114.2012.734627
https://doi.org/10.1177%2F09544097211064101
https://doi.org/10.1016/j.engfailanal.2023.107483
https://doi.org/10.1080/00423114.2019.1677920
https://doi.org/10.1016/j.conbuildmat.2023.132715

