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Summary

The very first rails in the Netherlands were introduced in around 1839 and the main-
tenance activities over the past decades have been based mainly on experience from
the past and from periodic inspections. With increasing traffic load, introduction of
new vehicles and changing environmental conditions the prediction of rail damage
becomes inaccurate and railway maintenance planning needs to be optimized. This
thesis describes the utilization of physics-based models for rail damage prediction and
railway maintenance planning optimization. A physical model is able to calculate the
yet unknown future degradation if the current state of the system is known. To
achieve this, numerical or mathematical descriptions of dominant failure mechanisms
are usually used. However, physical failure models directly coupled with monitor-
ing techniques for varying operating conditions in the rail infrastructure field are not
available. Most of the research in this field is conducted at material level and the
application in maintenance modelling is limited. Hence, the main objective of this re-
search is the further development and application of the physics-based models within
the rail-infrastructure for varying conditions and to use the outcome (e.g. critical
parameters and Remaining Useful Life) for monitoring and maintenance purposes.

From the rail failure and maintenance cost database of Strukton Rail and also
verified by literature study, it became apparent that wear and Rolling Contact Fatigue
(RCF) are the most dominant degradation mechanisms for rail damage. Wear and
RCF are caused by high stresses within the wheel-rail contact resulting from heavy
loads and vehicle dynamics. Therefore, multi-body dynamics simulations are used
to predict the dynamic behaviour and contact forces. However, the prediction for
varying operation conditions means performing multiple simulations and can be time-
consuming. Therefore, this thesis proposes the use of meta-models for both wear and
RCF in order to increase the computational efficiency.

First, a sensitivity analysis is performed to investigate the dominant influence
parameters related to operational conditions. The results from the sensitivity anal-
ysis show that rail profile, vehicle speed, rail cant, axle load, curve radius, material
hardness, friction coefficient and the primary longitudinal and lateral stiffness of the
train bogie are relevant. After gaining insight into the most dominant parameters
the meta-models are developed that establish the relation between rail wear and the
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usage profile of railway tracks. The geometry of these tracks also serves as input
parameters of the meta-models. The fit of these models is based on a large data set
generated from various scenarios. The selection of these scenarios is carried out by
means of a Design of Experiments (DOE) method, known as the Latin Hypercube
Sampling (LHS). This method randomly generates scenarios with different parameter
settings. The best fit of the meta-model is then found by using the Response Surface
Methodology.

The output of the meta-models for both wear and RCF are then validated with field
measurements. Eddy current measurements were used to validate the performance
of the RCF meta-models. The validation results were positive, but the model’s only
shortcoming was that it was unable to predict the size of a crack. Therefore, in
order to fill this gap, data-driven methods were introduced and a hybrid method was
developed.

The validation of the wear meta-models was performed with measured rail profiles
using portable measuring devices like Railmonitor and MiniProf. Furthermore, due
to the large uncertainty in the input parameters a stochastic approach was adopted
in order to provide infrastructure managers the predicted rail wear with certain confi-
dence bounds. The predicted mean and variance of the meta-model response, in this
case the rail wear area, corresponded with the results of the field measurements.



Samenvatting

De allereerste spoorwegen in Nederland werden rond 1839 geïntroduceerd en de onder-
houdsactiviteiten in de afgelopen decennia waren voornamelijk gebaseerd op ervarin-
gen uit het verleden en op basis van periodieke inspecties. Met toenemende verkeers-
belasting, de introductie van nieuwe voertuigen en veranderende omgevingscondities
wordt de voorspelling van spoorschade onnauwkeurig en moet de planning van het
onderhoud van het spoor worden geoptimaliseerd. Dit proefschrift beschrijft het ge-
bruik van fysische modellen voor de voorspelling van spoorschade en optimalisatie
van de onderhoudsplanning van het spoor. Een fysisch model kan de nog onbek-
ende toekomstige degradatie berekenen als de huidige status van het systeem bek-
end is. Om dit te bereiken, worden meestal numerieke of wiskundige beschrijvingen
van dominante faalmechanismen gebruikt. Fysische modellen direct gekoppeld aan
bewakingstechnieken voor variërende operationele condities op het gebied van spoor-
weginfrastructuur zijn niet beschikbaar. Het meeste onderzoek op dit gebied wordt
op materiaalniveau uitgevoerd en de toepassing in onderhoudsmodellering is beperkt.
Het hoofddoel van dit onderzoek is daarom de verdere ontwikkeling en toepassing
van de fysische modellen binnen de spoorweginfrastructuur voor variërende condities
en om de uitkomst (bijvoorbeeld kritische parameters en resterende levensduur) te
gebruiken voor monitorings- en onderhoudsdoeleinden.

Uit de database van spoorwegenstoringen en onderhoudskosten van Strukton Rail,
en ook geverifieerd door literatuuronderzoek, werd duidelijk dat slijtage en Rolling
Contact Fatigue (RCF) de meest dominante degradatiemechanismen zijn voor spoor
schade. Slijtage en RCF worden veroorzaakt door hoge spanningen in het wiel-spoor
contact als gevolg van zware belastingen en voertuigdynamiek. Daarom worden multi-
body dynamics simulaties gebruikt om het dynamisch gedrag en de contactkrachten te
voorspellen. De voorspelling voor variërende condities betekent echter dat meerdere
simulaties moeten worden uitgevoerd en dat kan tijdrovend zijn. Daarom stelt dit
proefschrift het gebruik van metamodellen voor zowel slijtage als RCF voor om de
rekenefficiëntie te verhogen.

Eerst wordt er een gevoeligheidsanalyse uitgevoerd om de dominante invloedpa-
rameters te onderzoeken die verband houden met operationele condities. De resul-
taten van de gevoeligheidsanalyse tonen aan dat spoorstaafprofiel, voertuigsnelheid,
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verkanting, asbelasting, boog radius, materiaalhardheid, wrijvingscoëfficiënt en de
primaire longitudinale en laterale stijfheid van het treinstel relevant zijn. Na het
verkrijgen van inzicht in de meest dominante parameters worden de metamodellen
ontwikkeld die de relatie tussen spoorstaafslijtage en het gebruiksprofiel van spoor-
wegen bepalen. De geometrie van deze spoorwegen dient ook als invoerparameter
van de metamodellen. De fit van deze modellen is gebaseerd op een grote dataset
gegenereerd uit verschillende scenario’s. De selectie van deze scenario’s wordt uit-
gevoerd door middel van een Design of Experiments (DOE) methode, bekend als de
Latin Hypercube Sampling (LHS). Deze methode genereert willekeurig scenario’s met
verschillende parameterinstellingen. De beste fit van het metamodel wordt vervolgens
gevonden met behulp van de Response Surface Methodology.

De output van de metamodellen voor zowel slijtage als RCF wordt vervolgens
gevalideerd met veldmetingen. Wervelstroommetingen werden gebruikt om de prestaties
van de RCF-metamodellen te valideren. De validatieresultaten waren positief, maar
de enige tekortkoming van het model was dat het de grootte van een scheur niet
kon voorspellen. Om deze tekortkoming op te heffen, zijn daarom data-aangedreven
methoden geïntroduceerd en een hybride methode ontwikkeld.

De validatie van de slijtage metamodellen werd uitgevoerd door middel van geme-
ten spoorstaafprofielen met behulp van draagbare meetapparatuur zoals Railmonitor
en MiniProf. Bovendien werd vanwege de grote onzekerheid in de invoerparameters
een stochastische aanpak gekozen om infrastructuurbeheerders de voorspelde spoorsli-
jtage met zekere vertrouwensgrenzen te bieden. Het voorspelde gemiddelde en de
variatie op het metamodel resultaat, in dit geval het spoorstaafslijtage oppervlak,
kwam overeen met de resultaten van de veldmetingen.
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Chapter 1

Introduction

This chapter describes the motivation to start this PhD project and gives an overview
on how the research is conducted and documented. The explanations for the initiation
of this study can be found in the background and problem statement section, whereas
the remaining sections describe the research questions and the research approach.

1.1 Background
Maintenance actions are required in order to increase the reliability, safety and avail-
ability of technical systems and components along with cost and downtime reduction
[1, 2]. Maintenance is thus defined as the work, including all technical and adminis-
trative activities, performed to maintain a physical system or restore it to a situation
in which it can execute its intended function [2–4]. Various maintenance concepts or
strategies have been developed over the past decades, e.g. reliability centred main-
tenance, risk based maintenance, effectiveness centred maintenance, etc., which are
used to determine how the maintenance will be organized and to select the most suit-
able maintenance policy [2]. The only type of maintenance policy that was used in
the past is reactive maintenance in the form of corrective maintenance, also described
as run-to-failure management [1]. In that case, a component is replaced only when it
is broken.

With increasing customer demands, the production increased and most of the
equipment has been automated. Therefore, the need for efficient and smart mainte-
nance policies became more urgent so as to keep the production running with min-
imum downtime. Another condition that the new maintenance policy also had to
meet is low maintenance costs. Therefore, the proactive maintenance policy was in-
troduced. This policy in turn consists of preventive and opportunistic maintenance,
see Figure 1.1 . Opportunistic maintenance is maintenance performed by using the
opportunity of planned or unplanned downtime of the physical system [2, 5]. The
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disadvantage of this type of maintenance is the extra maintenance costs and use of
resources for systems that do not require maintenance yet. In preventive mainte-
nance the aim is to clean, replace or repair a component shortly before it fails to
perform its intended function. This is achieved by the condition-based and predictive
maintenance policies. Previously, maintenance programs that consisted of preventive
maintenance policies were based on calendar time or running hours.

Figure 1.1: The predictive maintenance policies (dashed region) within the mainte-
nance landscape [6].

In condition-based maintenance the system is under real time or periodic moni-
toring and a change in its performance or output leads to maintenance actions. In
this predictive maintenance policy the maintenance interval is determined based on
information from diagnostics and prognostics [2]. Diagnostics are used to detect the
damage and identify the present state of the asset. This information serves as input
for the prognostics that calculates the Remaining Useful Life (RUL), which is the
time up to the moment that the component fails to fulfil its intended function.

Similarly to other fields, railway track maintenance activities over the past decades
have been based mainly on experience from the past (calendar time based mainte-
nance) and on reactive maintenance (run to failure). In the case of calendar time-
based maintenance, predictive models are based on historical data and with increasing
traffic load and variation in operational conditions these models fail to predict the



1.2 Problem statement 3

actual remaining useful life of railway track components [7]. The outcome is that the
components are replaced either too early or too late. The consequence of performing
maintenance too early is that the component’s lifetime has not been used to its full
potential and the unnecessary use of resources including financial resources. On the
other hand, the consequence of conducting maintenance too late is the large number
of unexpected failures, leading to higher maintenance costs as unplanned mainte-
nance needs to be scheduled. These statements indicate that a shift from reactive
and calendar time-based maintenance to condition-based maintenance is required if
infrastructure managers want to optimize their maintenance planning.

Besides the downtime and maintenance costs, the highest priority of train op-
erators, asset owners and infrastructure managers is the safety of passengers. An
example of train derailment caused by lack of maintenance actions such as grinding is
the accident at Hatfield, UK, in the year 2000 [8]. This accident was caused by Rolling
Contact Fatigue, which eventually led to broken rails. In 2002 a passenger train de-
railed in Potters Bar, UK, near a railway switch. After investigation, it was found
that the railway switch’s maintenance scheme was far short of what was required to
guarantee a safe operation [9]. In conclusion, in order to keep the trains running
safely and without disruptions, an efficient maintenance plan and condition-based
maintenance for the different components of the rail infrastructure are essential.

1.2 Problem statement
This research is conducted in collaboration with Strukton Rail which is one of the
leading rail infrastructure maintenance companies of the Netherlands and has close
to 100 years of rail experience. Besides operating in the Netherlands they are also
active internationally. However, for this thesis, operational and maintenance data of
the Netherlands were utilized.

The problem that Strukton Rail is facing is the increase in maintenance costs due
to unexpected failures caused by increasing traffic loads. These loads will increase
in the coming years. Therefore, intense maintenance is required, while the time
window to perform maintenance becomes smaller and the maintenance costs increase.
Therefore, Strukton Rail is in search of reliable damage prediction models which can
be easily included in their maintenance planning to make maintenance more efficient,
predictable and manageable.

The very first rails in the Netherlands were introduced in around 1839 [10] and, as
mentioned before, the maintenance intervals over the past decades have been based
mainly on historical data and periodic inspections, i.e. calendar time-based mainte-
nance. The current operating or environmental conditions are different from those in
the past. Thus the maintenance intervals based on historic data are no longer valid
and need to be updated. Therefore, the shift to predictive maintenance using both
diagnostics and prognostics should take place sooner rather than later.

Diagnostics are performed mainly by monitoring the system’s health, whereas
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prognostics subsequently use this information to calculate the system’s RUL by means
of one of the following approaches: data-driven, physics-based or hybrid (data-driven
+ physics-based). The accuracy of the data driven approach depends largely on the
amount, quality and relevance of the obtained data. If the data set is limited or the
usage profile of the system has largely changed, the predictive model based on this
data is not representative and accurate. On the other hand, the physics-based models
are known to be very accurate but they do require a lot of computation time and
are applicable only to a small range of systems. The advantage over the data driven
models is the limited amount of historical data required [2].

Three research projects were initiated by Strukton Rail and conducted in collab-
oration with the University of Twente, two of them covering the data driven and the
physics-based approach. The first research project is about the prediction of failures
using big data techniques, which is called a “black box model". This topic follows the
data-driven prognostics approach. The second research project, which is the main
focus of this thesis, is the use of physical models of railway systems to predict their
failure behaviour, which adopts the physics-based prognostics approach and yields a
“white box model". Finally, the last project is concerned with optimizing maintenance
strategies by using the output of the black and white box models.

1.3 Research objective and research questions
The objective of this research is the optimization of railway maintenance with the
focus on the application of physics-based models for the most critical rail infrastruc-
ture components. The research scope is limited to rail infrastructure elements of the
vehicle’s guidance system such as tracks, switches and level crossings, because ap-
proximately half of the maintenance budget in the Netherlands is allocated to these
systems [11]. Other technical fields e.g. energy supply system and communication sys-
tem (signals) will not be addressed in this research. Thus, the main research question
is formulated as:

How to apply physics-based models for appropriate monitoring and optimized
predictive maintenance of critical components within rail infrastructure?

In order to answer the main research question, the following sub-questions need to be
answered:

1. What are the most critical components (cost drivers, performance killers) within
rail infrastructure that are also suitable for predictive maintenance modelling?

2. What are the dominant degradation mechanisms that cause the critical compo-
nents to fail?

3. What physics-based models should be selected for the most critical components
with single or multiple degradation mechanisms?
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4. How to implement physics-based models for the most critical components with
single or multiple degradation mechanisms?

5. What sensing strategy, inspection and processing methods are available to cap-
ture the relevant monitoring parameters or do new ones need to be developed?

6. How to couple the physics-based models with appropriate monitoring techniques
at component and system level?

1.4 Research approach & thesis outline
In order to achieve the aim of this research, a robust research approach is adopted,
as was proposed by Tinga [2], and this can also be used in fields other than rail
infrastructure. The research approach contains the following steps:

1. Select suitable component: define and explain the selection criteria

2. Identify main degradation mechanism and load: understand the underlying
physical mechanism properly (governing loads and knowledge of the material)

3. Model development:
a. Set up model for failure mechanism, e.g. wear model, fatigue model, defor-
mation (crack) model, or develop a hybrid model
b. Search for the appropriate tool (software package, numerical or analytic
model)

4. Derive relevant monitoring parameters that are required as input for the devel-
oped model

5. Perform usage, load and condition monitoring

6. Evaluate the model(s) using the monitoring results

By following the above-mentioned research steps, the research was divided into several
parts which will be discussed in the remaining chapters of this thesis. The resulting
outline of this thesis is as follows:

Chapter 2 The first task is to identify the critical components of the rail infrastruc-
ture and their failure modes/mechanisms. Once the failure modes and mechanisms
are understood the physics-based modelling can be initiated and the relevant parame-
ters can be extracted from the developed model. Finally, the appropriate monitoring
technique should be chosen and/or developed. Chapter 2 therefore describes the se-
lection of the most critical system and component within the railway network followed
by their dominant degradation mechanisms. Systems or components are considered
to be critical if their failures and maintenance activities are related to high costs (cost
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drivers) and to low or negative performance of the system (performance killers). Fi-
nally, the track is chosen as the most critical system along with the rail as the most
critical component. In addition, the state of the art in modelling the most dominant
failure mechanisms in rail components, i.e. wear and fatigue, is discussed.

Chapter 3 From the results obtained in Chapter 2 it can be concluded that wear
and Rolling Contact Fatigue (RCF) are the most dominant degradation mechanisms
for railway tracks. Therefore, Chapter 3 focuses on understanding the rail wear mech-
anism and identifying difficulties in calculating the rail wear by using physical failure
models and already monitored parameters. Physical failure models in combination
with varying operating conditions for rail infrastructure elements are not available in
the scientific literature yet. Most of the research in the rail infrastructure field is done
at material level and the application in maintenance modelling is limited. Therefore,
meta-models are developed during this study in order to calculate rail wear from
operational conditions with the desired computation efficiency and accuracy.

Chapter 4 The focus of this chapter is on the development of a physics-based
model for the second dominant failure mechanisms, i.e. RCF. In the past a lot of
research has been conducted on crack initiation and crack propagation within rails.
These studies are again mainly at material level. The idea is to use this knowledge
and shift to the component level for maintenance purposes. The analysis at the
material level can be very time-consuming, thus the challenge is to use high-level
results and assumptions from previously developed models and couple them with
operating conditions to deliver time to failure predictions with a certain confidence
interval.

The RCF model developed in this study is based on a semi-empirical model, also
known as the Whole Life Rail Model (WLRM). The WLRM was derived from only a
limited set of regions and in order to use the concept of this model in a more general
way new WLRMs for different types of steel grade with varying friction coefficient
were developed during this study. For this purpose, mainly analytical expressions and
numerical experiments were used rather than field experiments. In addition to having
a widely applicable model, this also provided a more fundamental background for the
empirical WLRM.

Chapter 5 The output of the meta-models for RCF, developed in Chapter 4, was
validated with Eddy current measurements. Eddy current testing enables the detec-
tion of seed defects on the rail surface. The general outcome of the validation was
positive; the only shortcoming of the model was that it could not predict the size of
the crack. Therefore, the developed model is able to calculate only the initiation of
cracks. However, in order to monitor RCF on rails it is required that a model can also
predict the size of the crack such that it can be coupled with maintenance decision
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tools. Consequently, data-driven techniques were adopted to fill in this gap and a
hybrid method has been developed.

Chapter 6 A method that does not provide any confidence interval on the predic-
tion is not very helpful if one wants to use the results of the prediction for mainte-
nance decision-making and there is variation in the input. Therefore, in this chapter
the meta-model developed in Chapter 3 is used to predict the amount of rail wear
with certain confidence bounds after a specific number of wheel passages. As the
meta-model is obtained from a physics-based model the randomness in the operation
profiles can be covered by stochastic models. The uncertainty can also be reduced by
usage, load or condition monitoring. Thus, the general idea is to use environmental
and operating conditions and even maintenance activities as input for the developed
meta-models and to predict the probability of the time to failure and/or the RUL
distribution based on the calculated rail wear.

The relation between the above described chapters and the previously defined Sub-
Research Questions (SRQ) and Research Steps (RS) is shown in Table 1.1 and an
overall discussion on the integration of the various chapters is presented in Chapter
7. Finally, the conclusions and recommendations are put forward in Chapter 8.

Table 1.1: Structure of the thesis depicting the relation between the core chapters,
the defined Sub-Research Questions (SRS) and Research Steps (RS).

Chapter Description 1 2 3 4 5 6

2 Most critical component and dominant mechanism SRQ X X
RS X X

3 Wear meta-model development SRQ X X
RS X X X

4 RCF model development SRQ X
RS X X

5 Hybrid method development for RCF monitoring SRQ X X X
RS X X X

6 Rail wear prediction with uncertainty bounds SRQ X X X
RS X X X
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Chapter 2

Critical component selection
and failure modelling state of
the art

This chapter first describes the selection of the most critical component within the
railway infrastructure followed by the determination of the most dominant failure
mechanisms. Thereafter, the state of the art in modelling these dominant failure
mechanisms is discussed.

2.1 Critical component selection
The railway infrastructure network consists of a large number of components. In
order to make the shift from reactive to proactive maintenance, it is important to
know which component or set of components requires the most attention and which
requires the least. The components that require the most attention are considered as
the critical components.

The railway infrastructure network can be structurally or functionally decomposed
into different levels. The most common levels that will also be adopted in this research
are the system and component level [1]. Systems or components are considered to
be critical if their failures and maintenance activities are related to high costs (cost
drivers) and to low or negative performance of the system (performance killers).

The most critical system for the rail network has been selected by using the Pareto
analysis of failure frequency and maintenance cost data provided by Strukton Rail
for the years 2014 and 2015 [2]. The Pareto analysis applies a method with the 20 –
80% rule. This rule suggests that 20% of the failures are responsible for 80% of the
maintenance costs or downtime. A Pareto chart (i.e. a bar diagram) is plotted with

11
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the first bar representing the system or component with the highest number of failure
following with the second highest etc. A cumulative line is added in the chart and
the 20 – 80% rule is applied, see Figure 2.1. Due to confidentiality reasons the values
on the y-axis are not presented. From Figure 2.1 it can be concluded that the left
hand side of the chart are responsible for 80% of the failures. Due to confidentiality
the results for the maintenance costs are not presented in the Pareto chart. Instead
the results are presented in pie charts, see Figure 2.2.

Figure 2.1: Pareto analysis for the number of failures occurred during 2014 and 2015.

From Figure 2.2 it can be seen that the overlapping components resulting in highest
number of failures and maintenance costs are switches and tracks. These systems are
considered as the most important cost drivers and performance killers. Due to mod-
elling complexities of the switch, such as the combination of electrical and mechanical
systems, stationary and non-stationary components, multiple failure mechanisms and
widely varying rail profiles [3, 4], the track is chosen as the most critical component
to focus on during this study. However, a similar approach to that developed for the
track in this work can be followed for the switch to choose the most critical compo-
nent and model the coupling between operational conditions, degradation models and
RUL.

Furthermore, the selection of the most critical component of the track construction
is also based on the failure frequency and the maintenance costs. The results revealed
that the majority of failures for the track are related to the rail, welds and sleepers,
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whereas the highest maintenance costs are incurred to keeping the ballast within
operating norms, see Figure 2.3. Based on both pie charts depicted in this figure, the
rail is selected as the most critical component. The same analysis was also performed
by Rambali [2] under supervision of the University of Twente using another method,
namely the Failure Mode and Criticality Analysis (FMECA), and similar results were
obtained.

Finally, the analysis of the registered failure mode/mechanisms identified incorrect
geometry, RCF and wear as the modes/mechanisms with the highest number (see
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Figure 2.2: Cost drivers and performance killers at system level.
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Figure 2.3: Cost drivers and performance killers at component level.

Figure 2.4). Thus, the focus of this research with regard to the failure mechanisms
will be on rail RCF and wear, as the incorrect geometry is related to degradation of
components like the ballast, sleepers and underground, and the rail is chosen as the
most critical component.
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Figure 2.4: Causes for rail malfunctions.

2.2 Dominant failure mechanisms
This section will describe the different models for the most dominant failure mecha-
nisms as selected in the previous section (i.e. wear and RCF), see Table 2.1.

Table 2.1: Overview of different models for wear and RCF.

Mechanism Nature
Model Wear RCF Empirical Numerical Theoretical
Archard’s wear model X X X
Energy based models X X
Dang Van criterion X X X
Shakedown theory X X X
Ratchetting model X X X X
Whole Life Rail Model X X X X

2.2.1 Wear
Rail wear prediction models are rarely seen in literature as they are considered to be
developed in the same manner as wheel wear prediction models [5]. Rail and wheel
wear prediction started four decades ago when the first models were based primarily on
laboratory and field tests. With the increasing computation power of computers two
decades ago, numerical wear prediction models became more interesting and feasible.
Wear prediction tools can be divided into two categories based on their approaches
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[6]. The first group of wear prediction tools uses Archard’s wear law [7] to calculate
the wear depth whereas the approach of the other group is based on dissipated energy
[8]. This section gives an overview of commonly used wear models.

Archard’s wear model

In 1953 Archard [7] developed a sliding wear model for metal to metal contact surfaces,
based on theoretical and empirical studies. This model indicates that the amount of
wear volume loss V given in [mm3] is related to sliding distance s in [mm], normal force
FN in [N], hardness of material H in [N/mm2] and a dimensionless wear coefficient
K:

V = K
sFN
H

(2.1)

The wear coefficient K depends on the surface conditions and is usually determined
empirically, e.g. with pin on disk configuration measurements [9]. For simple cal-
culations the wear coefficient can be derived from the wear chart of Jendel [9], see
Figure 2.5. This chart was formed from a series of laboratory experiments for various
levels of contact pressure (P ), sliding velocity (vslip) and hardness (H) of the material
during dry conditions. Hence the wear coefficient depends strongly on the previously
mentioned parameters.
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Figure 2.5: Jendel’s wear map [9].

Jendel [9] discretized the contact patch into Nx ×Ny elements and implemented
Archard’s wear law for each element. For the implementation of the wear law at
each element, the slip velocity at each element was first determined by means of the
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following equation:

v̄slip = Vvehicle

({
vx - φy
vy + φx

}
− ∂ū(x, y)

∂y

)
(2.2)

where Vvehicle is the vehicle speed in [m/s], vx [-], vy[-] and φ [1/m] are the longitu-
dinal, lateral and spin creepage respectively, u is the elastic displacement in [m] and
x and y are the Cartesian coordinates of the contact patch [9]. It should be noted
that the elastic part in Equation (2.2) is ignored in Jendel’s model and only rigid slip
is considered. Enblom and Berg [10] extended Jendel’s model by taking into account
this elastic part. They compared the wear depth values obtained with the rigid slip
only model (Jendel’s model) with Enblom’s model for a contact patch in pure and
partial slip. They concluded that the model with only rigid slip underestimates the
wear depth at certain locations as the distribution along the lateral direction of the
contact patch deviates from the distribution obtained by Enblom’s model. However,
the total wear volumes of both models are in good agreement. They suggested that
the deviation is due to the contribution of the spin. The results were indeed similar
when the spin was ignored [10].

Energy based models

In energy-based models the wear volume is assumed to be proportional to the dissi-
pated energy in the contact area. Zobory [11] developed three such models that are
applicable to wheel-rail contact problems, namely: Dissipated Energy Based Wear
Hypothesis, Normal Traction Based Wear Hypothesis and Simplified-Combined Wear
Hypothesis. In the first model the proportionality between the energy flow density
Ėd and mass flow density ṁd at an arbitrary point rp occurring at time t is achieved
by calculating the energy dissipation for the adhesive and sliding part of the contact
patch separately:

ṁd(rp, t) = k · Ėd(rp, t) (2.3)

where k is the wear coefficient determined by several experimental studies, see Figure
2.6.

Thereafter, the Normal Traction Based Wear Hypothesis was developed. This hy-
pothesis neglected the separation of the contact area and was based on the correlation
between mass flow density, normal traction and slip velocity [11].

Finally, the third model was developed for a smooth implementation in the vehicle
dynamics model and is basically a combination of the previous two models. The
simulated wheel and rail profiles using the third model were in good agreement with
the measured ones. The small differences were discussed to be the results of neglecting
the effect of the switches in the simulation [11].

Besides Zobory’s model, Pearce and Sherratt’s model [8] also uses the energy
approach to calculate wear and expresses the wear volume in terms of the wear number
Tγ. T denotes the tractive force and γ the slip at the wheel-rail contact. Pearce
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Figure 2.6: Domains of mild and severe wear [11].

and Sherratt [8] developed a wear prediction method focusing on the wheel profile
evolution based on the energy approach [12]. They presented three wear functions
for each wear regime from mild to severe wear, depending on the wear number, see
Table 2.2. Similar functions were first derived experimentally by Bolton and Clayton
in 1984 [13].

Table 2.2: Wear functions for each wear regime [14].

Wear regime Criteria Wear function [µg/m/mm2]
Mild wear Tγ/A < 10.4 5.3Tγ/A

Transition region 10.4 < Tγ/A < 77.2 55
Severe wear Tγ/A > 77.2 61.9Tγ/A

The wear rate in [µg/m/mm2] as function of the wear number Tγ (i.e. the wear
function) can be expressed as follows [14]:

ḣ = K
Tγ

A
(2.4)

where A refers to the contact area and K to the wear coefficient which is determined
by multiple twin disc tests [14]. These tests were performed for various contact
conditions, such as different contact stresses and slip. The results of the tests implied
that three wear regimes can be distinguished with their own wear coefficient, see
Figure 2.7.

From previous research about the comparison between the wear models described
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Figure 2.7: Wear regimes and coefficients [14].

above, namely Archard’s wear law and the energy approach, it cannot be concluded
which wear model is better according to Dirks [15]. Archard’s wear law is usually
used in the tribology field, thus it has been decided to use Archard’s wear law for this
study.

2.2.2 Rolling Contact Fatigue

In addition to the rail wear phenomena, RCF is as severe or causing even more
challenges for railway tracks [16–19]. Two types of RCF are encountered for wheel-
rail contact, namely surface and subsurface initiated RCF [15, 20, 21]. The latter is
more dangerous as it cannot be detected by visual inspection. In the past, subsurface
RCF occurred more often, but due to improved steel production techniques defects
within the material, which can lead to crack initiation, are rarely found [22]. First
the model for subsurface RCF is discussed, also known as Dang Van criterion [23],
followed by the RCF model based on the shakedown theory [24], which can only
predict whether a specific condition can cause surface or subsurface RCF.

Dang Van criterion

A model that can predict the initiation of subsurface RCF is based on the Dang Van
criterion [23]. The subsurface fatigue index FIsub derived from this criterion has been
approximated by Ekberg et al. [20, 24]:

FIsub = Fz
4πab (1 + f2) + cdvσh,res (2.5)
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where Fz is the normal contact force, a and b are the semi-axis of the contact ellipse,
f is the traction coefficient, cdv is a material parameter and σh,res is the hydrostatic
part of the residual stress. Assuming that the compressive residual stresses do not
have major effects and using the following presumption:

FIsub ≥ τFL,red (2.6)

where τFL,red is the reduced fatigue limit in shear [21] and is approximated as:

τFL,red ≈ τFL
( d
d0

)−1/6
≈ σu

3

( d
d0

)−1/6
(2.7)

then the simplified fatigue criterion is given by:

Fz
4πab &

σu
3

( d
d0

)−1/6
(2.8)

where d is the size of the material defect, d0 is the defect size of the initial crack,
σu equals the tensile fracture stress and τFL is the unreduced fatigue limit in shear.
Failure, i.e. subsurface RCF initiation, occurs when the subsurface fatigue index
exceeds the fatigue limit of the material in pure shear [25].

Shakedown theory

The Shakedown diagram approach was used by Ekberg et al. [24] to predict the
probability of RCF on wheels. This diagram, see Figure 2.8, is based on the Hertzian
theory, hence the contact pressure distribution p(x, y) is elliptical:

p(x, y) = p0

√
1−

(x
a

)2
−
(y
b

)2
(2.9)

where a and b are the semi-axes of the contact patch and p0 the maximum contact
pressure:

p0 = 3Fz
2πab (2.10)

with Fz being the contact force in z-direction, i.e. in the direction normal to the rail.

Because full slip conditions are assumed, the shear stress is proportional to the
contact pressure by means of the traction coefficient f :

τ(x, y) = f · p(x, y) (2.11)

The traction coefficient f is also known as the utilized friction coefficient, which is
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Figure 2.8: Shake down diagram [21].

defined as the lateral forces divided by the vertical force [24]:

f =

√
F 2
x + F 2

y

Fz
(2.12)

The maximum shear stress which is also denoted as the yield limit in cyclic shear τ0
is given by [21] :

τ0 = f · p0 (2.13)

The boundary condition line BC in the shakedown diagram is derived from Equation
(2.10) and (2.13) and results in:

p0

τ0
= 3Fz

2πabτ0
= 1
f

(2.14)

Damage occurs if the working point WP is located outside the boundary line BC,
hence the surface fatigue index FIsurf is given as the minimum distance between WP
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and BC [21]:
FIsurf = f − 2πabτ0

3Fz
(2.15)

Failure, in this case referred as RCF initiation, therefore occurs when FIsurf > 0.
This indicates surface plasticity which eventually leads to surface initiated RCF. The
disadvantages of the shakedown approach are the undefined relation to crack propa-
gation and the deficiency to analyse the interaction between wear and RCF.

However, the fatigue damage D of rails can be formulated in terms of the number
of wheel passages N via a power law [21]:

D = 1
N

= α · σβa ∀ σa > σfl (2.16)

where σa is the stress amplitude, σfl is the fatigue limit and α and β are material
parameters. An estimation of the fatigue damage Di for each wheel passage has been
adopted based on previous experimental research:

Di = (FIsurf,i)4

10 ∀ FIsurf > 0 (2.17)

and then the total damage for N wheel passages is calculated using the Palmgren-
Miner rule [26, 27]:

D =
N∑
i=1

Di (2.18)

Note that D = 1 corresponds to failure.

As mentioned before, the shakedown approach explained until now applies for full
slip conditions. In practice wheel-rail contacts on the tread are in partial slip, hence
a more general approach is achieved by taking into account the local shear stress. In
this case the local fatigue damage index is equal to [21]:

FIsurf (x, y) = f(x, y)− τ0

p(x, y) (2.19)

where
p(x, y) = −σz(x, y) (2.20)

f(x, y) =
√
τzx(x, y)2 + τzy(x, y)2

p(x, y) ∀ | x |< a, | y |< b, z = 0 (2.21)

The local damage for each strip is defined as the maximum surface fatigue index in
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the contact patch for each wheel passage:

D(y)i = max
x

(
f(x, y)− τ0

p(x,y)

)4

10 ∀ max
x

(
f(x, y)− τ0

p(x, y)

)
> 0 (2.22)

2.2.3 Wear and Rolling Contact Fatigue
This section presents two models that take into account both wear and RCF, namely
the ratcheting model [28] and the Whole Life Rail Model (WLRM) [29].

Ratcheting model

This ratcheting model [28] was first developed to calculate the amount of wear for
ductile materials and is based on plastic strain accumulation. The material is dis-
cretized in Nx×Nz rectangular elements, where x is the direction of applied traction
and z is the direction of material depth, see Figure 2.9, and then for each element the
plastic strain ∆γijn is accumulated depending on the number of cycles and reaches a
certain accumulated plastic strain value (γijn ). Ratcheting failure (or RCF initiation)
occurs when the accumulated plastic strain (γijn ) for one element exceeds a certain
critical strain value (γc). The considered element is regarded as a weak element and
is removed from the material as wear or stays there and is considered as a crack,
depending on the location of the element in the material. Franklin et al. [30] explain
in a scheme how to distinguish whether a certain weak element is caused by wear or
crack initiation.

Figure 2.9: Shear strain accumulation [31].

The plastic strain for each element (in column i and row j) per cycle n is calculated
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as follows [30]:

∆γijn = C

(
τ jzx(max)

kijeff
− 1
)

(2.23)

And the accumulated plastic strain is as follows:

γijn = γijn−1 + ∆γijn (2.24)

where τ jzx(max) is the maximum orthogonal shear stress at the depth of row j, C is a
material constant and kijeff is the effective shear yield stress that is calculated as:

kijeff = βk0max
(

1,
√

1− e−αγij
)

(2.25)

and α and β are material constants and k0 is the initial yield stress.

Whole Life Rail Model

The Whole Life Rail Model (WLRM), see Figure 2.10, is developed from field obser-
vations by Burstow [29] and based on the dissipated energy in the wheel-rail contact.
The advantage of this model is that it includes wear implicitly in the damage evalu-
ation.
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Figure 2.10: RCF damage index as a function of the wear number [22].

The damage index depends on the wear number Tγ which can be calculated as:

Tγ = Txγx + Tyγy (2.26)

where Tx and Ty represent the tangential or shear forces and γx, γy the longitudinal
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and lateral creepages, respectively. It can be seen that the effect of spin is neglected in
the model which can lead to inaccurate estimations as in practice the spin plays a very
important role, especially in curved tracks. Dirks et al. [25] suggested calculating the
wear number locally (for each cell element in the contact patch) in order to include
the spin effect. Hence the wear number becomes:

Tγ(x, y) = Tx(x, y) · (γx − (φ · y)) + Ty(x, y) · (γy + (φ · x)) (2.27)

Furthermore, the RCF damage index is based on observational data for the R220Mn
rail grade and determines which degradation mechanism (RCF or wear) is dominant
on a specific piece of track by means of the wear number Tγ. The loading conditions
between line section A-B in Figure 2.10 represent the RCF dominant region, B-C
represent a combination of RCF and wear, and C-D represent the wear dominant
region. The total damage calculation is similar to the shakedown approach, namely
by employing the Palmgren-Miner rule [26, 27]:

D =
N∑
i=1

Di (2.28)

The majority of the tracks installed in the Netherlands are made of R260Mn steel
grade and recently Hiensch and Steenbergen [32] investigated the RCF damage func-
tion for this type of rail. They concluded that the damage function of R260Mn
coincides with R220Mn.

The WLRM is chosen as the prediction model for RCF in the current study due
to the following advantages of the WLRM:

1. The input parameter required for the damage evaluation for the WLRM is a
single variable (e.g. wear number).

2. The interaction between wear and RCF is incorporated.

2.3 Concluding remarks
For the most critical component selection an analysis at system level was first per-
formed, followed by an analysis at component level. At the system level the Pareto
analysis was employed and the most critical systems resulting from this analysis were
tracks and switches. The track system was further investigated and a Pareto anal-
ysis and FMECA were performed at component level. The rail component turned
out to be the most critical one due to the greatest number of failures and the high-
est maintenance costs. Hence, the remainder of this study will be focused on rail
degradation. The most dominant rail degradation mechanisms were therefore also
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determined through a Pareto analysis, which yielded the wear and RCF mechanisms
as the most critical ones.

Various models are available for both degradation mechanisms and have been
summarized in this chapter. From the state of the art study of the available models for
both degradation mechanisms, two models have been selected for the work presented
in this thesis. For the wear mechanism the model based on Archard’s wear law is
selected due to its physics-based nature, as will be further discussed in Chapter 3.
The models based on the energy approach have an empirical nature which can lead to
inaccurate wear predictions for varying operational conditions and are therefore not
selected.

For the RCF mechanism the WLRM is chosen as a predictive model due to the
convenience of merging it with maintenance decision tools. The WLRM will be elab-
orated in Chapter 4 to understand the model from a theoretical background. A more
general WLRM is aimed to be developed in Chapter 4 for different friction conditions
and steel grades, and will be compared to the WLRMs as developed by Burstow [29]
and Hiensch and Steenbergen [32].



References
[1] J. Carretero, J. M. Perez, F. Garcia-Carballeira, A. Calderon, J. Fernandez,

J. D. Garcia, A. Lozano, L. Cardona, N. Cotaina, and P. Prete. Applying
RCM in large scale systems: a case study with railway networks. Reliabil-
ity Engineering & System Safety, 82(3):257–273, 2003. ISSN 0951-8320. doi:
10.1016/S0951-8320(03)00167-4.

[2] Ishan Rambali. Critical Component Selection on a Railway Track through RCM
and MDCM Methods. Bsc thesis, Anton de Kom University of Suriname, 2017.

[3] Coenraad Esveld. Modern Railway Track. MRT-Productions, second edition,
2001. ISBN 90-800324-3-3.

[4] Björn A. Pålsson. Optimisation of Railway Switches and Crossings. Phd thesis,
Chalmers University of Technology, 2014.

[5] R. Enblom. Deterioration mechanisms in the wheel-rail interface with focus on
wear prediction: a literature review. Vehicle System Dynamics, 47(6):661–700,
2009. ISSN 0042-3114. doi: Pii90742163610.1080/00423110802331559.

[6] A. Bevan, P. Molyneux-Berry, B. Eickhoff, and M. Burstow. Development and
validation of a wheel wear and rolling contact fatigue damage model. Wear, 307
(1-2):100–111, 2013. ISSN 0043-1648. doi: 10.1016/j.wear.2013.08.004.

[7] J. F. Archard. Contact and rubbing of flat surfaces. Journal of Applied Physics,
24(8):981–988, 1953. ISSN 0021-8979. doi: 10.1063/1.1721448.

[8] T. G. Pearce and N. D. Sherratt. Prediction of wheel profile wear. Wear, 144
(1-2):343–351, 1991. ISSN 0043-1648. doi: 10.1016/0043-1648(91)90025-P.

[9] T. Jendel. Prediction of wheel profile wear-comparisons with field measurements.
Wear, 253(1-2):89–99, 2002. ISSN 0043-1648. doi: 10.1016/S0043-1648(02)
00087-X.

[10] R. Enblom and M. Berg. Simulation of railway wheel profile development due
to wear - influence of disc braking and contact environment. Wear, 258(7-8):
1055–1063, 2005. ISSN 0043-1648. doi: 10.1016/j.wear.2004.03.055.

[11] I. Zobory. Prediction of wheel/rail profile wear. Vehicle System Dynamics, 28
(2-3):221–259, 1997. ISSN 0042-3114. doi: 10.1080/00423119708969355.

[12] I. J. McEwen and R. F. Harvey. Interpretation of wheel/rail wear numbers.
Technical Report British Rail Research TM VDY, 1986.

[13] P. J. Bolton and P. Clayton. Rolling—sliding wear damage in rail and tyre steels.
Wear, 93(2):145–165, 1984. ISSN 0043-1648. doi: 10.1016/0043-1648(84)90066-8.

27



28

[14] A. Ward, R. Lewis, and R. S. Dwyer-Joyce. Incorporating a railway wheel wear
model into multi-body simulations of wheelset dynamics, volume Volume 41, pages
367–376. Elsevier, 2003. ISBN 0167-8922. doi: 10.1016/S0167-8922(03)80150-5.

[15] Babette Dirks. Simulation and measurement of wheel on rail fatigue and wear.
Phd thesis, KTH Royal Institute of Technology, 2015.

[16] Hans-Dieter Grohmann and Wolfgang Schoech. Contact geometry and surface
fatigue—minimizing the risk of headcheck formation. Wear, 253(1):54–59, 2002.
ISSN 0043-1648. doi: 10.1016/S0043-1648(02)00082-0.

[17] G. Donzella, M. Faccoli, A. Ghidini, A. Mazzu, and R. Roberti. The competitive
role of wear and rcf in a rail steel. Engineering Fracture Mechanics, 72(2):287–
308, 2005. ISSN 0013-7944. doi: 10.1016/j.engfracmech.2004.04.011.

[18] B. Dirks and R. Enblom. Prediction model for wheel profile wear and rolling
contact fatigue. Wear, 271(1-2):210–217, 2011. ISSN 0043-1648. doi: 10.1016/j.
wear.2010.10.028.

[19] J. Brouzoulis. Wear impact on rolling contact fatigue crack growth in rails. Wear,
314(1-2):13–19, 2014. ISSN 0043-1648. doi: 10.1016/j.wear.2013.12.009.

[20] A. Ekberg and E. Kabo. Fatigue of railway wheels and rails under rolling contact
and thermal loading - an overview. Wear, 258(7-8):1288–1300, 2005. ISSN 0043-
1648. doi: 10.1016/j.wear.2004.03.039.

[21] A. Ekberg, B. Akesson, and E. Kabo. Wheel/rail rolling contact fatigue - probe,
predict, prevent. Wear, 314(1-2):2–12, 2014. ISSN 0043-1648. doi: 10.1016/j.
wear.2013.12.004.

[22] R.P.B.J. Dollevoet. Design of an Anti Head Check Profile Based on Stress Relief.
Phd thesis, University of Twente, 2010.

[23] K. Dang Van, G. Cailletaud, J.F. Flavenot, A. Le Douaron, and H.P. Lieurade.
Criterion for high cycle fatigue failure under multiaxial loading. Biaxial and
Multiaxial Fatigue, pages 459 – 478, 1989.

[24] A. Ekberg, E. Kabo, and H. Andersson. An engineering model for prediction
of rolling contact fatigue of railway wheels. Fatigue & Fracture of Engineering
Materials & Structures, 25(10):899–909, 2002. ISSN 8756-758x. doi: 10.1046/j.
1460-2695.2002.00535.x.

[25] B. Dirks, R. Enblom, A. Ekberg, and M. Berg. The development of a crack
propagation model for railway wheels and rails. Fatigue & Fracture of Engi-
neering Materials & Structures, 38(12):1478–1491, 2015. ISSN 8756-758x. doi:
10.1111/ffe.12318.



REFERENCES 29

[26] A. Palmgren. Lifetime of ball bearing. pages 339–341, 1924.

[27] M. A. Miner. Cumulative damage in fatigue. J. Appl. Mech., 12(3):A159–A164,
1945.

[28] A. Kapoor and F. J. Franklin. Tribological layers and the wear of ductile mate-
rials. Wear, 245:204–215, 2000.

[29] M. C. Burstow. Whole life rail model application and development: Development
of a rolling contact fatigue damage parameter. Report, RSSB, 2003.

[30] F. J. Franklin, T. Chung, and A. Kapoor. Ratcheting and fatigue-led wear in
rail-wheel contact. Fatigue & Fracture of Engineering Materials & Structures,
26(10):949–955, 2003. ISSN 8756-758x. doi: 10.1046/j.1460-2695.2003.00703.x.

[31] F. J. Franklin, J. E. Garnham, D. I. Fletcher, C. L. Davis, and A. Kapoor.
Modelling rail steel microstructure and its effect on crack initiation. Wear, 265
(9-10):1332–1341, 2008. ISSN 0043-1648. doi: 10.1016/j.wear.2008.03.027.

[32] M. Hiensch and M. Steenbergen. Rolling contact fatigue on premium rail grades:
Damage function development from field data. Wear, 394:187–194, 2018. ISSN
0043-1648. doi: 10.1016/j.wear.2017.10.018.



30



Chapter 3

Rail wear and remaining life
prediction using meta-models1

Abstract
The study presented in this chapter proposes a method to estimate the Remaining
Useful Life (RUL) of railway tracks determined by wear and taking into account
various track geometry and usage profile parameters. The relation between these
parameters and rail wear is established by means of meta-models derived from physical
models. These meta-models are obtained with regression analysis where the best fit
is found from a relatively large set of numerical experiments for various scenarios.
The specific parameter settings for these scenarios are obtained by using the Latin
Hypercube Sampling (LHS) method. Furthermore, for the rail profile, which is one
of the input parameters for the meta-model, it is shown that the evolution due to
wear in moderate curves can be characterized by only one parameter, i.e. the vertical
wear depth at the rail head. The findings in this chapter including the resulting meta-
models are valuable for Infrastructure Managers (IM’s) and can easily be implemented
in maintenance decision support tools. Furthermore, the parameters required for the
proposed method are already monitored by IM’s as a common practice.

3.1 Introduction
Properly addressing the degradation of railway elements is an important topic in rail
infrastructure asset management. One of the dominant mechanisms is the wear of

1This chapter is reproduced from: Meghoe, A., Loendersloot, R. and Tinga, T. (2019). Rail wear
and remaining life prediction using meta-models. International Journal of Rail Transportation, 1-26,
doi:10.1080/23248378.2019.1621780
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railway tracks. Material loss in the rail head alters the shape of rail profiles which
changes the location of the wheel contact points and leads to instability of vehicles,
especially during curving behavior. This can eventually cause derailment of trains.
Rail grinding is then performed to restore the shape of rail profiles and ensure dy-
namic stability. This maintenance activity is part of either scheduled or reactive
maintenance. Predicting rail wear beforehand can assist in properly scheduling the
maintenance intervals. Hence, Infrastructure Managers (IM’s) are looking for rail
wear prediction tools that can support the maintenance planning and optimization
based on the usage profile of railway tracks.

In scientific literature, a relatively limited amount of attention has been paid to
rail wear prediction as compared to wheel wear prediction. This is due to the fact
that the wear rate of wheels is higher. Hence, extensive descriptions on the wheel
wear prediction procedure can be found in literature [1–5]. Enblom and Berg [6]
proposed a procedure to predict rail wear similar to that of wheel wear. The amount
of rail wear was overestimated when compared to field measurements and the authors
therefore suggested to proportionally scale down the wear coefficients. Dirks [7] also
developed a model to predict wheel and rail wear, but this model was only verified
for the wheels. It should be noted that all the methods developed so far propose
a numerically expensive procedure for the wheel/rail wear prediction. This makes
existing methods unsuitable for application as real-time prognostic tool by IM’s.

Computational time can be reduced considerably when predefined relations be-
tween wear rate and operating parameters are established. This relation can be
obtained by performing a large set of numerical experiments that covers various sce-
narios and by using regression analysis to find meta-models representing the relation
between input and output. Karttunen et al. [8] used this procedure to investigate
the risk on wear and Rolling Contact Fatigue (RCF) for worn wheels. Subsequently,
they followed a similar approach for rails and obtained a correlation between damage
indices and parameters used to describe wheel and rail profile geometry as well as
curve radius, cant deficiency and gauge width [9]. However, with their approach they
only captured the influence of wheel, rail and track geometry parameters. Variation
in usage profile or operational conditions like vehicle speed, axle load and vehicle type
were not considered. Another drawback of this approach is the number of parameters
required to define a worn wheel or rail profile. The shape of a worn rail for exam-
ple is approximated by a combination of a straight line and a parabolic expression.
This results in a total of 5 parameters required to describe the geometry of a worn
rail profile. In this case, each parameter appears as an independent variable in the
regression analysis.

The present study incorporates the dominant parameters related to both geome-
try and operational conditions, which are selected through a One Factor at a Time
(OFAT) sensitivity analysis. Furthermore, during the parametrization of worn rail
profiles an unique relation is established between the rail profile geometry and the
vertical wear depth. This leads to a reduction in the number of parameters required
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to describe a worn rail to only one. An additional advantage is that this is rather
convenient for IM’s as the vertical wear depth is already monitored as a common
practice. Moreover, in previous research [9] the risk of wear is assessed qualitatively,
whereas in the current research the absolute amount of wear (area) is calculated which
can be translated into a Remaining Useful Life (RUL) prediction. The outline of this
chapter is as follows: section 3.2 describes the methodology of rail wear calculation,
the sensitivity analysis and the concept of meta-models. Section 3.3 presents the re-
sults and discussion of the numerical investigations for the various scenarios. And,
finally the conclusions and recommendations are forwarded in section 3.4.

3.2 Methodology
This section describes the models and concepts used to derive meta-models for rail
wear calculation in order to estimate the RUL of railway tracks. Subsection 3.2.1
describes the rail wear calculation process, subsection 3.2.2 the decision process to
obtain the most dominant parameters and subsection 3.2.3 the meta-modeling theory.

3.2.1 Rail wear calculation
Figure 3.1 schematically shows the process of rail wear calculation, where different
combinations of input parameters are fed into a multi-body dynamics simulation.
The resulting wheel-rail contact parameters of these simulations serve as input for
the physical models implemented in Matlab that yield the amount of wear area loss
calculated with Archard’s wear law. The aim of this study is to replace the entire
(computationally expensive) process between input and output with meta-models
such that a large range of track geometry and operational conditions can be evaluated
efficiently by IM’s.

Parameters
related to

Track
Rail

Vehicle
Underground
Environment
Maintenance

Input

Multi-body
Dynamic
Simulation

Local
Contact
Model

Local Wear
Model

amount
of wear
in mm2

Output
VI-Rail environment MATLAB environment

Figure 3.1: Rail wear estimation process by means of numerical experiments.

Several multi-body dynamics software packages are (commercially) available. In
this study the multi-body simulations are performed in VI-Rail. This software con-
tains built in vehicle templates that can be customized [10]. The vehicles then consist
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of car bodies, bogies and wheel sets, which are considered as rigid bodies and are mu-
tually connected by means of primary and secondary suspensions. The track model
can easily be built up by choosing the track geometry parameters like length, rail in-
clination and rail cant. The contact parameters, i.e. the contact area, normal contact
load and slip conditions are then computed for each time step. These parameters are
extracted and exported to a Matlab script for the local contact and wear analyses.

Wear results in material volume loss and can be subdivided into several wear
mechanisms such as abrasive, adhesive, corrosive and surface fatigue wear [11]. In
the case of wheel-rail interaction, adhesive wear is the most commonly observed wear
mechanism [12]. Therefore the local wear model used in this research is based on
the Archard’s law for adhesive wear [13]. Archard demonstrated that the amount of
wear volume loss V in mm3 is proportional to the sliding distance s [mm] and normal
contact load FN [N] through a dimensionless wear coefficientK and that it is inversely
proportional to the hardness of the material H [N/mm2]:

V = K
sFN
H

(3.1)

The wear coefficient K depends on the surface conditions and is usually determined
empirically e.g. with pin-on-disk tests [2, 14]. For the wear calculations in the current
study the wear coefficient is estimated from the wear map published by Jendel [2],
see Figure 3.2, and scaled down by a factor of 5.5 as suggested by Enblom and Berg
[6]. Jendel’s wear map is constructed from a series of laboratory experiments for
various contact pressures, sliding velocities and hardness of the material under dry
conditions. Hence, the wear coefficient is a function of the contact pressure (P) and
slip velocity (vslip) which both can be extracted from the results of the local contact
model [15, 16].

The local contact model is based on the Hertzian contact theory and the simplified
rolling contact theory developed by Kalker [17]. The normal contact problem yields a
parabolic distribution for the contact pressure. The contact area between wheel and
rail is assumed to be elliptic and is discretized in a set of elements. Kalker’s simplified
theory [17] yields the tangential stresses and divides the elliptic contact area into a
stick and a slip region. Sliding velocities are then calculated for each element in the
slip region [16].

3.2.2 Sensitivity analysis
Previous studies have shown that wheel/rail wear depends on a lot of parameters like
curve radius, cant deficiency, braking and traction, maintenance activities such as
grinding, worn wheel and rail profiles, coefficient of friction, primary stiffness of the
bogie, track irregularities and lubrication [3, 9, 18, 19]. These governing parameters
are clustered into 6 categories in the fish bone diagram in Figure 3.3. The track
structure is decomposed in track superstructure and substructure, where the track
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Figure 3.2: Jendel’s wear map [2].

superstructure consists of rails, fasteners, railpads and sleepers and the substructure
consists of ballast and subgrade [20]. Track sup. stiffness and damping then represents
the equivalent/total track superstructure stiffness and damping in Figure 3.3.

In order to study the influence of each of these parameters on rail wear, a sensitivity
study is performed. First, the parameters are screened by means of the One factor
at a Time (OFAT) method and parameters with low sensitivity indices are excluded
from further analysis. The OFAT analysis reduces only the number of design variables
and does not give information on the parameter significance ranking and interaction
effects between parameters. Hence, the remaining parameters are subjected to the
method proposed by Morris [21] to rank them in order of importance.

One Factor At a Time (OFAT) method

The most influential parameters are determined by a local sensitivity analysis method,
also known as the One Factor at a Time (OFAT) method. This method evaluates the
relative contribution of one parameter to the output while the other k−1 parameters
are kept at their reference or base-line value [22]. Each parameter’s contribution is
defined by a sensitivity index SI [22]:

SIi = Dmax,i −Dmin,i

Dmax,i
(i = 1, ..., k) (3.2)
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Figure 3.3: Fish bone diagram of rail wear influencing parameters.

where Dmin,i and Dmax,i represent the response values for the parameters at its
minimum and maximum setting, respectively. Parameters with low sensitivity index
are discarded from further analysis. Figure 3.4 shows a flowchart of the sensitivity
analysis strategy followed in this study.

Morris method

Unlike OFAT, the Morris method is a global sensitivity analysis method that does
not only determine the effect of each separate parameter on the response variable,
but also provides insight into the correlation between parameters [21].

If one wants to take into account the influence of parameter xi (for i = 1, ..., k) on
the response value y, the derivative of y with respect to xi needs to be calculated. The
results of the derivative can be equal to a) zero, b) non-zero constants or c) non-linear
function of one or more parameters. These results are representatives for when the
influence of parameter xi on response value y is respectively a) negligible, b) linear
or c) non-linear or correlated with other parameters [21].

The standardized effect of a parameter on the response value can be calculated
as the variable which is also known as the Elementary effect Eei [21, 23, 24]. Hence,
the Elementary effect Eei of parameter xi to response value y and given a parameter
vector x = [x1, ..., xk] is defined as follows:

Eei(x) = y(x1, x2, ..., xi−1, xi + ∆, , xi+1, ..., xk)− y(x)
∆ (3.3)
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Figure 3.4: Sensitivity analysis strategy.

Note that only one parameter (xi) from the vector x is changed, and that the Ee of
xi can be different for another combination of values in x. Further, it is assumed
that each parameter is normalized to the range [0,1], and can only attain p different
equally spaced values:

xi ∈ {0,
1

p− 1 ,
2

p− 1 , ..., 1} (3.4)

The step increase for one of the parameters used to determine its sensitivity thus
equals one such spacing:

∆ = 1
p− 1 (3.5)

Figure 3.5 visualizes the design spaces for the OFAT and Morris method, i.e. the sets
of all possible combinations of the parameters xi. If the influence of one parameter
on the response value is being evaluated with OFAT, then for one Elementary effect
two simulations are required: one for the baseline or reference case and for the other
one a single parameter is changed by a certain amount (∆). Figure 3.5a shows three
example pairs of simulations (1-2, 3-4 and 5-6, with 1, 3 and 5 the reference values of
x1, x2 and x3 respectively) using OFAT for a 3-parameter problem with 4 different
equally spaced values (hence sampling density p = 4). Here the influence of each
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parameter is evaluated separately, which explains the 3 pairs of simulations for this
3-parameter problem.

The Morris method also evaluates the change of each parameter on the response
value but then the simulations are arranged such that a trajectory (1-2-3-4) is con-
structed, see Figure 3.5b. Due to this trajectory also the correlation between the
parameters can be studied. The baseline or reference case for the Morris method is
always the previous simulation of the trajectory. Hence, another advantage of the
use of trajectories is the efficiency as less scenarios need to be evaluated. As can be
seen from Figure 3.5 the Morris method requires 4 simulations (k + 1), where OFAT
requires 6 simulations (2k) to obtain 3 Elementary effects.

(a) Individual Ee’s as used in OFAT. (b) Trajectory Ee’s as used in the Morris
method.

Figure 3.5: The design spaceD visualized for a three-parameter problem and sampling
density p = 4 [23].

In order to derive a representative set of sensitivity indices with the Morris method,
r different trajectories are constructed in the design space to obtain a finite distribu-
tion of Elementary effects for each parameter. Hence, each parameter has a distribu-
tion that consists of r Elementary effects. The total number of simulations required
by the Morris method is thus equal to r(k+1) . In the OFAT analysis the sensitivities
are typically only calculated relative to the baseline values, so then only one Ee value
(or SI) is obtained instead of a distribution of Ee’s. However, it is also possible to
generate a distribution of Ee’s using OFAT. In that case r repetitions would require
2rk simulations, which is (much) less efficient than the Morris method. Morris [21]
and Campolongo et al. [25] suggest that a value of r in the range 5-15 should be
sufficient. Ruano et al. [26] showed that the optimal number of trajectories r can be
found by performing a convergence test on the values of the sensitivity parameters
(mean and standard deviation).

The Morris method then calculates the mean value and standard deviation of
the distribution of the Elementary effects for each parameter. A large mean value
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for the Elementary effects indicates a high level of influence on the response value.
The Morris method can be considered as an indirect regression analysis where the
relation between input parameters and response value is studied. Therefore, the
standard deviation can be regarded as the standard error of the regression analysis
that estimates how closely the fitted model represents the relation between input
parameters and response value. A large standard deviation, or standard error, then
suggests that either the obtained fit is insufficient to predict the correct response
value, requiring a higher order or non-linear model [27], or a strong correlation exists
between the parameter under consideration and one or more of the other parameters
[28]. A clear distinction between these two options (non-linear model or correlation
between parameters) is impossible without physical knowledge about the considered
process [24].

Figure 3.6 shows an example of a screening plot where the mean and standard
deviation of the Elementary effects of 3 parameters, namely parameter A, B and C
is plotted. Parameter A and B have the same standard deviation and parameter B
and C have the same mean. Hence, parameter B and C have the same and larger
importance than parameter A. Furthermore, C has a larger standard deviation than
B which suggests that the relation between C and the response value is either non-
linear or C is correlated with one or more parameters.
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Figure 3.6: Screening plot example.

3.2.3 Meta-model
Meta-modeling or surrogate modeling is commonly used to find mathematical expres-
sions for (relatively complex) physical processes and systems. Such an expressions or
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computational model can be regarded as a transfer function that produces an out-
put for a given input [21]. These models are usually developed for computationally
expensive simulations or experiments and are used for several purposes e.g. under-
standing of the problem, prediction and optimization. Different type of meta-models
are available e.g. Response Surface Methodology (RSM), Kriging, Radial Basis Func-
tion (RBF), Support Vector Machine (SVM), Artificial Neural Networks (ANN) etc.
This study applies the least complex method, namely RSM that fits the data to either
a linear or quadratic function using simple regression techniques. Other methods can
be applied if RSM does not work. The data points used for the linear or quadratic fit-
ting process are selected by Latin Hypercube Sampling (LHS) which will be discussed
in the next subsection.

Latin Hypercube Sampling (LHS)

In order to obtain a subset of data points that properly represents the full response
of all data points, a n-by-k design matrix X needs to be constructed which contains
the k parameter values at n different ‘points’ in the complete design space D. These
points are called scenarios or observations. Ideally, the larger the number of scenarios
the better the accuracy of the model that is fitted. However, this would ultimately
require a full factorial analysis for a k-dimensional space resulting in n = pk scenarios,
where p is the sampling density for each parameter [24] (i.e. the number of different
values a parameter can attain).

For computationally expensive simulations and a large value of k, full factorial
analysis is not feasible. Hence, instead of a full factorial analysis the LHS method is
proposed. This method reduces the number of scenarios or observations to be evalu-
ated, while retaining a certain level of model accuracy. The sample points should be
distributed in the k-dimensional hypercube in such a way that the space is uniformly
filled. However, not all generated design matrices guarantee space-filling. Therefore,
a number of randomly generated design matrices with a fixed number of scenarios n
are compared to find the best design matrix X that fulfills the space filling criterion.

The space-filling criterion is based on the maximin distance where the minimum
distance dp between each possible pair of points (x(i1),x(i2)) in design matrix X, is
defined as follows [24]:

dp(x(i1),x(i2)) =

 k∑
j=1
| x(i1)

j − x(i2)
j |p

 1
p

(3.6)

For p = 1 this distance equals the rectangular distance and for p = 2 the Euclidean
distance is used. The maximin distance is then obtained as the maximum value
of vector dp found across all combinations of points. The design matrix with the
highest maximin value is considered to have the most uniform space-filling, and is
thus selected for the analysis.
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Regression analysis

The n scenarios obtained with LHS are evaluated according to the process depicted
in Figure 3.1 and the response values are subjected to a regression analysis to obtain
meta-models.

As already mentioned in the introduction, the objective of this study is to calcu-
late rail wear by means of meta-models, hence for the response value in this study the
absolute value of rail wear area is chosen. This value is defined as the amount of mate-
rial that is worn off (in a 2D cross sectional view of the rail profile) with regard to the
nominal/reference rail profile. An advantage for choosing the wear area as response
value is the convenience in comparing modelling results with field measurements for
worn off area of rail profiles.

Furthermore, the meta-models obtained by using RSM have a polynomial form of
a certain order. In this study the quadratic form turned out to be sufficient and is
given by [29]:

y(x) = β0 +
k∑
i=1

βixi +
k∑
i=1

βk+ixi
2 +

k−1∑
i=1

k∑
j>i

βi,jxixj (3.7)

One has to make sure that the number of observations is substantially larger than the
number of regression coefficients (β′s) in order to have sufficient degrees of freedom.
For the quadratic model the number of observations should be n ≥ 2k +

(
k
2
)

+ 1 [29].
The quality of the meta-model is assessed by the coefficient of determination R2

which is defined as follows [30]:

R2 = 1− SSE

SST
(3.8)

The total sum of squares (SST) and the error sum of squares (SSE) are defined as
follows:

SST =
n∑
i=1

(yi − y)2 (3.9)

SSE =
n∑
i=1

(yi − ŷi)2 (3.10)

where ŷi is the predicted value by means of the fitted meta-model, yi is the ob-
served value (thus the response value obtained from the simulation) and y is equal to
the mean of the observed values.

After obtaining an acceptable fit of the meta-model (R2 is close to 1), a cross
validation is performed to verify that the model is able to accurately predict rail wear
for other scenarios than those used to obtain the fit, with certain accuracy. For this
a separate design matrix is constructed and the model is validated by means of the
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Mean Squared Error (MSE):

MSE = 1
n

n∑
i=1

(yi − ŷi)2 (3.11)

3.3 Numerical experiment results and discussion
The first part of this section describes the process for rail profile parametrization and
the obtained results. This is important before proceeding with numerical experiments
as the rail profile geometry is a relevant input parameter for the meta-model and needs
to be described accurately. Thereafter, the results for the sensitivity study and the
meta-model are presented.

3.3.1 Parametrization of rail profile
One of the conditions for the parameters in the design matrix is that they should be
continuous. However, this is not the case for the measured rail profile, which is now
classified as either new or worn. Thus, the objective of rail profile parametrization is
to develop a library consisting of rail profiles from their new to worn condition such
that each profile geometry is characterized by a single value. The aim is to correlate
the rail profile geometry to a monitoring parameter or a maintenance indicator, in
this case the vertical wear depth (measured at the railhead). To achieve this, a large
data set consisting of 1200 rail profiles measured with UFM120 (measuring car), at
the route between the cities Weesp and Almere, is utilized. The radii for the right
hand sided curves on this track varied between 1000 and 4000 meters. The robustness
of this method is validated with another 900 measured rail profiles on this same route
but for the left hand sided curves.

The measured rail profiles are discretized into coordinate points from r1 to r12,
see Figure 3.7. These randomly selected coordinate points are positioned between the
lateral coordinates of -5 and 35 mm, because it is assumed that for moderate curves
wheel-rail contact at the outer rail only occurs in this region. The Euclidean or normal
distance of these coordinates to the corresponding coordinates (along the line normal
to the profile) on a new rail profile of UIC54E1 are calculated. A correlation between
the Euclidean distance dri (between worn and new profile) of each coordinate point
i and the associated vertical wear depth h at position (0,0) or coordinate point r2 in
Figure 3.7, is established by means of a rational expression of the following form (for
i = 1 : 12):

dri = p1,ih

h2 + q1,ih+ q2,i
(3.12)

p1,i, q1,i and q2,i for each coordinate point ri are derived by performing a regression
analysis on the 1200 measured rail profiles and presented in Table 3.1. Figure 3.8
shows the obtained fit for coordinate point r4. Similar plots can be obtained for the
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other coordinate points. The derived equations now enable to reconstruct a worn rail
profile based on only the vertical wear depth.
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Figure 3.7: Rail profile discretization.

Table 3.1: Coordinate point fit parameters.

Coordinate point p1 q1 q2
r1 0.07192 0.01395 0.447
r2 2450 2.162e4 1.895e4
r3 4.343e4 7.058e4 1.94e4
r4 2.764e5 2.134e5 3.598e4
r5 2.062e5 1.323e5 1.904e4
r6 5.026e4 3.508e4 4046
r7 1.333e5 1.304e5 1.726e4
r8 6343 7.568e4 4.455e4
r9 4.891e4 3.685e4 4180
r10 2.915e5 2.427e5 2.788e4
r11 7.306e4 9.344e4 1.275e4
r12 2.593e4 7.109e4 3.665e4

In order to proof the validity of the obtained relation for the reconstruction of the
rail profiles, the relative error in percentages between the Cartesian coordinate points
of a measured rail profile with h = 3 mm (not used for the fitting procedure) and the
reconstructed profile using Equation (3.12) and interpolating between the coordinate
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Figure 3.8: Euclidean (normal) distance vs vertical wear depth h for r4.

points from r1 to r12, are plotted in Figure 3.9a. The relative error is calculated as
the difference between the Cartesian coordinate points of measured and fitted rail
profile divided by the associated vertical wear depth. Furthermore, the distribution
of the maximum relative error between the fitted and measured profile is provided in
Figure 3.9b, for almost 900 rail profiles. From the results shown in these figures it can
be concluded that the fitted profile is similar to the measured one as the difference
between the Cartesian coordinate points is less than 10% of the associated vertical
wear depth for most cases.

Furthermore, the error values obtained are only slightly higher than those pre-
sented by Karttunen et al. [9]. However, they parametrized rail profiles for curves
with radii between 450 m and 1240 m based on a parabolic expression and a straight
line yielding a total of 5 parameters required to describe the profile geometry. The
method proposed in this chapter uses only one parameter, namely h, to characterize a
rail profile geometry for moderate curves. The magnitude of the error can be consid-
ered to be acceptable, especially since its absolute value is mainly due to misalignment
as can be concluded from the clear trend observed in Figure 3.9 (not a random error).

Finally, Figure 3.10a shows parametrized rail profiles obtained for a specific LHS
design matrix and Figure 3.10b shows the number of occurrences for these profiles
in terms of the corresponding vertical wear depth. From the latter figure it can be
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Figure 3.9: Example and probability distribution of the relative errors between mea-
sured and fitted rail profiles.

concluded that the generated rail profiles are uniformly distributed from their new to
worn condition as expected from the space-filling property of the LHS method.
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generated by LHS.
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Figure 3.10: Worn rail profiles generated by a LHS design matrix for n = 200.

3.3.2 Sensitivity study results
A sensitivity study as described in Section 3.2.2 is performed to understand the be-
havior of the response value under influence of various parameters. Due to specific
modeling challenges not all parameters presented in the fish bone diagram depicted
in Figure 3.3 will be explored during this study. The multi-body dynamics model
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developed for this purpose consists of only rigid bodies, hence parameters related to
subgrade, ballast and track superstructure stiffness cannot be evaluated. This would
require the use of flexible bodies in the multi-body model. Also, the track irregu-
larities are not considered because as investigated by Pombo et al. [31] the influence
of the track irregularities on the track loads that govern wear is only a local effect.
The average degradation is the same as when no irregularities are considered. As will
be mentioned in Section 3.3.3 the median or average value for the wear area on a
specific track is chosen as the response value. Hence, the local effects caused by track
irregularities can be neglected in this study.

The parameters that will be further explored in the sensitivity study are presented
in Table 3.2 along with their respective intervals. The selection of these intervals
(parameters ranges) are based on literature data [32–36] and field experience. Fur-
thermore, the parameters related to lubrication, pollution and weather conditions are
all captured by the coefficient of friction.

Table 3.2: Range of Parameters.

Parameter Symbol Unit Minimum Maximum Base-line
value value value

Curve radius R m 1000 4000 2000
Vehicle speed V m/s 11.11 44.44 33.33
Axle load m MT 9.4 26.67 11.12
Rail cant cant mm 0 100 100
Rail hardness H GPa 2.0 3.4 2.7
Vertical wear depth h mm 0 12 0
Coefficient of friction cof — 0.02 0.6 0.4
Wheel diameter — m 0.85 0.95 0.92
Longitudinal stiffness (primary suspension) kx N/m 2.56e5 4.00e7 6.17e5
Lateral stiffness (primary suspension) ky N/m 2.56e5 4.00e7 6.17e5
Vertical stiffness (primary suspension) — N/m 3.00e5 1.15e6 7.32e5
Vertical damping (primary suspension) — Ns/m 4000 28000 27000
Longitudinal stiffness (secondary suspension) — N/m 7.5e4 1.33e5 1.6e5
Lateral stiffness (secondary suspension) — N/m 7.5e4 1.33e5 1.6e5
Vertical stiffness (secondary suspension) — N/m 1.00e5 1.77e6 4.3e5
Longitudinal damping (secondary suspension) — Ns/m 4000 26000 40000
Lateral damping (secondary suspension) — Ns/m 8500 26000 8500
Vertical damping (secondary suspension) — Ns/m 7100 90000 7100

Following the steps of the sensitivity analysis strategy, see Figure 3.4, a base-line
case is defined where the track length is equal to 800 meters. The first 50 meters of the
track represent a straight track section followed by a transition curve with a length of
100 meters leading to the actual curve. UIC54E1 is chosen as the rail profile, s1002
as the wheel profile and the rail inclination is set to 1:40 [radians] for the base-line
case. Further details on the remaining parameters are provided in Table 3.2. Then
the selected parameters are changed one at a time (OFAT analysis) from the base-line
and the median rail wear area on the actual curve is considered as the response value.
The responses for each parameter at its minimum and maximum value are compared
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and the calculated sensitivity indices are presented in Table 3.3. Parameters with
a sensitivity index lower that 0.05 are discarded from further analysis, which means
that only the top 9 parameters in Table 3.3 will be considered in the next step of the
sensitivity analysis.

As discussed in Section 3.2.2 the resulting parameters from the OFAT analysis are
subjected to the Morris method to gain insight in the correlation between parameters
and to rank the parameters in order of significance. According to Figure 3.1 the
input parameters should pass two processes before obtaining a value for the wear
area, namely the VI-Rail environment and the Matlab environment. In order to
prevent large errors caused by these two sequential processes, the Morris method
is only applied to the first process, namely the multi-body dynamic process in the
VI-Rail environment, and the wear number, which is the product of tangential force
and slip, is chosen as the response value. This is justified because the wear rate is
considered by Pearce and Sherratt [37] to be proportional to the wear number.

Furthermore, it should be mentioned that for the calculation of the wear number
the material hardness H, which is one of the 9 parameters, is not required. The
material hardness is an important parameter in the second process which is the wear
area calculation (Equation 2.1), not in the first process. Hence, for the Morris method
with the wear number as response value, the material hardness will not be taken into
account. This means that the Morris method, as introduced in section 2.2.2. is
applied as follows. The elementary effects are calculated using Equation (3.3), where
the response value y is the wear number. The model in this case contains 8 parameters
(k = 9 minus the hardness parameter H), which each can attain 5 values (p = 5),
and are normalized to the [0,1] interval by using the minimum and maximum values
of the selected parameter range given in Table 3.2. From the total design space D,
15 samples (r = 15) are taken, which are determined by the method proposed by
Ruano et al. [26]. This means that r((k−1)+1) = 135 analyses (VI-Rail simulations)
have been performed to obtain the Elementary effects. The resulting absolute mean
and standard deviation for each of the 8 distributions of Elementary effects (Eei) are
shown in Figure 3.11.

In this study the absolute mean value of the Elementary effects has been used,
because as suggested by Campolongo et al. [25] this will ensure that there is no loss on
important information. For example if the distribution contains positive and negative
values they will cancel each other out and this will result in a low mean value even if
the parameter has a high influence on the response value.

Figure 3.11 shows the means and standard deviations of the elementary effects of
the selected parameters on the wear number for two different wheel profiles: wheel
profile s1002 in new condition and wheel profile HIT in worn condition, respectively.
The HIT profile is a widely used wheel profile on Dutch railways and is actually a
modified s1002 profile with an enlarged running band [38]. This profile was designed
such that a more conformal contact is realized, which avoids the extreme dynamic
behavior (i.e. lateral movements) of the vehicles when running on the track. The
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Table 3.3: Results of the OFAT analysis.

Index Parameter Symbol Unit SI
1 Vertical wear depth h mm 0.89
2 Curve radius R m 52.94
3 Rail cant cant mm 0.72
4 Coefficient of friction cof — 2.37
5 Vehicle speed V m/s 0.39
6 Longitudinal stiffness (primary suspension) ky N/m 0.39
7 Lateral stiffness (primary suspension) ky N/m 3.96
8 Axle load m MT 0.33
9 Rail hardness H GPa 0.70
10 Vertical stiffness (primary suspension) — N/m 0.03
11 Vertical stiffness (secondary suspension) — N/m 0.01
12 Lateral stiffness (secondary suspension) — N/m 0.01
13 Longitudinal stiffness (secondary suspension) — N/m 0.00
14 Longitudinal damping (secondary suspension) — Ns/m 0.00
15 Vertical damping (secondary suspension) — Ns/m 0.00
16 Lateral damping (secondary suspension) — Ns/m 0.00
17 Vertical damping (primary suspension) — Ns/m 0.00
18 Wheel diameter — m 0.00

shapes of new and worn wheel profiles for s1002 and HIT can be found in Appendix
A. Figure 3.11 only shows the results for s1002 new and HIT worn. The reason is that
wheel profile s1002 worn is similar to the new HIT profile (which was the motivation
for designing the HIT profile), and also a worn HIT profile has a similar shape, which
is only shifted downwards due to a relatively low and constant wear rate compared
to the wear rate of new s1002 wheel profiles.

From Figure 3.11a it can be seen that the influence of the next cluster of parameters
consisting of kx, ky, V , m and cant has rather low mean value and standard deviation
values compared to h, R and cof . The vertical wear depth (h) (i.e. the amount of
degradation of the profile) has a similar mean value as the cluster of parameters but
a higher value for the standard mean deviation. This means that the influence of
h on the response value (in this case the wear number) is more or less similar to
the influence that vehicle speed (V ) and mass of the train (m) have on the wear
number. Furthermore, it can also be concluded that the vertical wear depth (h)
is either correlated with other parameters or is non-linearly related to the response
value. It can be explained that h is non-linearly related to the response value (wear
number or wear area) as the wear rate of rails is higher in the beginning of their life.
Figure 3.11a also demonstrates that the curve radius R has a large mean value and
a high standard deviation value, hence R has a large influence on the response value
and is non-linearly related to the response value. The latter conclusion is as expected
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because Meghoe et al. [39] showed that the wear area is non-linearly related to the
curve radius. Finally, the coefficient of friction (cof) has a similar standard deviation
value as the cluster of parameters, but a high mean value which indicates a large
influence on the response value.

Similar conclusions can be drawn from Figure 3.11b regarding the track’s curve
radius (R) and the coefficient of friction (cof). However, the behavior of the vertical
wear depth (h) for s1002 new and HIT worn are completely different. This is due to
the design of the HIT profile. The enlarged running band of the HIT wheel profile
ensures that less wear is generated due to the conformal contact between wheel and
rail [38]. Thus the influence of the rail profile evolution characterized by the vertical
wear depth h is negligible for the worn HIT wheel profiles.

In summary, the first part of the sensitivity analysis (OFAT) enabled to select the
9 most dominant parameters, whereas the second part (Morris) revealed in more detail
how (strongly) these parameters affect the response value (wear number). After these
two analyses, it is decided to use the 9 initially selected parameters in the meta-model
derivation, as will be described in the next subsection.
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Figure 3.11: Estimated means and standard deviations of the elementary effect dis-
tributions. Note that the unit of Eei is the unit of the response value, i.e. the wear
number.

3.3.3 Meta-modeling results

This subsection presents the derivation of the meta-models, as well as the results
obtained by applying the meta-models for prediction, classification and validation
purposes.
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Meta-model derivation and wear prediction

Previous research by the authors [39] showed that results obtained with a single wagon
passage in combination with damage accumulation provide wear area values that are
in accordance with field measurements. From that work, it could be concluded that
especially the simulated results for worn wheels are in accordance with measured data.
Furthermore, it was concluded that only the first wheel of the bogie running on the
outer rail is dominant for rail wear. Hence, the response value for the LHS scenarios
in this work is defined to be the rail wear area (i.e. the material loss due to wear
in a rail cross section) generated by the first wheel of the bogie. This wear area is
calculated for each computation step (i.e. position on track) and the median value
on the track from the position x = 300 meters on the actual curve is considered as
the response value. The latter restriction is to ensure that transient behavior of the
vehicle entering the circular curve radius is neglected.

According to Jendel [2] three wear regimes are possible, namely mild, severe and
catastrophic. If per wear regime a meta-model of quadratic form as given in Section
2.3.2 is fitted (Equation (3.7)), for each expression of the meta-model the number of
observations should be larger than the number of regression coefficients (n ≥ 2k+

(
k
2
)
+

1). Then for k = 9, the number of observations per meta-model should be substantially
larger than 55 and for three wear regimes (hence three meta-models) larger than 165.
By taking into account the influence of outliers a number of observations of 200 would
be sufficient. But in order to clearly show the two clusters of data points in Figure
3.12, 512 observations (i.e. model simulations) were chosen.

Figure 3.12 shows the comparison between the response values obtained with a
fitted quadratic function (i.e. the meta-model), derived for wheel profile s1002 in new
condition, and the response values as obtained from the individual numerical exper-
iments. This figure shows a very poor correlation between the fitted and observed
wear for the meta-model, as the points are not uniformly distributed around the solid
line (y = x). Furthermore, the fitted model (on the x-axis) yields negative values for
the wear area which have no physical meaning. These conclusions are confirmed by
the coefficient of determination R2 which is equal to 0.63 for this case. It is argued
that the poor correlation is a result of the large spread in the data. As can be seen
from this figure, the data can be split into two groups where one group consists of the
smaller values presented at the bottom of the figure. The large spread in the data
was discovered to be caused by the discontinuity in the wear coefficient as multiple
types of wear or wear regimes are possible. Due to the different type of the wear
mechanisms, e.g. mild and severe wear, a large spread in the data set is encountered
and it is not possible to capture the different behaviors with a single model. Hence
separate models corresponding to each type of behavior are developed. Plotting the
mean wear coefficient value for each simulation, see Figure 3.13, clearly shows two
clusters of data, each corresponding to a specific wear regime.

As mentioned before the wear coefficients used in this study originate from Jendel’s
wear map (Figure 2.5) and are scaled down by a factor of 5.5 as suggested by Enblom
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Figure 3.12: Comparison between wear area values obtained with meta-model fit and
wear area values obtained from numerical simulations for n=512.

and Berg [6]. Thus the wear coefficients plotted in Figure 3.13 correspond to wear
coefficients K1, K3 and K4 in Figure 2.5. K1 and K4 represent the mild wear regime
hereafter regarded as wear regime 1 and K3 represent severe wear hereafter regarded
as wear regime 2. Figure 3.14 shows the plot for the contact pressure versus the
sliding or slip velocity for the number of simulations performed, while the colors of
the points indicate to which wear regime they belong: regime 1 when k ≤ 2e-4 and
wear regime 2 when k ≥ 2e-4. The boundaries of the wear regime from this plot are
quite similar to those in Jendel’s wear map and a clear distinction between the wear
regimes of K1, K3 and K4 can be seen.

As explained before, the challenge regarding the large spread in the data due
to discontinuity in the wear coefficient is solved by deriving separate meta-models
for each wear regime. Moreover, also the range of the friction coefficient has been
rearranged due to the high influence on the response value as concluded from the
results of the Morris method in Section 3.2 (see Figure 3.11). The range is now set
to 0.3 - 0.6. Figure 3.15 shows the results for the two meta-models, one for each wear
regime. The coefficient of determination R2 for wear regime 1 and 2 is equal to 0.95
and 0.96, respectively, demonstrating a very good correlation. Similarly, separate
meta-models for friction coefficient range 0.02 to 0.15 and 0.15 to 0.3 are also derived
and visualized in Appendix B. The regression coefficients for the six derived meta-
models (HIT worn / s1002 new and 3 ranges of cof) are given in Appendix C. These
coefficients show that the selection of the parameters from the sensitivity analyses are
correct. This is because the regression coefficients are such that none of the parameters
can be discarded from the resulting equation for each meta-model. If a parameter
does not have a linear or non-linear relation with the response value (low mean, see
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Figure 3.13: Wear coefficient values for various simulations.
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Figure 3.14: Distinction between wear regimes from numerical results.

Figure 3.6) it is correlated with other parameters (large standard deviation, Figure
3.6). See for example x1 and x4: nonzero values are only found in the correlation
x1xi and x4xi, while β1, β4, β10 and β13 are equal to zero.
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Classification using the curve radius R can also be considered as this parameter
also has high mean values for the elementary effects, but for the curve radii range of
1000 - 4000 meters (moderate curves) the influence of R appeared to be minimal.
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Figure 3.15: Comparison of predicted and observed values from numerical simulation
(n = 200) of s1002 new.

Classification

Normally the wear regime is determined from the local contact model, which suggests
that numerical experiments are still required to determine the wear regime. In order
to overcome this challenge, additional meta-models are fitted for slip velocity and
contact pressure again using the same variables from Table 3.2 as input. The results
of these meta-models are shown in Figure 3.16.

Finally, the process of rail wear evaluation by means of meta-models is depicted in
Figure 3.17. The first step is the wear regime determination where the meta-models for
slip velocity and contact pressure are evaluated for the given input parameters, which
have been selected through the OFAT analysis and optionally the Morris method. The
results for the slip velocity and contact pressure are then inserted in Jendel’s wear
map and the wear regime is determined. Thereafter the rail wear area is calculated by
means of the meta-model for the selected wear regime followed by an accumulation of
the amount of wear generated by all first wheels of all bogies that pass the track. This
is done by multiplying the number of passing bogies at certain conditions with the
associated wear area. By comparing Figure 3.17 with Figure 3.1, it can be seen how
the proposed method eliminates the need of software tools (i.e. VI-Rail and Matlab),
that IM’s do not have at their disposal, once the meta-models have been derived.

Furthermore, the proposed approach using the meta-models as presented in Fig-
ure 3.17 is 500 times faster than the classical prediction model in Figure 3.1 and
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Figure 3.16: Comparison of predicted and observed values for s1002 new and friction
coefficient between 0.3 and 0.6.
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Figure 3.17: Rail wear estimation process by means of meta-models.

also leads to a drastic reduction in memory consumption, which is about a factor of
10,000. Another advantage of this method is the reduction of input parameters (e.g.
rail profile geometry parameters from the work of Karttunen et al. [9]) to only a set
of common parameters already monitored in practice.

Validation

Finally, the validation of the proposed method is performed with 90 randomly deter-
mined scenarios based on LHS for s1002 new. On the one hand the response values
are calculated only on the basis of the specified input parameters and meta-models
according to Figure 3.17 while on the other hand individual numerical experiments
are performed according to Figure 3.1.
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The “fit data” in Figure 3.18 represents the data points of the 200 random sim-
ulations used to obtain the meta-model and the “validation data” in these figures
corresponds to the 90 randomly determined simulations for validation purpose. If the
validation data points overlap the fit data points of the meta-model, the obtained
meta-models are acceptable. As can be seen from Figure 3.18, for wear regime 2
the validation data overlaps the fit data while for wear regime 1 there is a certain
deviation. As the wear in regime 1 is only mild wear, having only a minor influence
on the total amount of wear, overall the meta-models are considered to be reliable.
Furthermore, the mean squared error (MSE) of the predicted points for wear regime
1 and 2 is equal to 2.9498e-10 and 3.7865e-09, respectively. From these values and
the given plots it can be concluded that the proposed method provides results with
acceptable accuracy with a considerably reduced computational effort. The validation
case is based on the s1002 new wheel profile. However, the same procedure can be
repeated for any type of wheel as meta-models can be constructed for each type of
wheel.
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Figure 3.18: Comparison of predicted values and observed values against the fitted
model.

3.4 Conclusion
The method proposed in this chapter has been demonstrated to enable RUL pre-
dictions for various usage profiles of railway tracks. The proposed method takes into
account a large range of track geometry parameters. Typical operating conditions like
vehicle speed, axle load and vehicle type characterized by the primary suspension’s
stiffness of the bogie are also taken into account. Then a simple relation between
these input parameters and the amount of rail wear is established by means of meta-
models, which are derived from a large set of numerical experiments. The coefficient
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of determination found for the meta-models are higher than 0.95 which proves the
high accuracy of the model. These type of models are beneficial for IM’s as a de-
cision making tool, as they can predict the RUL quantitatively with a very limited
computational effort. Furthermore, the presented correlation between rail profile ge-
ometry and wear depth is beneficial for IM’s as they do not need to perform extra
measurements as the vertical wear depth is already monitored.

Furthermore, separate meta-models were constructed for each wheel profile type in
both new and worn condition, as large data sets of measured wheels were unavailable.
Hence, parametrization of worn wheel profiles is recommended if it is desired to reduce
the number of required meta-models. Finally, besides numerical validation as is done
in the present work, validation with field data is also required. Hence, the next step of
this research is to validate the method with wear area results from field measurements
and account for uncertainties in the input data.
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Appendix

3.A Wheel profiles
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Figure 3.A.1: Wheel profiles in new and worn condition.
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3.B Prediction results
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Figure 3.B.1: Comparison of predicted values and observed values from numerical
simulation (n = 200) of s1002 new for cof = 0.02 − 0.15.
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Figure 3.B.2: Comparison of predicted values and observed values from numerical
simulation (n = 200) of s1002 new for cof = 0.15 − 0.3.
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3.C Regression coefficients



64

Table 3.C.1: Regression coefficients.

Regr. s1002 new s1002 new s1002 new HIT worn HIT worn HIT worn
coef. cof : 0.02-0.15 cof : 0.15-0.30 cof : 0.30-0.60 cof : 0.02-0.15 cof : 0.15-0.30 cof : 0.30-0.60
β0 0.00 0.00 0.00 0.00 0.00 0.00
β1 0.00 0.00 0.00 0.00 0.00 0.00
β2 -1.87e-6 -2.43e-7 -3.09e-7 0.00 -4.54e-7 -2.27e-7
β3 0.00 0.00 0.00 0.00 0.00 0.00
β4 0.00 0.00 0.00 0.00 0.00 0.00
β5 0.00 0.00 0.00 0.00 0.00 0.00
β6 -9.12e-8 6.17e-9 8.25e-9 0.00 4.49e-9 2.79e-9
β7 7.84e-10 -8.43e-13 -4.07e-12 0.00 3.71e-12 -4.76e-12
β8 9.05e-10 6.42e-13 -5.86e-13 8.40e-12 -8.20e-13 9.82e-12
β9 -7.02e-6 3.36e-7 4.07e-7 0.00 1.49e-7 1.47e-7
β10 0.00 0.00 0.00 0.00 0.00 0.00
β11 -5.45e-10 1.07e-11 2.02e-11 0.00 3.05e-11 3.51e-11
β12 4.62e-07 -7.65e-09 -1.26e-08 0.00 -6.30e-09 1.48e-09
β13 0.00 0.00 0.00 0.00 0.00 0.00
β14 2.71e-05 -1.37e-06 -1.41e-06 0.00 -1.93e-07 -2.04e-07
β15 3.44e-13 1.15e-14 3.32e-14 -6.69e-15 1.49e-14 1.47e-14
β16 -6.32e-18 -2.05e-20 -7.88e-20 -4.59e-20 -4.20e-20 -7.34e-21
β17 2.47e-18 1.17e-20 2.52e-20 -4.54e-20 2.10e-20 -2.34e-20
β18 4.30e-10 -9.71e-11 -9.55e-11 0.00 -2.31e-11 -4.71e-11
β1,2 -9.55e-8 1.77e-9 -4.57e-8 0.00 -1.53e-8 1.90e-8
β1,3 1.25e-7 -5.94e-8 -4.57e-8 0.00 -1.53e-8 1.90e-8
β1,4 0.00 0.00 0.00 0.00 0.00 0.00
β1,5 0.00 0.00 0.00 0.00 0.00 2.31e-7
β1,6 7.41e-10 5.64e-11 3.58e-11 0.00 4.93e-11 -4.71e-11
β1,7 3.12e-13 4.01e-14 1.28e-14 -1.91e-13 -1.74e-14 1.75e-14
β1,8 -5.06e-12 -5.16e-14 2.14e-14 2.24e-13 2.05e-13 2.31e-13
β1,9 8.02e-08 -9.30e-10 -3.86e-10 0.00 4.15e-10 -2.48e-09
β2,3 3.42e-08 1.87e-10 2.57e-10 0.00 -1.61e-10 -8.35e-11
β2,4 1.55e-06 -1.49e-07 -8.12e-09 0.00 0.00 1.56e-07
β2,5 -2.58e-07 5.23e-09 5.88e-09 0.00 2.17e-09 2.71e-09
β2,6 -2.12e-11 -3.71e-13 -5.14e-13 -3.14e-13 1.13e-12 -3.18e-13
β2,7 -1.30e-13 8.84e-16 5.39e-16 3.59e-16 4.06e-16 -9.25e-16
β2,8 3.08e-14 -7.69e-16 -8.86e-16 6.02e-16 5.99e-16 -6.94e-16
β2,9 3.69e-09 2.32e-11 1.52e-11 0.00 4.87e-11 -2.29e-11
β3,4 0.00 0.00 0.00 0.00 0.00 0.00
β3,5 -7.88e-06 7.16e-08 3.27e-08 0.00 2.62e-09 -1.30e-08
β3,6 4.08e-10 4.94e-12 1.81e-11 0.00 3.39e-11 1.40e-11
β3,7 1.61e-12 -4.36e-15 1.28e-14 2.85e-14 3.83e-14 2.36e-14
β3,8 3.67e-12 8.34e-15 8.28e-15 -1.29e-14 2.46e-16 1.63e-14
β3,9 -2.86e-08 -5.11e-10 -3.84e-10 0.00 -4.94e-10 -3.63e-10
β4,5 0.00 0.00 0.00 0.00 0.00 0.00
β4,6 3.82e-07 8.32e-09 7.55e-10 0.00 4.63e-09 -5.18e-09
β4,7 7.81e-10 2.28e-11 1.03e-11 0.00 1.70e-11 1.35e-12
β4,8 -1.27e-09 -8.50e-12 -3.59e-12 0.00 -1.76e-11 1.17e-12
β4,9 0.00 0.00 -7.10e-08 0.00 0.00 -1.04e-09
β5,6 1.68e-09 -2.15e-10 -2.18e-10 0.00 -9.00e-11 -1.39e-10
β5,7 8.27e-13 1.01e-14 -2.24e-14 -2.63e-14 -4.33e-14 -1.05e-13
β5,8 -2.36e-11 1.40e-13 1.51e-13 1.85e-14 5.11e-14 -2.23e-14
β5,9 5.76e-08 1.29e-08 1.30e-08 0.00 3.95e-09 5.02e-09
β6,7 -3.29e-15 3.25e-17 3.99e-17 -1.96e-17 -4.56e-17 2.06e-17
β6,8 1.01e-15 2.30e-18 -2.99e-18 1.69e-17 4.01e-18 -2.81e-17
β6,9 3.22e-12 -9.78e-13 -1.86e-12 3.91e-13 -2.10e-12 8.77e-13
β7,8 -5.74e-18 9.16e-20 8.03e-20 3.87e-20 6.06e-20 1.48e-20
β7,9 -4.82e-14 -5.59e-16 -6.69e-16 5.26e-16 -1.99e-15 1.87e-15
β8,9 -1.86e-13 -9.97e-16 -8.67e-16 -3.38e-15 -2.98e-16 -2.83e-15



Chapter 4

Generic rail damage function
based on physical models1

Abstract
Railway tracks are plagued by surface defects that are a result of either the wear
or Rolling Contact Fatigue (RCF) mechanism. Several scientific and engineering
models have been developed to predict the damage rate due to these mechanisms.
One such semi-empirical model is called the Whole Life Rail Model (WLRM), which
has been successfully implemented in the past and is also easy for infrastructure
managers to use for the maintenance planning of railway tracks. However, this model
is material-dependent and is developed from a limited number of regions that cannot
be considered as a representation of all possible scenarios. Therefore, this chapter
presents a more fundamental approach to develop such models for different steel
grades and various friction coefficients such that most of the possible scenarios are
covered by the model. These scenarios are obtained by using the Latin Hypercube
Sampling (LHS) method and are then evaluated by using vehicle dynamic simulations.
The fatigue life and the wear rate are derived from analytical expressions of several
physics-based models and a good correlation is found between the obtained WLRMs
and those that already exists.

4.1 Introduction
Both wear and Rolling Contact Fatigue (RCF) are severe damage mechanisms for
railway tracks [1, 2]. Generally the high maintenance costs in railway infrastructure

1This chapter is based on: Meghoe, A., Loendersloot, R. and Tinga, T. (2019). Generic rail
damage function based on physical models. Wear (under review, revision submitted)
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are due to either controlling wear or preventing RCF. RCF probably causes the most
severe failures in railway infrastructure. The Hatfield derailment, for example, is one
of the worst nightmares in rail history [3]. The derailment of this train was caused
by RCF, which produced head-checks, eventually leading to broken rails. Hence, the
detection of RCF damage (through inspections) is very important, but the ability to
predict the occurrence of RCF offers even more benefits.

Various damage indices have been developed by several researchers to address the
prediction of crack initiation in rails. Examples of such models are the shakedown
map [4], the Dang Van criterion [5], the Whole Life Rail Model (WLRM) [6, 7] and
the ratcheting model [8]. Zacher [9] applied three of these models, namely shake-
down map, Dang Van criterion and WLRM, for RCF crack prediction on the high
speed line Cologne - Frankfurt. He concluded that the shakedown map could not
explain the RCF damage, whereas the Dang Van criterion and the WLRM yielded
similar and accurate results when compared with field observation data. Therefore,
the shakedown map approach will not be considered in this study. Furthermore, the
ratcheting model and the WLRM are the only models that also include the influence
of wear besides RCF. Due to the large computation time of the ratcheting model for
one scenario and the use of different rail steel micro-structures [8], it is difficult to
cover all possible scenarios and the WLRM approach is chosen to be studied further.

In 2003, Burstow [6, 7] developed an empirical model, also known as the WLRM,
to predict what location on a the track is prone to crack initiation. The prediction
model is based on dissipated energy in the wheel-rail contact and as mentioned before
it can also predict whether a specific track is dominated by RCF or wear. The WLRM
has been established by using field observations from a total of six different sites and
a time period of approximately two years. These are combined with detailed vehicle-
track interaction analyses using vehicle dynamic simulations. Furthermore, the rail
material involved in the research of Burstow [6, 7] is steel grade R220. Recently,
Hiensch and Steenbergen [10] repeated the WLRM development process for steel
grade R260Mn and R370CrHT and concluded that the behaviour of the R260Mn is
similar to that of R220. They also mentioned that the same WLRM is applicable for
all pearlitic steel grades, including R260. The WLRM for R370CrHT showed that the
crack initiation limit is higher than for the pearlitic steel grades and thus an increase
in fatigue life is expected.

The disadvantages of the empirical model are the time required for the field obser-
vations to determine the total number of cycles to failure or to crack initiation and its
dependency on the type of steel grade. Due to the different available steel grades for
rails from conventional to premium steel grades [11] different WLRMs are required.
Furthermore, so far the WLRMs for R220, R260Mn and R370CrHT have been de-
veloped only for vehicle dynamic simulations performed with fixed friction coefficient
values of 0.3 [6, 7] and 0.32 [10]. However, from the work of Marte et al. [12] who
performed a sensitivity analysis for RCF damage and wear on the contact level, it
can be concluded that the friction coefficient has a large influence on fatigue life. The
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variation in friction coefficient is also quite evident in practice due to environmental
or weather conditions, contamination and use of lubrication [13]. To summarize, the
WLRM is a suitable and practical approach for predicting RCF, but has two severe
limitations that prohibit application in a generic sense: it is material specific and uses
a fixed coefficient of friction. The current work will therefore focus on developing a
more fundamental background for this method, which will enable generalization of
the WLRM to virtually any operational context.

The objective of this study is to reconstruct the WLRM for different types of
steel grades such as R260 and R370CrHT, by using only analytical formulas and
numerical experiments instead of field observations. These analytical formulas are
obtained from physics-based models including Archard’s wear law, semi-analytical
expressions for crack initiation life and crack growth rates based on the Paris-Erdogan
law. Thereafter, a comparison will be made with the WLRMs already developed by
Burstow [6, 7] and Hiensch and Steenbergen [10]. Furthermore, the behaviour of the
generalized WLRMs for various friction coefficients, material crack growth properties
and rail surface roughness is studied. The outline of this chapter is as follows: Section
4.2 describes the methodology for the WLRM reconstruction which consists of the
analytical expressions and the vehicle dynamic simulations, Section 4.3 presents and
discusses the results and finally the conclusions are put forward in Section 4.4.

4.2 Methodology
By following the methodology as described in this section a generic rail damage func-
tion (or WLRM) can be established for rail tracks with a specific type of steel grade
including specific material properties, varying rail surface roughness and operating in
different environmental conditions (represented by the friction coefficient). Thus, this
section first gives a description of the WLRM (subsection 4.2.1) and then presents
the structure of the numerical experiments (subsection 4.2.2) which are used to re-
construct the WLRM which consists of two parts, namely the RCF damage function
and the wear rate function. The physics-based models that are used to estimate the
fatigue life and calculate the wear rate for the reconstruction of these functions are
described in subsections 4.2.3 and 4.2.3, respectively. Finally, the merging of both
functions is presented in the last subsection of Results and Discussion (Section 4.3).

4.2.1 Whole Life Rail Model
The WLRM for a specific material and coefficient of friction is depicted in Figure 4.1.
The damage index of the WLRM depends on the wear number (Tγ), a load parameter,
that is obtained from vehicle dynamics simulations and can be calculated for a specific
wheel-rail contact as:

Tγ = Txγx + Tyγy (4.1)
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where Tx and Ty represent the tangential or shear forces and γx, γy represent the
longitudinal and lateral creepages. The x-axis is aligned with the track and the y-
axis is perpendicular to the track.
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Figure 4.1: WLRM showing the RCF damage index as a function of the wear number
[3]. This plot has been developed for steel grade R220 and a coefficient of friction of
0.3.

The basic principle underlying the WLRM is that RCF and wear are competing
mechanisms on a rail track. Fatigue cracks initiate and propagate into the material,
but at the same time a wear process might remove the top layer of the track. The
rates of both processes determine whether cracks can grow or whether these are con-
tinuously removed by the wear process. The RCF and wear rates will be determined
by the loading conditions, as quantified by Tγ. The loading conditions associated
with line section A-B in Figure 4.1 represent the RCF dominant region, C-D repre-
sents the wear dominant region and B-C corresponds with a combination of RCF and
wear. The total damage is calculated by employing the Palmgren-Miner rule:

D =
k∑
i=1

Di (4.2)

with
Di = ni

Ni
(4.3)

These equations state that there are k different scenarios (or contact conditions) and
the damage index value Di for each scenario is the ratio between the number of
cycles (in this case the number of wheels passed) ni with contact condition k and the
number of cycles to failure Ni for the same contact condition. The contact condition



4.2 Methodology 69

is represented by the wear number Tγ which is plotted on the x-axis of the WLRM
function. Hence for a specific wear number, the damage index value can be obtained
from Figure 4.1. Finally, failure (here defined as crack initiation) occurs when the
accumulated damage index D reaches the value of 1. In case of a single scenario
(constant contact conditions), the total number of cycles to failure can be obtained
by inverting the damage index ( 1

Di
) as obtained from Figure 4.1.

4.2.2 Numerical experiments
The results obtained as output from a total of 200 numerical experiments are utilized
for the development of both the RCF damage and the wear rate function. These
numerical experiments are basically vehicle dynamics simulations in the VI-Rail en-
vironment [14], which yield the wear number and other contact conditions that have
an influence on the number of cycles until failure. The selection of 200 scenarios is
made by using Latin Hypercube Sampling (LHS), which ensures that the relevant
scenarios, i.e. various combinations of dominant parameters, are covered. Previously
a sensitivity analysis on the wear number was performed which resulted in eight dom-
inant parameters [15]. These parameters are presented in Table 4.1 along with their
minimum and maximum values that define the range of the parameters.

Table 4.1: Overview of most dominant parameters and their adopted ranges.

Parameter Symbol Unit Min Max
Curve radius R m 1000 4000
Vehicle speed V m/s 11.11 44.44
Axle load m MT 9.4 26.67
Rail cant cant mm 0 100
Vertical wear depth h mm 0 12
Coefficient of friction cof — 0.02 0.6
Longitudinal stiffness (primary suspension) kx N/m 2.56e5 4.00e7
Lateral stiffness (primary suspension) ky N/m 2.56e5 4.00e7

The multi-body dynamic simulations are performed with vehicles that consist of
car bodies, bogies and wheel sets, which are considered as rigid bodies and are mu-
tually connected by means of primary and secondary suspensions. The underground,
ballast and track are also considered to be rigid and the effects of track irregularities
are not considered. The simulated track length is equal to 800 metres, where the first
50 metres of the track consist of a straight track followed by a transition curve with
a length of 100 metres leading to the actual curve. For the rail profile UIC54E1 is
selected and for the wheel profile s1002. The contact parameters, i.e. wear number,
contact area and normal contact load, are then computed for each wheel and for each
time step. However, only the median value for the first wheel of the bogie on the
track on all positions starting from x = 300 metres on the outer rail, is considered
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for further analysis. Previous research by the authors [16] showed that the first wheel
of the bogie running on the outer rail is dominant for rail wear. Burstow [6] also
mentioned that RCF occurs mainly on the outer rail. Furthermore, the restriction of
using the median value from x = 300 metres is to ensure that transient behaviour of
the vehicle entering the curved track is ignored.

4.2.3 Fatigue life estimation
The first part of the WLRM represents the fatigue life in number of cycles as a function
of the wear number. The wear number is calculated from the VI-Rail simulations and
this section will describe how to estimate the fatigue life using analytical formulas and
results from the vehicle dynamics simulations. The total fatigue life (Nf ) is equal to
the sum of the crack initiation life (Ni) and the crack propagation life (Np) [17–19]:

Nf = Ni +Np (4.4)

Although the WLRM claims to perform a crack initiation prediction, the model was
developed using field observation data of cracks which were visible with the naked eye.
These cracks had a minimum crack length of ≈ 2 mm [6], which is much larger than
the typical crack length at initiation. This is the reason that both crack initiation
and crack propagation life will be considered to reconstruct the WLRM.

Crack initiation model

The adopted analytical equation for the crack initiation model derived by Tanaka and
Mura [20], is based on a dislocation model and is given as follows [18]:

Ni = AWs

(∆τ − 2τf )2 (4.5)

where Ni stands for the number of cycles to failure (in this case failure is defined
as the initiation of a crack), ∆τ is the shear stress range, τf is the friction stress
(approximated as half the fatigue limit) and Ws is the fracture energy defined as
follows:

Ws = ∆K2
th

2E (4.6)

where ∆Kth is the stress intensity factor at the crack growth threshold and E is the
elastic modulus. Furthermore, the constant A depends on material properties and the
manner in which the crack initiates e.g. along slip bands, along grain boundary or
along inclusion [18]. For crack propagation it is assumed that cracks in rails undergo
fracture mode I and II [2] and for crack initiation when the wheel forces are high
and crack sizes rather small, the cracks will be closed due to mode I [21]. Therefore,
in this study it is assumed that failure (i.e. crack initiation) occurs due to shear
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(fracture mode II ) and cracks are initiated along the slip bands [18]:

A = 4G
π(1− ν)a0

(4.7)

where G is the bulk shear modulus, ν is the Poisson ratio and a0 is the surface defect
size that can be estimated from the surface roughness Ra [17, 19, 22]:

a0 = 2.97Ra (4.8)

This relation between the surface defect size and the surface roughness that was found
by Murakami [22] by performing several fatigue tests, is chosen here to estimate the
fatigue life. The reason for this is that the WLRM is developed for a typical type
of RCF defects, namely head-checks [6], which occur mainly on the railhead surface
and are considered to originate from surface initiated cracks rather than subsurface
initiated cracks [3]. The locations where these surface defects occur have low fatigue
strength and experience high stress concentrations [19]. The higher the surface rough-
ness, the larger the surface defect size and thus the earlier the fatigue limit of the
material is exceeded and failure occurs. In conclusion, a higher surface roughness
means a decrease in fatigue life.

Based on the physical interpretation of the Von Mises yield criterion, Wang et al.
[18] defined the following relations between the shear stress range (∆τ) and the applied
normal stress range (∆σ):

∆τ =
√

2
3 ∆σ (4.9)

and
τf = 1

2

(√2
3 σfl

)
(4.10)

where σfl is the fatigue limit in terms of normal stress. By substituting Equation
(4.6) to (4.10) in Equation (4.5) the number of cycles to crack initiation (Ni) can be
represented as:

Ni = 9∆K2
thG

E(∆σ − σfl)2
π(1− ν)a0

(4.11)

Ni can now be calculated for any material when the applied normal stress range is
known from simulations (see Section 4.2.3) and some material properties which are
obtained from fatigue tests are available.

Note that in the initiation phase of the fatigue process, the crack size does not
change yet (that only occurs in the crack propagation phase). After Ni cycles the
crack size is thus still a0, and these cycles are only required to accumulate such an
amount of damage that the crack can start propagating.
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Crack propagation model

The expression for the number of cycles until (a certain amount of) crack propagation
(Np) is derived from the Paris’s law:

da

dN
= C(∆K)n (4.12)

where a is the crack size, N the number of cycles to failure, ∆K is the stress intensity
factor range and C and n are material constants.

Np is derived from the analytical solution for the integral of Paris’s law and is
expressed as follows [17, 18]:

Np = a0
(1−n

2 ) − asc(1−n
2 )

C∆σnβn1 π
n
2 (n2 − 1)

+ asc
(1−n

2 ) − af (1−n
2 )

C∆σnβn2 π
n
2 (n2 − 1)

(4.13)

where asc is the crack size when the crack is visible with the naked eye, af is the
crack size at failure and the geometrical constants β1 = 0.5

√
π and β2 = 1. The

second term in Equation (4.13) can be ignored as generally the number of cycles from
initial crack size to visible crack size is much larger than the number of cycles from
visible crack size to failure (e.g. fracture) [18] and typical values of n are larger than
2. Hence, the expression for the total fatigue life becomes:

Nf = 9∆K2
thG

E(∆σ − σfl)2
π(1− ν)a0

+ a0
(1−n

2 )

C∆σnβn1 π
n
2 (n2 − 1)

(4.14)

Applied normal stress range calculation

The applied normal stress range ∆σ, which is required for the total fatigue life (Nf )
estimation, is calculated from the contact parameters that are obtained from the
numerical simulations carried out in VI-Rail [14]. The evaluation of subsurface stresses
is performed by using the elastic half space model as explained by Santos et al. [23].
The entire process from the input of contact parameters to the final value of the
applied normal stress range is depicted in Figure 4.2. The contact parameters are
represented by the normal contact load FN and the semi-axes a and b of the elliptic
contact area between wheel and rail. As RCF crack initiation can occur either on the
surface or subsurface, the stress distribution within the material needs to be studied.
As given in Equation (4.9) the applied normal stress range can be calculated from the
shear stress range in the material. Due to the discrete contact of the wheels on the
rail, the stress ratio (R = σmin

σmax
) is equal to zero, thus the shear stress range equals

the maximum shear stress (∆τ = τmax). τmax can be calculated from the maximum
and minimum principal stress, σ1 and σ3 respectively, and is known to cause metal
fatigue.

τmax = 1
2(σ1 − σ3) (4.15)
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The principal stresses are calculated as the eigenvalues of the Cauchy stress tensor.
This tensor is calculated by using the Discrete Convolution Fast Fourier Transforma-
tion (DC-FFT) method for elastic contacts as first described by Liu et al. [24] and
also implemented by Bosman [25], for every element within the elliptical contact area
which is discretized in Nx×Ny ×Nz elements. Then the applied normal stress range
for each VI-Rail simulation (or each scenario) is calculated by using the maximum
value of the shear stress range within the Nx×Ny×Nz grid. The subsurface stresses
can also be calculated by means of a Finite Element Analysis (FEA), but FEA was not
suitable for the evaluation of 200 scenarios because the computation time is greater
than with the DC-FFT method.

Input: parameters from Table 4.1

Vehicle dynamic simulation
Output: Normal contact load (FN ) and

contact area geometry (semi-axes a and b)

Elastic contact analysis using DC-FFT
Output: Cauchy stress tensor

Eigenvalue analysis
Output: principal stresses (σ1, σ2 and σ3)

Calculate maximum shear stress (τmax)

Von Mises yield criterion
Output: applied normal stress range (∆σ)

Figure 4.2: Applied normal stress range calculation process.

4.2.4 Wear rate calculation
Now the fatigue part of the WLRM has been defined, this subsection will address
the second part of the WLRM, i.e. the wear part. In this chapter the well-known
Archard’s wear law [26] has been used to calculate the wear rate for rails. For val-
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idation purposes the results obtained with Archard’s approach are then compared
with the experimental results obtained by Bolton and Clayton [27] which were based
on the energy approach. The comparison between Archard’s approach and the en-
ergy approach requires a variable that expresses the wear rate obtained from both
approaches in the same units. This section first describes the calculation procedure
by using Archard’s approach, then the procedure when using the energy approach
and finally the comparison of the wear rate resulting from these two approaches.

Archard’s wear function

In 1953 Archard developed a sliding wear model for metal to metal contact surfaces,
based on theoretical and empirical studies [26]. This model indicates that the amount
of wear volume loss V is related to sliding distance s, normal force FN and material
hardness H:

V = K
sFN
H

(4.16)

where the wear coefficient K depends on the surface conditions and is usually de-
termined empirically e.g. with pin on disc configuration measurements. For simple
calculations the wear coefficient can be derived from the wear chart of Jendel [28],
see Figure 4.3. This chart was formed from a series of laboratory experiments for
various contact pressures, sliding velocities and hardness of the material during dry
conditions. Hence, the wear coefficient depends strongly on the previously mentioned
parameters. In this study the wear coefficients that were obtained from Jendel’s wear
chart were scaled down by a factor of 5.5 as suggested by Enblom and Berg [29].

The output of each numerical simulation in VI-Rail yields the elliptic contact
area between wheel and rail for a specific scenario. This elliptic contact area is then
discretized into Nx×Ny elements and the Archard wear law is implemented for each
element. The expression for the wear depth h(x, y) of every discretized element in the
elliptical contact (with cartesian coordinates (x, y)) is derived by dividing the wear
volume by the contact area which is assumed to be constant [30]:

h(x, y) = K(x, y)s(x, y)p(x, y)
H

(4.17)

where p(x, y) is the normal contact pressure distribution (i.e. the normal force divided
by the contact area) calculated by using the Hertzian theory.

As mentioned before, the elliptic contact area is divided into a number of elements,
and the wear depth is calculated at each element. If the specific element is in slip,
i.e. the wheel is sliding relative to the rail, the following condition is true:

τ(x, y) ≥ µp(x, y) (4.18)

where τ(x, y) is the tangential stress in an element with coordinates (x, y) and µ is
the friction coefficient in the contact. Then, the sliding distance for an element in slip
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Figure 4.3: Jendel’s wear map providing values of the dimensionless wear coefficient
for different wear regimes [28].

can be calculated as:
s = dx

Vvehicle
|v| (4.19)

where dx is the longitudinal element length, which is passed by the moving wheel in
a time period t = dx

Vvehicle
, Vvehicle the vehicle speed and v the magnitude of the slip

velocity defined as follows:

|v| =
√

(vx)2 + (vy)2 (4.20)

with,
vx(x, y) = Vvehicle(γx − φy) (4.21)

vy(x, y) = Vvehicle(γy + φx) (4.22)

where γx, γy and φ are the longitudinal, lateral and spin creepage respectively, which
are obtained as the output of the vehicle dynamic simulations. Note that creepage is
defined as the slip velocity divided by the vehicle speed and is dimensionless except
for spin creepage, which has the unit of [1/m] [16].

Finally, the amount of worn-off area from the rail is calculated from the wear
depth results. As mentioned before, the wear depth is calculated for each discretized
element in the elliptic contact area. Then for the same contact area the values of the
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wear depth are summed up along the longitudinal direction (direction in which the
train moves). This yields the wear depth as a function of the lateral coordinates of
the elliptic contact area. Then the worn-off area for that contact area is determined
as the integral of the wear depth over the lateral direction [16].

Energy approach

The wear rate described by the energy approach assumes that the wear volume loss is
proportional to the dissipated energy in the wheel-rail contact area and is expressed
in terms of the wear number Tγ. Bolton and Clayton [27] tested the wear behaviour
of various rail steels during rolling-sliding contact and plotted the wear rate for the
various types of steel. This wear rate Ẇ is expressed as the material’s weight loss
(µg) per rolled distance (m) per contact area (mm2):

Ẇ = K
Tγ

A
(4.23)

where K is the wear coefficient which is determined from Figure 4.4 [31]. Note
that these wear regimes correspond to the wear regimes in Jendel’s wear map, see
Figure 2.5, e.g. K1 stands for mild wear, K2 for severe wear and K3 for catastrophic
wear. However, the values for the wear coefficients from Jendel’s wear map and
Figure 4.4 are not the same.

Figure 4.4: Wear regimes and coefficients [31].

In order to compare the wear rates obtained from Archard’ s approach and the
energy approach, a similar variable should be compared. Hence, the wear rate from
the energy approach is divided by the steel density value ρ = 7850 kg/m3, which then
yields the wear rate in wear area per contact area (i.e. dimensionless). Furthermore,
for Archard’s approach the worn area for each elliptic contact area is calculated and
then divided by the magnitude of the elliptic contact area. In this way, both ap-
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proaches yield the same definition for the wear rate.

4.3 Results and discussion
This section presents the results obtained by using the proposed methodology. First
the results for the RCF damage function are presented, followed by the wear rate
function results and finally the obtained WLRMs are discussed.

4.3.1 RCF damage function
This subsection presents the RCF damage functions for two types of steel, namely
the conventional steel grade R260 and the premium steel grade R370CrHT, that
are constructed from the numerical simulation results and the fatigue life estimation
formula as explained in Section 4.2.3. Furthermore, the resulting effects on the RCF
damage functions for variations in stress ratio, the crack growth material constants
C and n, rail surface roughness and the friction coefficient are studied and discussed.

Figure 4.5 depicts the RCF damage function obtained for steel grade R260 for
different stress ratios R (defined as the ratio between minimum and maximum applied
load during fatigue crack growth testing [32]) and different values for the material
constants C and n. The roughness value Ra=0.4µm is similar to the roughness
value for the rail specimen measured by Bolton and Clayton [27] during the wear
rate testing. Furthermore, the material constants ∆Kth, C and n are obtained from
literature. Both Maya-Johnson et al. [32] and Christodoulou et al. [33] performed
fatigue tests for R260. However, the chemical compositions of their specimens were
not identical. Table 4.2 shows the chemical composition for standard steel grade R260
and the chemical composition of the specimens used by Maya-Johnson et al. [32] and
Christodoulou et al. [33]. Due to the difference in the chemical compositions, different
values for material constants C and n were obtained.

Table 4.2: Chemical composition of the different steel grades (in wt%).

Steel grade C Si Mn P S Cr Ni
R260 (standard) [33] 0.6-0.8 0.1-0.5 0.8-1.3 0.04 max 0.04 max - -
R260 [33] 0.68 0.35 1.11 0.01 0.02 0.02 0.02
R260 [32] 0.74 0.27 1.06 0.03 0.02 0.03 0.02
R370CrHT [32] 0.76 0.39 1.06 0.01 0.02 0.51 0.06

Figure 4.5 shows that the higher the value of C, the shorter the fatigue life, as
is expected from Paris’s law. Furthermore, the two RCF damage functions for R260
obtained from numerical experiments with stress ratio R=0.1 are closer to the RCF
damage function for R220 as determined by Burstow [6] than the data set for R=0.5.
This can be explained by the fact that in practice the stress ratio during wheel-rail
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Figure 4.5: Reconstruction of RCF function for steel grade R260, stress ratio R=0.1
and R=0.5 (µ=0.4 and Ra=0.4 µm). The WLRM curve, determined for steel grade
R220, is plotted as a reference.

contact is equal to zero: the normal contact load exerted on the rail by the wheels is
the maximum load and the minimum load is equal to zero (no contact condition).

The RCF damage function which is obtained from simulations by using various
values for the surface roughness Ra and stress ratio R=0.1 [33] is plotted in Figure 4.6.
This figure shows that, as expected, higher surface roughness leads to shorter fatigue
life. The surface roughness plays an important role in the fatigue life estimation, as
explained in subsection 4.2.3.

Besides the crack growth material properties and the surface roughness of the rail,
the friction coefficient also has a significant influence on the RCF damage [12]. In
order to investigate this influence, the RCF damage functions for each steel grade
are obtained from 200 numerical simulations with fixed coefficient of friction value.
Hence, for each fixed coefficient of friction value 200 simulations were performed and
because this study considers four values for the coefficient of friction (µ=0.3, 0.4, 0.5
and 0.6) a total of 800 simulations were performed for each type of steel.

The RCF damage functions obtained from numerical simulations by using the
material constant values (C and n) from Maya-Johnson et al. [32] are plotted in
Figure 4.7. It can be concluded that the RCF damage function constructed by using
these constants is similar to the WLRM as developed by Burstow [6]. Furthermore,
the RCF damage function is plotted for various coefficients of friction and it can be
seen from Figure 4.7 that higher values for the coefficient of friction yield a decrease
in fatigue life, as expected [12].
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Figure 4.6: Reconstruction of R260 RCF function for different values of the surface
roughness Ra.
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Figure 4.7: Reconstruction of RCF function for steel grade R260 using various friction
coefficients.
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A similar plot is constructed for steel grade R370CrHT, as is shown in Figure 4.8.
As can be seen from this figure, the slope of the WLRM with coefficient of friction
of 0.3 is similar to the WLRM as obtained by Hiensch and Steenbergen [10], who
used a coefficient of friction of 0.32 in the vehicle dynamic simulations. However, the
starting point of the obtained WLRM is lower than the starting point of the WLRM
from Hiensch and Steenbergen [10]. This starting point will be further referred to
as the first threshold of the WLRM (point A in Figure 4.1) and represents the crack
initiation limit that is based on the material properties, primarily the fatigue limit.
Hence, fatigue development starts when the stress state exceeds the fatigue limit [33].

Christodoulou et al. [33] studied the fatigue and fracture behavior of steel grade
900A, which is comparable to R260, and found that due to the high fatigue resistance
the value of the fatigue limit is slightly higher than the material’s yield strength. The
fatigue limit in that study is found to be equal to 533 MPa. Thus the first threshold of
the WLRM for R260 is determined from the relation between the stress state and the
wear number, see Figure 4.9, where both variables are determined from the numerical
experiments and plotted for each scenario. The threshold represented by the wear
number is obtained from Figure 4.9 as the value for which the applied normal stress
range ∆σ equals 533 MPa, because crack initiation takes place only when the cyclic
loading exceeds the fatigue limit. Individual plots like these are generated for each
coefficient of friction and the obtained thresholds are summarized in Table 4.3. The
threshold obtained for R260 in the range of 13-17 N corresponds to the threshold of
Burstow[6], who assumed a threshold between 15 and 20 N.

Table 4.3: RCF function lower threshold wear number values for both normal (R260)
and premium (R370CrHT) steel grade with varying coefficient of friction.

Wear number threshold [N]
µ R260 R370CrHT R370CrHT R370CrHT

(σfl=533 MPa) (σfl=767 MPa) (σfl=900 MPa) (σfl=1200 MPa)
0.3 13.79 19.97 25.03 38.30
0.4 14.48 23.35 30.02 45.51
0.5 17.11 23.58 31.39 46.42
0.6 17.33 26.96 38.38 58.48

The threshold for R370CrHT cannot be determined accurately as the fatigue limit
of this steel grade is not available in the literature. The threshold for R370CrHT can,
however, be estimated using the yield strength value given by Maya-Johnson et al.
[32], which is equal to 767 MPa. As it is known that R370CrHT steel grade has a good
fatigue resistance [10], it is assumed that the fatigue limit is slightly higher than the
yield strength. Hence, using 767 MPa for the fatigue limit results in a conservative
threshold value (25 N), which is lower the threshold from Hiensch and Steenbergen
[10] for R370CrHT (40 N). However, from the manufacturers data given in [34, 35] it
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Figure 4.8: Reconstruction of RCF function for steel grade R370CrHT using various
friction coefficients.
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Figure 4.9: Relation between equivalent stress and wear number for R260 (µ=0.4 and
Ra=0.4µm).

can be seen that the typical values for the yield strength range from 900 to 1200 MPa
and using these values as a measure for the fatigue limit, higher threshold values close
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to 40 N, are found, see Figure 4.9 and Table 4.3.

4.3.2 Wear rate function
Before proceeding with the reconstruction of the wear rate function in the WLRM, it
is necessary to prove that the wear calculation is correct. This is done by comparing
the calculated wear rate using Archard’s law with the experimental results for the wear
rate of Bolton and Clayton [27]. Figure 4.10 shows the wear rate results for various
coefficients of friction along with the wear rate of Bolton and Clayton. Each data
point for each friction coefficient is a representation of the wear rate for one single
simulation (or scenario). Using the LHS method, a rather wide range of scenarios
could be explored. From Figure 4.10 it can be concluded that the wear rate of Bolton
and Clayton corresponds with the results obtained for friction coefficient µ=0.5. This
validation shows that the implemented wear model based on Archard’s wear law
correctly represents the experimental work of Bolton and Clayton, as the friction
coefficient used during their experiments was between 0.5 and 0.6. It should be noted
that the results plotted in Figure 4.10 represent the dominant wear regime 2 (e.g.
severe wear).
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Figure 4.10: Calculated wear rates for various coefficient of friction values compared
with the empirical relation of Bolton and Clayton [27].

For the reconstruction of the wear function in the WLRM, the wear rate must
be converted into the number of cycles to failure, as this quantity is on the vertical
axis in the WLRM. In the original WLRM this issue is circumvented, as the wear
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function is assumed to be a straight line from point B through C to D (see Figure 4.1).
However, in this work a physical foundation for the different curves is proposed to
enable generalization of the model. The physical interpretation of point C is that
the wear rate at this condition is such that it exactly counteracts the RCF crack
propagation, so the RCF life will be infinite. It is therefore proposed here to calculate
the number of cycles (i.e. passing train wheels) it takes the wear process to remove
the crack propagation by using an average fatigue crack. From literature [1, 21] it is
known that cracks propagate at an angle between 15◦ and 30◦ into the rail. Therefore,
in this study it is assumed that a typical RCF crack propagates under an angle (θ)
of 20◦ into the rail, and has an average length (L) of 2 mm. It then requires a wear
depth (h) of 0.68 mm (h = L sin θ) to fully remove this crack [1]. Knowing the wear
rate (i.e. the wear depth per cycle or in this case per passing wheel), the number
of cycles required to accumulate to the required wear depth can be calculated. The
resulting number of cycles from the simulations already performed, which are needed
to exactly compensate RCF for wear regime 2, are shown in Figure 4.11.
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Figure 4.11: Wear function fit for R260 and µ=0.5.

This figure shows the wear rate for all 200 simulations and the data points for
these simulations are fitted by means of a linear function. This linear function repre-
sents the wear rate function in the WLRM. It can be seen that the obtained linear fit
for the wear rate (i.e. the slope of the line) is similar to the wear rate of the WLRM
as derived for R220 from the work of Burstow [6]. The position of the curve, however,
deviates from Burstow’s curve. This is because wear occurs only after exceeding a
certain threshold value for the wear number (Tγ), as for lower values of shear force
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and creepage the wear mechanism is not activated [27]. This is also the explanation
for the inflection point B in Figure 4.1: from that point wear is counteracting the fa-
tigue crack propagation to such an extent, that it leads to a decrease in total damage
level (and increase in lifetime). The actual threshold of the wear rate function in the
WLRM is determined from the interception with the x-axis of the linear function in
Figure 4.10. Bolton and Clayton [27] explained that the wear mode requires some
activation energy to start the wear process; for example, for µ=0.5 this activation en-
ergy per unit contact area is found at Tγ/A ≈ 10 N/mm2. Therefore, the interception
with the x-axis was determined for each friction coefficient for a large set of simulated
scenarios (see Figure 4.10) and then the corresponding wear number was found from
the relation between the wear number (Tγ) and the wear number per contact area
(Tγ/A) plotted in Figure 4.12. The data points in this figure are obtained from the
numerical simulations.
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Figure 4.12: Relation between frictional energy per contact area and wear number.

Finally, the estimated thresholds for both R260 and R370CrHT are summarized
in Table 4.4. From this table it can be concluded that the required activation energy
per unit contact area is higher for increasing friction coefficient. This is as expected
because more energy is required to overcome the static friction coefficient in order to
have motion and eventually wear. Finally, using the threshold determined for R260
in Figure 4.11 shows that the curve now coincides with Burstow’s curve.
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Table 4.4: Wear function threshold values for both normal (R260) and premium
(R370CrHT) steel grade with varying coefficient of friction.

µ 0.3 0.4 0.5 0.6
R260 Interception activation energy [N/mm2] 2.82 5.78 9.21 12.19

Threshold wear number [N] 12.97 46.21 62.61 85.32
R370CrHT Interception activation energy [N/mm2] 3.26 6.34 9.24 12.31

Threshold wear number [N] 15.67 49.96 62.61 88.06

4.3.3 WLRM reconstruction

This section presents the final results of the WLRMs that are obtained by using
only analytical formulas and numerical simulations as described in the methodology
section. As mentioned before, the WLRM consists of two parts: the RCF damage
function and the wear function. The individual results of both functions have already
been presented in the previous subsections. Figure 4.13 shows an example of how
these two functions are combined in order to construct the WLRM for µ=0.5.

The final WLRMs, obtained by subtracting the wear function from the RCF func-
tion for varying friction coefficients, are given in Figure 4.14 for R260. From this
figure it can be seen that the WLRM from Burstow, which is developed for µ=0.3,
is positioned between the WLRMs obtained for the current study for µ=0.4 and 0.5.
The reason for this is the threshold value for the activation energy in the wear rate
function. The activation energy for the WLRM from the work of Burstow was es-
timated around 65 N from field observations and vehicle dynamic simulations with
µ=0.3.

For the WLRM obtained in this study the activation energy using physics-based
models (i.e. Archard’s wear law) is around 12 N for µ=0.3 and due to this difference
the wear domination starts at a lower activation energy. The RCF damage function
starts around 15 N and no interaction is found between the two functions, as the wear
rate is higher than the RCF damage rate, see Figure 4.15. Hence, it can be concluded
that the obtained WLRM for µ=0.3 does not seem at first sight to correspond with the
WLRM from literature [6]. However, in other work of Burstow et al. [36], where the
wear rate was calculated based on the ratcheting model, the activation energy was
found to be around 10 N, which is significantly lower than the previously adopted
value of 65 N. This was claimed to be attributed to an unknown mechanism besides
RCF and wear.

From the current study it can be concluded that this other mechanism is not
needed to explain the results, but that the divergence is caused by the friction coef-
ficient. The WLRM of Burstow [6] is based on field observations with an assumed
fixed friction coefficient, whereas due to environmental conditions the actual fric-
tion coefficient varies in practice. The results from the current study show that
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different WLRMs are obtained for different friction coefficients and to validate the
obtained WLRMs with field observation data, the operating friction coefficient needs
to be monitored. Furthermore, similar plots and similar conclusions can be drawn for
R370CrHT.
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Figure 4.13: Wear rate versus RCF damage for R260 (µ = 0.5). The thresholds (A
to D) in this figure can be compared with Figure 4.1.

4.4 Conclusion
The objective of this study was to find a more fundamental background for the Whole
Life Rail Model, avoiding field observations and using only analytical analyses and
numerical simulations. It can be concluded that overall this goal has been achieved,
as the derived RCF damage function and the wear rate function from the WLRM
were compared individually with already existing models and good correlations were
found. The combination of these two functions that form the WLRM appeared to be
very sensitive for the specific values of two thresholds. As these thresholds are also
unknown for the existing WLRMs, comparison of the proposed approach to WLRMs
could not yet be fully completed. It is recommended to validate the obtained WLRMs
for varying friction coefficient values with well-documented field data in order to fully
validate the approach. These developed models can then be very useful for infrastruc-
ture managers, as they can replace look up tables presently used for specific vehicles
to predict the RCF life of railway tracks for all possible scenarios. The information on
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Figure 4.14: WLRM reconstruction for R260 using various coefficients of friction.
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0 100 200 300 400 500 600
 T  [N]

0

1

2

1/
N

 [-
]

10-4

wear rate
RCF damage

Figure 4.15: Wear rate versus RCF damage for R260 (µ = 0.3).
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RCF life, e.g. prioritizing track sections dominated by RCF, can then be included in
the maintenance planning for RCF prevention such as grinding or track replacement.
Another interesting insight that was obtained from this study was the influence of
different mechanical and surface related properties (such as material constants ∆Kth,
C and n, and surface roughness Ra) and it can be concluded that for these variations
as well the proposed approach can be used to construct the appropriate WLRMs .
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Chapter 5

A hybrid predictive
methodology for head checks
in railway infrastructure 1

Abstract
This chapter presents a hybrid method to assess the rail health with the focus on
a specific type of rail surface defect called head check. The proposed method uses
physics-based and data-driven models in order to model defect initiation and defect
evolution on a rail for a given rail traffic tonnage. Ultrasonic (US) and Eddy Current
(EC) defect detection measurements are used to provide Infrastructure Managers
(IMs) with insight in the current rail condition. The defect initiation results obtained
from the first part of the hybrid method which consists of the physics-based model
is successfully validated with the EC measurements. Furthermore, the US and EC
measurements are utilized to derive a data-driven model for defect evolution. Finally,
a set of robust and predictive Key Performance Indicators (KPIs) are proposed to
quantify the future condition of the rail based on different characteristics of rail health
resulting from the defect initiation and defect evolution analysis.

5.1 Introduction
Increasing train traffic and axle loads change the railway infrastructure condition more
rapidly than in the past. Hence, demands for efficient infrastructure monitoring and

1This chapter is based on: Meghoe, A., Jamshidi, A., Loendersloot, R. and Tinga, T. (2019). A
hybrid predictive methodology for head checks in railway infrastructure. Proceedings of the Institu-
tion of Mechanical Engineers, Part F: Journal of Rail and Rapid Transit (submitted)
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performance improvement in infrastructure operations are among the major concerns
of Infrastructure Managers (IMs). To satisfy those demands, the infrastructure condi-
tion should be monitored and analysed. Hence, to maintain the railway infrastructure
at an efficient working level, a condition-based maintenance strategy is required [1].

Among all the railway infrastructure systems involved in train operation, the rail
track has a critical role in the railway network performance. In an intensively used
network, a considerable amount of the maintenance has to be allocated to the track.
In the Dutch railway network, this amounts almost half of the annual maintenance
budget [2]. As a high percentage of the failures occurring in the railway infrastructure
are directly related to rail defects, rail condition monitoring focuses on detecting the
rail surface defects that can potentially result in rail fracture and derailment in worst
cases [3–5].

Different methods are available to detect and monitor the rail surface defects.
These methods include Ultrasonic (US) measurements [6], Eddy Current (EC) testing
[7], Axle Box Acceleration (ABA) measurements [8], Video Images (VI) [9] and guided-
wave based monitoring [10]. An extensive review of the US, EC and VI method can
be found in [11, 12] along with the advantages and disadvantages of each method. In
general, these methods are not capable of predicting the initiation of new rail surface
defects, nor are they able to detect defects with a crack depth between 3 and 5 mm.

Head checks are one of the most common types of rail surface defects and can
lead to rail fracture when not treated in time [13]. They are triggered by repeated
wheel-rail contact at high velocity and with high axle loads [14], and can be spotted
on the outer rail (at the gauge side) of curved tracks with radii between 500 and 3000
metres, as a cluster of very closely spaced fine cracks, see Figure 5.1. It should be
noted that each cluster of head checks will be further regarded as a single head check
i and the crack depth is then defined as the maximum value of all the head checks
within that cluster.

Early detection of head checks is important to mitigate induced maintenance costs
as well as the consequences of unexpected rail failures. However, as mentioned before,
rail surface defect detection at an early stage of growth can be challenging. It is
possible to confuse the presence of early stage defects with non-defective rail objects.
The objective of this study is to propose a method which can be used to predict the
occurrence, size and number of rail surface defects (in this case head checks) not only
in their early stage of growth but during the entire rail life. Accurate prediction of
this will enable efficient maintenance planning as the IMs will be aware of the rail
health due to the size and number of defects on the rail.

The total size of a head check (i.e. the crack depth) is the result of crack initia-
tion and crack propagation. In this study, the initiation of a head check is predicted
by using meta-models of a head check initiation model, the Whole Life Rail Model
(WLRM) [15], adopted from Chapter 4. The advantage of this physics-based model
is that it can be implemented easily in maintenance decision tools. On the other
hand, currently available crack propagation models derived from physics-based mod-
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(a) Head checks on real rail. (b) Head checks on schematic rail.

Figure 5.1: Real and schematic view of head checks on the gauge corner of the outer
rail [13].

els are not suitable for strategic applications of predictive maintenance [17]. These
types of models require detailed information on initial cracks where Finite Element
Models (FEM) play an important role [18, 19]. Therefore, a data-driven framework
is proposed to model the crack propagation. This framework includes a rail anomaly
detection approach based on rail measurement sources like EC and US. Thereafter,
a set of predictive and robust Key Performance Indicators (KPIs) are proposed to
quantify the condition of different sections of rail by using the combination of the
results obtained from the crack initiation and from crack propagation models.

However, the deterministic nature of this newly proposed approach makes it mean-
ingless for the IMs, unless a stochastic model is added for the head check initiation
model. The drawback of the meta-model for head check initiation adopted from
Meghoe et al. [16] is that it predicts the occurrence of only a single head check for a
given time period, whereas from field observations it is concluded that multiple head
checks can initiate in the same time on a specific rail piece [12]. Therefore, first an
initiation model then a stochastic model is introduced in this study to predict the
number of head check initiations along with their location on the rail track.

In conclusion, in this study a hybrid predictive methodology to assess head checks
in railway infrastructure is proposed. The proposed hybrid predictive methodology
can be a robust tool for the prediction of rail condition. Infrastructure managers
will be aware of the rail health and rail degradation over a given maintenance time
horizon. Thus, the proposed method can greatly help to improve rail maintenance
planning.

The proposed hybrid method consist of three steps: a physics-based model, a
data-driven model and a health assessment analysis based on KPIs, see Figure 5.2.
This figure depicts the flowchart of the entire methodology which is described in more
detail in Section 5.2, 5.3 and 5.4. Finally, the results and discussion are put forward
in Section 5.5 and the conclusion is set out in 5.6 respectively.
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Figure 5.2: Flowchart of the proposed hybrid predictive methodology.

5.2 Physics-based head check initiation model

A number of early-stage head check initiation models have been reviewed and are
listed in [12]. Regarding the requirements for implementation of these models, which
depend mostly on calculation efficiency and direct coupling with operational condi-
tions Meghoe et al. [12] concluded that the Whole Life Rail Model (WLRM) developed
by Burstow [15] is the most suitable model for the hybrid predictive methodology. An
additional advantage of the WLRM is that it also takes into account the damage rate
induced by the wear mechanism. However, the disadvantage of this approach is that
for each scenario with specific operational conditions and track geometry a simu-
lation needs to be performed in a multi-body dynamics software code, in order to
calculate the time to failure (defined in this case as head check initiation). Typically
infrastructure managers do not have access to complex software such as multi-body
dynamic codes. Thus, to overcome this obstacle and assist the infrastructure man-
agers, this chapter provides meta-models for the head check initiation, that do not
require multi-body simulations. These meta-models are derived for a relevant set of
different scenarios obtained by the Latin Hypercube Sampling (LHS) method. Hence,
this section will give a short description of the WLRM (see also Chapter 4), followed
by a description of the meta-models and the process of damage prediction.
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5.2.1 Whole Life Rail Model
The WLRM, see Figure 5.3, shows how many cycles (in this case the number of
wheel passages) are required until failure occurs given a specific loading condition.
This loading condition is described by a loading parameter also known as the wear
number (Tγ) which is defined as the product of tangential forces (T ) and slip (γ) in
the wheel-rail contact:

Tγ = Txγx + Tyγy (5.1)

where x and y are the moving and lateral direction respectively.
The wear number is an output of the vehicle dynamics simulation and determines

which degradation mechanism (RCF or wear) is dominant. The loading conditions
between line section A-B in Figure 5.3 represent the RCF dominant region, B-C the
combination of RCF and wear and C-D the wear dominant region. Furthermore, the
wear number is also chosen as the response value of the meta-model as described in
Subsection 5.2.2.

Typically a railway track experiences different traffic conditions, leading to differ-
ent loading conditions. Then the total damage index D can be calculated by using
the Palmgren-Miner rule:

D =
k∑
i=1

ni
Ni

(5.2)

whereNi is equal to the total number of cycles required until failure occurs at a specific
loading condition i, ni is the actual number of cycles (obtained from operational data)
for the same loading condition and k is the total number of loading conditions. Failure
occurs when D = 1. The WLRM in Figure 5.3 presents the damage number per cycle
for a range of load conditions. The associated life times can be obtained by taking
the inverse of this quantity.

5.2.2 Meta-model
Meta-models are approximation models which are used to describe complex models
of physical and engineering systems in an efficient way by means of input and out-
put parameters [20]. Computationally expensive calculations are basically replaced
by meta-models that are constructed from a relevant set of data points that repre-
sent the actual behaviour of the system. This relevant set of data points is selected
through experimental design methods such as Latin Hypercube Sampling [21]. Then
the data points are used to construct the meta-models through the application of the
Response Surface Methodology (RSM) [22]. RSM typically uses first and or second
order polynomial functions. In this study, the second order polynomial function is
applied [23]. An extensive description of the meta-model development process and
the specified range for the input parameters can be found in previous work performed
by Meghoe et al. [24] (see Chapter 3).
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Figure 5.3: WLRM showing the RCF damage index as a function of the wear number
for steel grade R260 and friction coefficient 0.3 [13].

There are eight input parameters in this study, including operational condition
parameters like the vehicle speed, the axle load, the longitudinal and lateral stiffness
of the primary suspension of the vehicle’s bogie, track geometry parameters such as
the rail cant, the vertical wear depth of the rail profile and the curve radius, and
the environmental condition represented by the coefficient of friction. The output
(response value) of the meta-model is the wear number, i.e. the load parameter that
governs the head check initiation. In order to have sufficient degrees of freedom to
fit the quadratic function, the minimum number of data points (e.g. simulations) for
eight input parameters should be equal to 45, according to Cioppa [23]. Furthermore,
as a rule of thumb, the minimum number of simulations should be equal to ten times
the number of input parameters [21]. Therefore, 80 vehicle dynamic simulations have
been performed to derive the meta-models . The multi-body dynamics software used
in this study is VI-Rail [25]. The default template vehicle of the ERRI Wagon was
used with either s1002 or HIT wheels (most commonly used wheels on Dutch trains)
in their worn condition as explained in [26].

The accuracy and quality of the meta-models are assessed by two measures, namely
the coefficient of determination R2 and the Mean Squared Error (MSE):

R2 = 1−
∑n
i=1 (yi − ŷi)2∑n
i=1 (yi − y)2 (5.3)

MSE = 1
n

n∑
i=1

(yi − ŷi)2 (5.4)

where n is the number of simulations, ŷi is the value predicted by means of the fitted
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meta-model, yi is the (real) response value obtained from the simulation and y is
equal to the mean of all yi values.

5.2.3 Damage evaluation
Once the wear number is determined for each passing wheel (by using the meta-
model), the damage index can be calculated by using the Palmgren-Miner rule given
in Equation 5.2. This process is depicted in Figure 5.4 where three data sources
are required, namely 1) the Quo Vadis data that provides information about the
operational conditions, e.g. number of trains, number of wheels, type of train, velocity
of each wheel and axle load, 2) the rail profile measurements data that provides the
value for vertical wear depth of the rail profile and 3) the Geographic Information
System (GIS) data which provides information about the track geometry, e.g. curve
radius and rail inclination.

5.3 Data-driven head check evolution model
Using the method proposed in Section 5.2, the initiation of head checks in a specific
track section can be predicted. However, the severity of the head checks (in terms
of the crack depth) will increase over time. This section describes how the defect
evolution model is developed. The aim is to achieve a model that represents the crack
depth of the head checks as function of the traffic tonnage denoted by Mega Gross
Tons (MGT). MGT is a unit of measurement representing the total weight of the
trains that passed a specific track over a given period of time.

The crack depth data used to obtain the evolution model is retrieved from the US
and EC measurements while the traffic tonnage information for the past ten years is
provided by ProRail. An extensive description of both testing methods (US and EC)
can be found in [12]. Furthermore, the EC measurement data is not only used for the
defect evolution model, but also to validate the crack initiation model. These results
will be presented in Section 5.5.

The crack depth growth of each individual head check is defined as the difference
between the crack depth values of two consecutive measurements. Thereafter the
MGT between these two consecutive measurements is obtained. For maintenance
decision making purposes it is important to set a threshold for maintenance based on
an absolute value rather than on damage increase. Therefore, the crack depth values
of the measurements were plotted against MGT. However, for the initial measurement
the MGT value is set to zero as the history of the track before the measurement period
is unknown. For the second and all consecutive measurements the ∆MGT value is
used. In this way a cumulative representation of the measurements is achieved which
also reveals the importance of the initial crack depth. Finally, a regression model is
fitted to this cloud of data.
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Figure 5.4: Flowchart describing the head check prediction process [12].

Different crack growth scenarios are defined as different cracks can exhibit differ-
ent crack growth rates depending on local material properties. Hence the different
crack growth scenarios in a general way are defined as: s = {s1, s2, s3, . . . , sH}. Fur-
thermore, different steps (m = {0, 1, 2, . . . , N − 1}) and the maintenance intervention
(γ(m)) at step m are also defined [27]. Thus, the prediction model for the crack
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growth of head check i at location xi in track segment j can be expressed as:

dsi (m+ 1) = fs(dsi (m), γ(m),M(m)), xiε[xj , xj+1] (5.5)

where dsi (m + 1) is an estimation of the crack depth of the head check i at the step
m + 1 considering scenario s and fs is the fitted function (or regression model) for
scenario s. It should be noted that the same initial condition applies for all different
scenarios and all head checks:

ds1
i = ds2

i = ... = dsH
i for m = 0 (5.6)

Furthermore, the function fs considers the effect of maintenance γ(m) and the
crack depth of the head check di(m) at the previous step m, and M(m) which is the
total amount of MGT from stepm tom+1. MGT is chosen instead of track geometry
parameters, time and traffic (vehicle) type in order to develop a more generic model
and it is already known by infrastructure managers. Each crack growth scenario with
a given (constant) MGT gives a different evolution rate. The crack depth expression
if no maintenance is performed becomes:

dsi (m+ 1) = fs(di(m),M) (5.7)

In this study three scenarios are utilized, where s1 represents slow growth, s2
average growth and s3 fast growth. The average scenario corresponds to the fitted
regression model and the slow and fast scenario correspond to the upper and lower
bound of the fitted model which are determined with the 95% confidence bounds.

Furthermore, it is assumed that newly initiated head checks can occur anywhere
within the rail section with a certain probability. The location and number of newly
initiated head checks within this study are selected through a stochastic model based
on field observations. This will further be elaborated in Section 5.4. The location of
initiation is then within track segment j in the range of [xj , xj+1].

Finally, from the maintenance point of view, monitoring the initiation and evolu-
tion of a single head check may not be practical. Railway track maintenance decisions
are generally based on larger segments of the track rather than on single rail surface
defects. Aggregated information about large segments can assist in the maintenance
planning. This study proposes to represent the required information by means of
KPIs, which will be further elaborated in the next subsection.

5.4 Health assessment
Due to the frequent occurrence of head checks at random locations, the initiation
and evolution analysis of a single head check is not practical for asset management.
Aggregated information of larger track segments facilitates rail maintenance decisions.
If the IMs are able to monitor the number of defects evolving over a period of time



102

on a certain track segment, they can determine the health of the track. Besides the
number of defects, the density of the defects (e.g. how close the defects occur from
each other) is also an important aspect in determining the rail health [27]. Therefore,
in the case of head checks, six types of KPIs are proposed. The first four KPIs consider
the number of head checks on a specific track segment for four different crack depth
severity levels (see Table 5.1) and the fifth and sixth KPIs are related to the density
of head checks. The latter KPIs quantify the number of head checks per metre on a
specific track segment, for all severity levels (fifth KPI) and for the heavy and severe
defects only (sixth KPI).

5.4.1 KPIs for number of defects

Table 5.1 shows the crack depth severity classification of head checks in accordance
with UIC Code 725 [11, 13]. The original severity classification is based on the surface
crack length L but the classification in this study is defined in terms of the crack depth
d. Therefore, the crack depth d is calculated as proposed by Dirks [17]:

d = L sin θ (5.8)

According to the literature review performed by Dirks [17] cracks propagate at an
angle θ between 15◦ and 30◦. In this study an average angle θ of 22.5◦ for crack
propagation is considered.

The KPIs expressing the number of head checks for severity level 1 to 4 (see Table
5.1) at segment j, step m, and scenario s can be expressed as:

y1,2,3,4
s,j (m) =

∑
xε[xj ,xj+1]

δ1,2,3,4
s,j (x,m) (5.9)

where the function δ1,2,3,4
s,j (x,m) is a binary equation that is equal to 1 when a head

check with certain severity level at location x and step m exists for scenario s, other-
wise it is equal to 0. Thus, by having this binary function, the corresponding KPI at
each level of severity can be defined as y1

s,j(m) to y4
s,j(m) .

Table 5.1: Severity classification of head checks.

Level Defect severity Description
1 Light (L) Crack depth < 3.8 mm
2 Medium (M) 3.8 mm < Crack depth < 7.7 mm
3 Heavy (H) 7.7 mm < Crack depth < 11.4 mm
4 Severe (S) Crack depth > 11.4 mm
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5.4.2 KPIs for density of defects
A high potential safety risk for rails is not only caused by a high number of defects,
but also depends on the location of defects, i.e. their space. Therefore, the aim of
the KPIs for density are to see how densely rail defects (in this case head checks) are
clustered so that infrastructure managers can decide not only based on defect severity
and occurrence, but also in terms of defect closeness.

To estimate the density of the head checks two cases are considered: 1) for all
severity levels dLMHS

s,j (x,m) and 2) for only heavy and severe defects dHSs,j (x,m). The
reason to consider two cases are the different choices IMs need to make with regard
to the type of maintenance actions: a high density of heavy and severe defects may
indicate track renewal whereas a high density of all severity levels does not necessarily
have to indicate track renewal. In that case the rail can also be treated with grinding
or milling to restore its effective rail condition.

For both cases, a window of 90 metres is defined around the coordinate x. Within
this window the number of head checks is determined. Thereafter the window moves
to the next 90 metres of the rail and the same process is repeated. Hence, the
density function dLMHS

s,j (x,m) or dHSs,j (x,m) equals the total number of head checks
with different crack depth severity in the moving window within the range of [x −
0.045, x + 0.045] km. Thus, the fifth and sixth KPI that consider the density of the
defects per metre, for segment j, step m, and scenario s can be defined as follows:

y5
s,j(m) =

∑
xε[xj ,xj+1]

dLMHS
s,j (x,m)

xj+1 − xj
(5.10)

y6
s,j(m) =

∑
xε[xj ,xj+1]

dHSs,j (x,m)

xj+1 − xj
(5.11)

In order not only to find the least healthy segment but also wants to monitor the
segment locally, an additional KPI can be introduced which is defined as the ratio
between the maximum density (determined from all moving windows) and the length
of the segment. Furthermore, a global KPI can also be introduced as suggested by
Jamshidi et al. [27], which takes both KPI types into account, namely KPI for numbers
and KPI for density.

5.4.3 Stochastic KPIs
The previously defined KPIs for the number and density of defects are for the de-
terministic case. However, as mentioned before the crack initiation modeling is in-
complete without a stochastic model. Although the crack initiation model predicts
the occurrence of head checks, it is not capable of predicting the number of initiated
head checks and their locations. Therefore, field observation data is used from which
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stochastic models are developed. The histograms for the number of head checks and
their locations obtained from field data are plotted in Figure 5.5. The relative posi-
tion in a curve (x-axis of Figure 5.5b) is defined as the distance to the defect divided
by the length of a curve track.
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(a) Histogram for the number of newly ini-
tiated head checks between two consecutive
EC measurements.
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(b) Histogram for the number of initiated
head checks in each normalized section for a
track with certain curve radius R.

Figure 5.5: Number and location of initiated head checks derived from EC measure-
ments.

After using the deterministic model to determine whether or not head checks occur
in a specific track section (curve), the number of new head checks is determined with
the stochastic model by performing N Monte Carlo (MC) simulations. Each MC
simulation randomly generates a value such that it fits the user defined probability
density function as depicted in Figure 5.5a. Thereafter, for each head check the
location on the track is determined by again generating a random value for the relative
position in the curve, using the probability density function depicted in Figure 5.5b.

In summary, MC simulations are carried out to predict a range of N possibili-
ties based on both histograms depicted in Figure 5.5 and then the results of the N
simulations are utilized to calculate the probability distributions of the six KPIs as
defined in the previous subsections. Finally, the results of the KPIs are presented in
box plots to conveniently examine the evolving KPIs, which are important for the
health assessment of the rail.

5.5 Results and discussion
As depicted in Figure 5.2, the proposed method consists of three steps from prediction
of crack initiation to health assessment. The results and discussion for each of those
steps are presented in this section.
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5.5.1 Hit rate and accuracy of meta-models for crack initiation
Three different meta-models for crack initiation for three coefficient of friction (cof)
ranges were derived from a total of 200 simulations performed by Meghoe et al. [24].
The coefficient of friction used in this study for the head check evaluation is 0.3,
which is the average friction condition on Dutch railway tracks [28]. Therefore, the
meta-models in the cof range of 0.15 to 0.3, for wheels s1002 and HIT (both in their
worn condition), are considered. The numerical validation of the meta-models has
already been performed by Meghoe et al. [24] and a good agreement was found.

Besides the numerical validation, the meta-models were also validated with real
track data from EC measurements in this study. A total of 22 case studies were
carried out, see Table 5.2. Each case study is defined as a track section with a
certain curve radius and rail inclination, where the outer rail of the track has a
certain measured rail profile characterized by the vertical wear depth and the track
experiences a certain amount of traffic expressed in MGT. For each case study, the
crack initiation prediction according to the process depicted in Figure 5.4 is performed
and the results are compared with EC measurements. For example, if the calculated
damage index for a case study is larger than or equal to 1 (D ≥ 1), head check
initiation is predicted and crack occurrence on the track is expected. If the EC
measurements confirm the existence of cracks on the piece of track considered for the
case study, the prediction is considered to yield a hit, otherwise it is denoted a miss.

From the results presented in Table 5.2 it can be concluded that the damage
indices for tracks with a large curve radius (e.g. R = 1600 m) are smaller than those
for tracks with a small curve radius (e.g. R = 1431 m) when experiencing the same
amount of traffic. Hence, damage index D = 1, which indicates failure (i.e. crack
initiation), is achieved earlier for a track with smaller curve radius than for a track
with larger curve radius. Furthermore, it can be observed that for the 22 case studies
only five did not result in a hit. The latter are considered as false positives, e.g. the
model yielded a damage index D > 1, but no defects were registered during the EC
measurements. This is most probably due to maintenance activities such as grinding,
which are not taken into account in the model.

5.5.2 Evolution model
In order to derive the data-driven evolution model for crack depth growth as a function
of MGT, US and EC measurement data, and traffic tonnage data from 2012 until 2018
over the entire Dutch rail network are used. The obtained data points are plotted in
Figure 5.6. In this figure two main groups of data points can be seen. The lower group
with crack depth < 5 mm contains data points from the EC measurements and the
upper group with crack depth > 5 mm is from the US measurements. The current
distribution of the data points in Figure 5.6 does not allow an accurate regression
model to be fitted for the crack depth growth. Thus the data is rearranged and the
outliers are removed.
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Table 5.2: Hit rate results for crack initiation model.

Case Curve radius Vertical wear Rail cant Total Total damage hit/
study [m] depth [mm] [mm] MGT index D miss
1 1500 1.3 100 16.03 2.83 hit
2 1500 1.3 100 28.81 5.52 hit
3 1500 1.3 100 15.85 2.41 hit
4 1504 3.2 105 16.35 2.40 hit
5 1504 2.4 105 29.84 5.72 hit
6 1504 2.7 105 16.20 2.42 miss
7 1431 3.2 90 19.70 2.81 hit
8 1600 5.6 90 19.70 2.65 hit
9 2013 5.6 60 19.70 1.11 hit
10 2092 6.0 60 19.70 0.98 hit
11 1431 3.2 90 27.08 3.39 miss
12 1600 5.6 90 27.08 3.02 miss
13 2013 5.6 60 27.08 0.63 hit
14 2092 6.0 60 27.08 0.50 hit
15 1435 3.2 90 19.79 3.03 hit
16 1603 5.6 90 19.79 2.73 hit
17 2005 5.6 60 19.79 1.02 hit
18 2100 6.0 60 19.79 0.96 hit
19 1435 3.2 90 27.63 3.40 miss
20 1603 5.6 90 27.63 2.75 miss
21 2005 5.6 60 27.63 0.25 hit
22 2100 6.0 60 27.63 0.16 hit

First, all data points with MGT < 1 are removed, because crack initiation takes
place prior to crack growth and the amount of MGT required to initiate a crack is
larger than 1 MGT. According to Figure 5.3 the minimum number of cycles required
for crack initiation at its earliest is equal to 100,000 for a wear number of 65 N.
Furthermore, the minimum and maximum axle load according to [24] are 9.4 and
26.67 tons respectively. Therefore, crack growth is assumed to take place only beyond
1 MGT (≈ 100 000 cycles × 9.4 ton).

Thereafter, the outliers in this data set are removed with the quantile method
[29]. The quantile technique splits the data set into subsets with equal probabilities
(in this case 100 subsets) and then determines the values, also called the quantiles (or
percentiles in this case), that separate (i.e. are exactly in between) two subsets. The
99 quantiles of the data set obtained are plotted in Figure 5.7.

To have a robust model which can be applicable in practice, it is important to
capture the mechanical nature of the crack growth. According to Jamshidi et al. [9],
RCF defects can be defined in three stages of growth: crack development occurs faster
at the early stage and last stage than the middle stage. In the latter stage the defect
is neither light (only in the early stage) nor severe. Therefore, a cubic polynomial
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Figure 5.6: Field data for crack depth of head checks versus accumulated MGT.
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Figure 5.7: Head checks evolution model derived from quantiles of field data, showing
three scenarios: s1, s2 and s3.
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equation is fitted to the obtained data points in order to describe the crack growth
as observed by Jamshidi et al. 2017. The obtained fit with 95% prediction bounds
is depicted in Figure 5.7. Although this plot contains the lengths of many different
cracks at different locations and different stages of growth, the obtained relation
between accumulated MGT and crack length is assumed to be typical for any head
check. Therefore, the curve can also be used as a crack evolution model, as the
expected crack length increase between, for example, MGT = 5 and MGT = 10 can
be retrieved easily from the plot. In Figure 5.7, the fitted model is considered as the
average crack growth scenario (s2) and the prediction bounds as the slow (s1) and
fast growth scenario (s3) respectively.

Figure 5.8 depicts the results obtained with the proposed crack initiation and
evolution model for the case study considering the route between the cities Weesp
and Almere. The track starts at Km 2.40 and ends at Km 11.43. Furthermore, the
track is segmented in straight, transition and curved sections, see Table 5.3. Therefore,
for the Weesp-Almere track head checks are predicted only for the curved sections.
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Figure 5.8: Head checks initiation and evolution model implemented for the Weesp-
Almere route considering scenario s2 and six consecutive MGT steps (m = 0 − 5).

From Figure 5.8 it can be seen when new cracks are initiated and how the existing
cracks grow. The step m = 0 corresponds with the initial EC measurement. Hence,
the first subplot shows the measured crack depths of the detected head checks versus
the position (in km). From this subplot it can be seen that some cracks occur over a
greater length (this is the measured cluster of head checks) and are plotted as blocks in
Figure 5.8. As mentioned in Section 5.1 the proposed initiation model predicts single
head checks instead of clusters. Therefore, the horizontal length of the predicted
cracks in Figure 5.8 do not vary.
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Table 5.3: Segmentation of the Weesp-Almere track.

Segment Km from Km to Type Curve radius
[m]

1 2.40 2.49 straight -
2 2.49 2.67 transition -
3 2.67 3.61 curve 1500
4 3.61 3.79 transition -
5 3.79 4.22 straight -
6 4.22 4.32 transition -
7 4.32 4.60 curve 3970
8 4.60 5.06 curve 4029
9 5.06 5.84 curve 3704
10 5.84 6.18 curve 3688
11 6.18 6.46 curve 3718
12 6.46 6.69 curve 3687
13 6.69 6.78 transition -
14 6.78 7.17 straight -
15 7.17 7.32 transition -
16 7.32 8.51 curve 1802
17 8.51 8.66 transition -
18 8.66 8.90 straight -
19 8.90 9.06 transition -
20 9.06 10.86 curve 2498
21 10.86 11.02 transition -
22 11.02 11.42 straight -
23 11.42 11.43 straight -
24 11.43 11.82 straight -

Thereafter the evolution of these existing head checks is predicted by means of the
evolution model and then the newly initiated cracks are calculated over a fixed step
of ∆M = 4.57 MGT. It should be noted that the initiation model is applicable only
to curved sections with curve radius between 1000 and 4000 metres. Furthermore,
the number and location of the initiated cracks in each segment are determined with
the stochastic model presented in Subsection 5.4.3.

Figure 5.8 shows that the crack depth of the measured head checks at m = 0
increased from a minimum of 0.5 mm to 3.8 mm in only one step, which is quite
unusual. However, this can be explained simply from the difference in daily tonnage
between the considered track and the average track in the Netherlands. Figure 5.9
shows a histogram of the daily tonnage in 2018 over the entire Dutch rail network.
The Weesp-Almere track experiences 0.05 MGT of traffic on a daily basis, whereas
the most common daily MGT is around 0.015 MGT. This explains why the evolution
model depicted in Figure 5.7 predicts a rather large crack depth increase in only one
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step. In the subsequent steps the crack depth increase is slower, because after the
second step the crack enters the middle stage of the crack growth and as mentioned
before (see Figure 5.7) the increase is slower here.
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Figure 5.9: Histogram of the average daily traffic data in 2018 for the entire Dutch
rail network.

5.5.3 KPI results
In order to perform a health assessment of the rail, a list of KPIs is proposed to study
different characteristics of the problem. Two groups of KPIs were defined, namely
the KPIs for the number of head checks and the KPIs for the density of the head
checks. Figure 5.10 shows the bar plot for the first group of KPIs considering different
severity levels in segment 3 of the Weesp-Almere track. This figure shows how new
head checks are initiated over six steps and how for example light and medium defects
grow into heavy and severe defects. The bar plot in Figure 5.10 is basically derived
from segment 3 in Figure 5.8 where the crack depth predictions are plotted. The
KPIs for the number of defects quantify the results from this figure.

However, as mentioned before the crack initiation model does not consider the
uncertainty in the number of head checks initiated or their corresponding locations.
Therefore, the prediction process is repeated in 100 MC simulations and the distri-
bution of the KPI for the light defects is plotted in Figure 5.11. These box plots
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represent the results for the 100 MC simulations after each step, where the red line
represents the average value, the blue box shows the 75% confidence region and the
dashed line shows the min and max value. It can be seen how the predicted number
of new defects varies between one and four according to the probability distribution
given in Figure 5.5a. Furthermore, the probability for the number of initiated head
checks can be derived from the box plots. For example for m = 3 the minimum num-
ber of head checks to be initiated is equal to one and the maximum is equal to four,
while the median is equal to three and for 75% of the cases the number of initiated
head checks is two or three. Furthermore, for m = 1 and m = 2 no boxes are plotted
as the number of initiated head checks is equal to two and zero respectively for all
100 MC simulations. The advantage of using the box plots is that these plots account
for the uncertainty in the output that is required for maintenance decision planning
and risk analysis.
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Figure 5.10: KPIs for number of head checks in segment 3 and for scenario s2.

5.6 Conclusion
The objective of this study was to develop a hybrid prediction method that can be
used for maintenance and inspection planning. Meta-models for the prediction of
head check initiation and an evolution model for head check size were proposed. The
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Figure 5.11: KPI distribution for number of head checks (severity level: Light) in
segment 3 and for scenario s2, obtained from 100 MC simulations.

advantage of using meta-models is the reduction in computation time and convenience
in implementation by IMs. The validity of the obtained meta-models was proved in
two ways, namely numerically and practically. From the hit rate results it could be
concluded that the predicted probability of head check initiation using meta-models
corresponded rather well to the EC measurements.

The main challenge for the evolution model was the large amount of outliers in the
data set obtained from EC and US measurements, which was then solved by using the
quantile technique. Thereafter, the prediction model was implemented on a real track
in the Netherlands and the results demonstrated the capability of the prediction model
in combination with the proposed KPIs for number of defects. Even though the hybrid
method could not be validated, the useful numbers obtained after implementation of
the method for the case study Weesp-Almere already gives confidence in the proposed
method. However, it is recommended to validate the hybrid method and the use of
KPIs by collecting a large amount of data and performing consecutive measurements.

Furthermore, for newly initiated cracks the number of cracks and the specific
location of crack initiation can not be determined deterministic by using the meta-
models. This is identified as a limitation of the initiation model and the problem was
solved by adding a stochastic model.
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Chapter 6

Evaluation of rail wear
prediction uncertainty for
maintenance decision support
1

Abstract

Rail wear management based on accurate rail wear prediction is the ultimate wish
of rail infrastructure managers. Several rail wear prediction models can be found in
literature. However, the implementation of these models in maintenance decision tools
is not yet available due to detailed modelling and the absence of direct coupling with
operational conditions. A wear prediction model previously developed in Chapter 3
which addresses these shortcomings has been implemented in the current study. The
limitation of this model is that it is deterministic. The uncertainty in the output of
the model needs to be quantified before it can be utilized for maintenance decision
support. This will ease the work of maintenance decision makers as it provides them
with possible outcomes of rail wear. This is realized by considering probability density
functions for the input parameters in both numerical and analytical analyses. The
results obtained from these analyses are then compared with field measurements and
the mean values for the amount of wear removal are relatively close but the variance
is rather large.

1This chapter is based on: Meghoe, A., Loendersloot, R. and Tinga, T. (2019). Evaluation of
rail wear prediction uncertainty for maintenance decision support. (in preparation)
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6.1 Introduction
From literature and maintenance experience it is reasonable to state that the Re-
maining Useful Life (RUL) of tracks is determined mostly by the wear and Rolling
Contact Fatigue (RCF) mechanisms [1–3]. Track replacement of a wear dominated
track takes place when the amount of material removed from the rail exceeds a cer-
tain critical value and the RUL is equal to zero. Accurate prediction of this amount
of wear and determination of the RUL by taking into account the varying operating
conditions has the potential to improve the maintenance planning considerably and
reduce the maintenance costs. Therefore, an accurate wear prediction model is re-
quired for maintenance decision support. In Chapter 3 an efficient wear prediction
model is developed by replacing the time-consuming vehicle dynamic simulations with
meta-models. However, these models are deterministic and in order to utilize them
for maintenance decision support the uncertainty in their outcome needs to be taken
into account.

Maintenance decision support tools assist infrastructure managers in assessing the
impact of varying operating and environmental conditions on the system and in op-
timizing maintenance planning. By assessing the magnitude of the model parameter
uncertainties, the prediction model can provide possible outcomes for the amount
of material removed due to wear. Uncertainty is often represented by probability
distribution functions (pdfs) which show the likelihood of each possible outcome [5].
Therefore, stochastic models based on these pdfs are very common to evaluate un-
certainty propagation in black-box functions like meta-models [6]. The uncertainty
propagation analysis is thus used here to study the influence of input uncertainty
on the model output (response) variation. During this study it is further noticed
that the problem is not directly solved by using pdfs: the efficiency of the numerical
or analytical models should also be taken into account by reducing the number of
evaluations without loss of accuracy (see Subsection 6.2.2).

Uncertainty analyses have been performed in various scientific research fields from
healthcare [7] and environmental modelling [5] to engineering design [6, 8] and main-
tenance modelling [9]. Over the past decades, several uncertainty analysis methods
have been developed [10]. These methods include perturbation methods using Taylor-
series expansions, Monte Carlo (MC) methods and analytical methods using integrals
and tensor product basis functions. The approximation with Taylor-series expansions
predicts the mean and variance of the model response and is used frequently due to
its simplicity [11], but this method is not sufficiently accurate for nonlinear response
functions when the uncertainty in the input parameter is large [12]. On the other
hand the MC method is able to handle both linear and non-linear models. Hills and
Trucano [13] concluded that the MC method is a robust method when considering
highly nonlinear models. However, the disadvantage is that the results are not always
reproducible, fast and accurate. The computational expense can nevertheless be re-
duced when MC is used together with meta-models. Finally, for non-complex models
that are represented by well-established meta-models such as polynomials, Kriging,
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Radial Basis Function, etc., the analytical approach is suitable [14].
The objective of this chapter is to include the model parameter uncertainties in

the wear prediction model in order to obtain a robust model which can be included in
railway maintenance decision support tools. The uncertainty propagation in the wear
prediction model is thus calculated using first the numerical and then the analytical
approach. The next section will first illustrate the use of the sensitivity analysis (see
Subsection 6.2.1) for determining the necessity to use probability density functions for
the model parameters, followed by the uncertainty propagation using the MC method
(Subsection 6.2.2). The uncertainty calculation process can become very time con-
suming if a large number of evaluations are required. Hence, in this subsection it is
also shown how to improve computational efficiency without accuracy loss. There-
after, the formulations for the analytical approach are presented in Subsection 6.2.3
and the case studies along with the utilized measurement equipment are discussed in
Subsection 6.2.4. Finally, the obtained probability density function for the response
using both the numerical and analytical approach is compared with field measurement
data in Section 6.3 and conclusions are put forward in Section 6.4.

6.2 Methodology
In order to test the accuracy of prediction models the results of the predictions are
compared with field measurements. Good agreement between the predicted results
and the field data is found when the measured value is within the confidence bounds
of the predicted results. The confidence bound is derived from the uncertainty in the
predicted (response) value, which is obtained by considering stochastic input param-
eters. Both an analytical and a numerical approach can be adopted to predict the
uncertainty in the response due to uncertainty in the input parameters. This section
presents the formulations needed for both methods. But first the sensitivity analysis
is discussed, as this step is essential in order to distinguish between the random and
absolute input parameters, which can considerably reduce the computational effort.
Finally, the case studies for the field measurements used to validate the wear model
are introduced.

6.2.1 Sensitivity analysis
Typically, a sensitivity analysis should be performed prior to an uncertainty propa-
gation analysis. In this way the number of random variables can be reduced, making
the analysis time significantly shorter, since the computational efficiency depends on
the number of random variables. The result of this analysis is thus used to determine
which input parameters should be taken into account as random variables and which
as absolute variables. The scatter in the input parameters of the first group is then
represented by their probability distribution functions (pdfs).
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The sensitivity analysis can be performed with rough approximations or simple
pdfs e.g. uniform or normal distributions. In this step, accurate distributions are
not strictly necessary, as the only objective is to determine the relative sensitivities,
i.e. ranking the random variables according to their significance. Sensitivity indices
and correlation coefficients are then determined in order to denote the most dominant
input parameters.

First, the sensitivity index Si is calculated from two analyses per input parameter i
to determine its individual sensitivity factor [15]:

Si = ymax,i − ymin,i
ymax,i

(i = 1, ..., k) (6.1)

where ymin,i and ymax,i represent the response values for each of the k parameters at
their minimum and maximum setting, respectively.

Next, N different MC simulations are performed to determine the Pearson correla-
tion coefficients, which are suitable when both the input parameter and the response
value are normally distributed. The N different simulations are performed with dif-
ferent parameter settings such that each parameter has N different values. Then, the
Pearson correlation for parameter x is calculated as [16]:

ρi(x, y) =
∑N
i=1(xi − x̄)

∑N
i=1(yi − ȳ)√∑N

i=1(xi − x̄)2∑N
i=1(yi − ȳ)2

(6.2)

where xi is the ith value (out of N) of input parameter x, x̄ is the average of the input
parameter vector, yi is the response value at the ith simulation and ȳ is the average
of the response value.

The value of the correlation coefficient is between -1 and +1, where a correlation
coefficient of 0 indicates that no correlation exists and a strong correlation is repre-
sented by a relatively high (absolute) value for the correlation coefficient, i.e. close to
±1. A high correlation indicates that an input parameter is important and has to be
taken into account as a random variable.

The minimum and maximum value for each input parameter of the wear prediction
model and the mean and variance of the normally distributed pdfs used to calculate
the correlation coefficients are shown in Table 6.1. The input parameters given in this
table have been selected through a One Factor At a Time (OFAT) method [4] for a
generalized wear prediction model.

In this study the wear prediction is focused on a certain track, hence some of the
parameters are exactly known and therefore fixed. For example the curve radius is
known from the track geometry, and the vehicle velocity and the axle load are mea-
sured by a system developed by ProRail and Nedtrain, named Quo Vadis. Therefore,
no distribution is provided for these three input parameters and they are considered
as absolute variables (as demonstrated by a 0 standard deviation in Table 6.1). The
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Table 6.1: Input parameters and their distributions.

Input parameters Min Max Normal distr. SA1 Normal distr. NA2 Unit
Mean Std Mean Std

Vertical wear depth 0 12 6 2 1.15 0.58 [mm]
(initial value)
Curve radius 1500 1500 1500 0 1500 0 [m]
Rail cant 90 110 100 3 100 3 [mm]
Friction coefficient 0.02 0.6 0.3 0.1 0.14 0.08 [-]
Vehicle velocity 33.33 33.33 33.33 0 QV data QV data [m/s]
Axle load 15 15 15 0 QV data QV data [ton]
Longitudinal stiffness 2.56×105 4×107 2×107 8×106 2×107 8×106 [N/m]
Lateral stiffness 2.56×105 4×107 2×107 8×106 2×107 8×106 [N/m]
Hardness 260 340 289 14.45 308 48 [HB]
1 SA: Sensitivity Analysis
2 NA: Numerical Analysis

Quo Vadis system can also determine the passing vehicle type based on axle spacing,
speed and length. One would expect that, thanks to the information about the vehi-
cle type, the longitudinal and lateral stiffness of the primary suspension of the bogie
are known and therefore it is redundant to include the pdf for these two parameters.
However, the information could not be retrieved for all vehicle types and therefore for
those vehicle types a pdf is used. For the remaining parameters a normal distribution
is chosen such that the range between the minimum and maximum values is covered
to the greatest possible extent.

6.2.2 Numerical uncertainty propagation analysis
For the numerical approach of the uncertainty propagation analysis the MC method
is used to evaluate the wear prediction model. As stated before, the wear prediction
model developed in Chapter 3 is utilized in this study. This model is in the form of
a second order polynomial and is defined as follows:

y(x) = β0 +
k∑
i=1

βixi +
k∑
i=1

βk+ixi
2 +

k−1∑
i=1

k∑
j>i

βi,jxixj (6.3)

where y is the wear area in [mm2], xi are the various input parameters and βi are the
model parameters or regression coefficients as given in Table 3.C.1.

The uncertainty in the input parameters is represented by pdfs (see Table 6.1),
which have been derived from histograms of measurement data. These measurements
are performed at random locations of a specific track (in this case the part of the
track with curve radius R = 1500 metres which will be further denoted as the curved
track), for general validity. The histogram for the vertical wear depth as obtained
from the rail profile measured by a measurement train is depicted in Figure 6.1a.
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The measured vertical wear depth is used to characterize the initial rail profile which
influences the rail wear [4]. Furthermore, the histogram for the hardness was created
from measurements taken by using a portable hardness tester, at random locations on
the curved track, see Figure 6.1b. At each location three measurements were taken,
one close to the running surface, one close to the gauge and one between these two
points, and then the average value was taken as representative of the hardness at that
specific location. Finally, the histogram for the friction coefficient is taken from [17],
see Figure 6.1c. Popovici [17] measured the friction on Dutch railway tracks for a
period of three months (mainly in autumn) at three different locations by means of a
tribometer mounted on a vehicle bogie.
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Figure 6.1: Histograms for stochastic input parameters.

As no measurements were performed for the rail cant a normal distribution was
chosen based on expert knowledge with a mean of 100 mm and a standard deviation
of 3 mm. Finally, for the vehicle types of which the stiffness values were unknown
a uniform distribution is assumed for both the longitudinal and the lateral stiffness
with lower and upper bound as given in Table 6.1. It should be noted that the pdfs
for the input parameters in the numerical analysis differ from the pdfs used in the
sensitivity analysis, because the goal of the sensitivity analysis was to evaluate all
possible scenarios whereas the numerical analysis is for a specific case study.

In the ideal case a wear prediction is obtained by evaluating the second order
polynomial in Equation 6.3 for each passing wheel. In total 12 wear prediction models
(each with its own set of model parameters β, see Equation 6.3) are available: for
two different wheel types, for three friction coefficient ranges and for each range the
distinction between mild and severe wear. Hence, for a single wear prediction (i.e. for
one passing wheel) the steps as depicted in Figure 6.2 should be followed [4].

However, in order to have significant wear on moderately curved tracks, e.g. on
tracks with a curve radius larger than 1000 metres, about 1 million wheels need
to pass the rail. The calculation would then take hours of computation time and
including the randomness in the input parameters would even further increase the
computational effort. Evaluating the 1 million wheels only (without considering the
input parameters as random variables) results in one million evaluations of the process



6.2 Methodology 123

Figure 6.2: Wear prediction process.

depicted in Figure 6.2. Thus, by considering the pdfs of the input parameters for each
passing wheel, a Monte Carlo simulation with N samples would require N million
evaluations. Therefore, the number of evaluations will be reduced from 1 million to
40. Instead of considering each wheel passage as a single event, 40 clusters of events
are defined, based on the type of wheel, type of train and axle load. In this way the
total number of evaluations is reduced from 1.106×N to 40×N , see Figure 6.3. The
damage in each of the 40 clusters is then obtained by multiplying the calculated wear
depth by the number of wheel passings in that specific cluster.

Furthermore, from the case studies it was concluded that the vehicle velocity did
not vary much for the 1 million wheels and it is therefore assumed to be a constant.
This also reduced the computation time. Finally, the resulting uncertainty in the wear
model prediction is calculated using the following steps, which are also presented in
Figure 6.3:

1. Split the set of wheel passages based on the wheel type. In this case two groups
are created: wheel types s1002 and HIT, both in worn condition.

2. For each wheel type split the data set into known and unknown longitudinal and
lateral stiffness values. This yields two groups for each wheel type i.e. known
stiffness and unknown stiffness.

3. Split the data in each of the four groups into ten bins (or clusters) based on the
axle load, which results in a total of 40 bins. Determine the number of wheel
passings in each bin.
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4. For each bin, sample the input parameter distribution functions N times using
the MC method, and based on the combination of the input parameters define
N input vectors with values for the k parameters.

5. Follow the process in Figure 6.2 for each input vector in each bin. This process
ultimately yields the probability density function for the wear area for each bin.
Thereafter, scale the obtained pdf of the specific bin with the number of wheels
in that bin.

6. Finally, accumulate all the results (i.e. pdfs) from the 40 bins in order to obtain
the total response value, which in this case is the wear area pdf.

The results obtained from following these steps were compared with the detailed
method of evaluating all 1 million wheels individually and the difference was 7.3%.
The proposed method of clustering the wheel passages is thus considered to be an
acceptable way to reduce computational efforts.

Figure 6.3: Reduction of number of wear evaluations.

6.2.3 Analytical uncertainty propagation analysis
In the analytical approach of the uncertainty propagation analysis the mean and stan-
dard deviation of the response are calculated [8]. This approach assumes the response
to be normally distributed. Furthermore, the input parameters should also be given
as a mean and standard deviation. Therefore, the mean and standard deviation of
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the actual distributions for the vertical wear depth, the hardness and the friction
coefficient given in Figure 6.1a to 6.1c, respectively, were calculated to approximate
these pdfs as normal distributions (see Table 6.1).

Given a response y = f(x) with x being the vector with all input parameters
(which can be either stochastic or deterministic) and z being the vector with only the
stochastic input parameters such that z ∈ R, the mean (µ) and variance (σ2) of the
response are defined as [8]:

µ(x) =
∫
f(x)p(z)dz (6.4)

σ2(x) =
∫

[f(x)− µ(x)]2p(z)dz (6.5)

where p(z) is the probability distribution function of the stochastic input parameters.
Based on the concept of tensor product basis functions the formulations for un-

certainty propagation for a second order polynomial meta-model and normally dis-
tributed input parameters are as follows [8]:

(6.6)
µ(x) = β0 +

∑
iεR

βiµi +
∑
iεR

βiiσ
2
i +

∑
iεR

∑
jεR,j≥i

βijµiµj

+
∑
i/∈R

(βi +
∑
jεR

βijµj)xi +
∑
i/∈R

∑
j /∈R,j≥i

βijxixj

(6.7)
σ2(x) =

∑
iεR

β2
iiσ

4
i +

∑
iεR

∑
j /∈R,j≥i

β2
iiσ

2
i σ

2
j +

∑
iεR

(βi + βiiµi

+
∑
jεR

βijµj +
∑
j /∈R

βijxj)2σ2
i

where βji = βij if i > j, xi represents the values of the deterministic input parameters
and the β’s are the model parameters from Equation 6.3.

The following expression for the mean and standard deviation is used to calculate
a representative mean and standard deviation for a single bin and per wheel type:

µ(x) =
6∑
i=1

niµi(x) (6.8)

σ(x) =
6∑
i=1

niσi(x) (6.9)

where ni is the percentage of the wheels covered by the ith wear prediction model,
and µi(x) and σi(x) are the associated mean and standard deviation. The resulting
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mean and standard deviation values can be compared with the numerical approach
and the field measurements.

6.2.4 Field measurements
In order to check the validity of the wear prediction model, a case study between the
Dutch cities of Weesp and Almere is selected. This case study consist of a curved track
with curve radius R = 1500 metres and is based on two measurement sets from two
different time periods, namely from March 2018 to October 2018 and from November
2018 to March 2019. These cases will be further regarded as case study 1 and 2,
respectively. For the measurements in the first period the Railmonitor was used to
measure the rail profiles while for the measurements performed in the second period
the MiniProf was used. In the second measurement period also the rail hardness was
measured using a portable hardness tester.

The advantage of the Railmonitor and MiniProf is that they enable the inclusion
of a specific reference point on the rail which is not prone to wear. On the other
hand, the main disadvantage is that the manual operation allows for only a very
limited number of measurements to be taken from a track section [18]. For this
reason manual devices cannot be used to measure rail profiles for longer tracks. For
longer tracks the UFM120 measuring train with a vehicle speed of 120km/h is used
in the Netherlands. Figure 6.4 depicts the rail profile measuring devices mentioned
in this study, namely the Railmonitor, MiniProf and the measuring train UFM120.

The rail profile measurements are performed to determine the amount of rail
material lost over a certain time period. The amount of wear (in mm2) that is worn
off (in a 2D cross sectional view) is determined by calculating the deviation of the
measured rail profile with regard to the nominal profile. This can be done after
fitting the measured profile to the nominal or standard profile (obtained from the
manufacturer) on the reference point. Figure 6.5 shows the cross sectional shape
of the measured rail profiles using the devices depicted in Figure 6.4. From this
figure it can be seen that the measured rail profile obtained from UFM120 could
not be properly fitted to the nominal profile, see Figure 6.5c. The reason for this
is that the UFM120 measuring system does not have a specified reference point at
a non-wearing location, which makes a unique fit (especially in vertical direction)
impossible. This can lead to inaccurate wear estimates and even to negative wear
loss for two consecutively measured rail profiles when the last measured profile is
positioned higher than the first measured profile. The Railmonitor and MiniProf on
the other hand have a robust method to align the measured rail profile on the nominal
profile which assures an accurate calculation of the wear area and is therefore used in
this study.

As mentioned before, UFM120 is suitable for longer tracks, thus if one wants to
measure rail wear area, this approach is more efficient than Railmonitor and MiniProf.
Therefore, it is recommended to improve the measurement technique of UFM120 such
that a proper reference point can be defined.
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(a) Railmonitor (source: Schmid Elektronik) (b) MiniProf (source: Greenwood Engineer-
ing)

(c) Measurement train UFM120 (source: Eurailscout)

Figure 6.4: Rail profile measuring devices.

6.3 Results and discussion
The calculated sensitivity indices and correlation coefficients, which are required to
determine which of the input parameters are dominant and which parameters should
be treated as random variables, are presented in Table 6.2. The sensitivity indices
show that the friction coefficient and the hardness are the most dominant parameters,
whereas the correlation coefficients indicate rather high values for the friction coef-
ficient and the lateral stiffness. Therefore, different simulations are performed with
fixed input parameters and these are compared with the MC simulation for case study
1 where the actual distributions of the parameters are considered. The results are
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Figure 6.5: Comparison between measured and nominal rail profiles for different
measuring devices.

presented in Table 6.3 along with the absolute error with respect to the obtained wear
area for the simulation with the actual pdfs. It can be concluded that the friction
coefficient has the highest influence when it is not considered as a pdf, followed by
the hardness and lateral stiffness.

Table 6.2: Sensitivity indices and correlation coefficients for wheeltype s1002.

Input parameters Sensitivity Pearson correlation
index Si coefficient ρi

Vertical wear depth -0.07 0.24
Rail cant -0.03 -0.10
Friction coefficient 0.98 0.37
Longitudinal stiffness 0.07 0.13
Lateral stiffness -0.03 0.55
Hardness -0.28 -0.24

Furthermore, the correlation coefficients in Table 6.2 also show which parameters
are positively or negatively correlated with the response value. For example, an
increase in the friction coefficient leads to an increase in rail wear area and an increase
in the material hardness leads to a decrease in rail wear area. This is as expected
since according to Archard’s wear law the wear area is inversely proportional to the
material hardness. Further, a higher friction coefficient leads to an increase in both
slip velocity and contact pressure, which are both proportional to wear according to
Archard’s wear law.

Table 6.3 also shows the results for the numerical simulations when considering
the input parameters to be normally distributed (see Table 6.1 for the corresponding
mean and standard deviation). It can be seen that the mean and standard deviations
obtained for the response value when using the normal distributions are close to the
results when using the actual pdfs for the input parameters. The difference between
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Table 6.3: Wear area results [mm2] for actual distribution, normal distribution and
fixed parameters for case study 1 and 100 MC simulations.

Input parameters Mean Std Absolute error
mean [%]

MC100 (actual distribution all parameters) 20.62 12.15 0.00
MC100 (normal distribution all parameters) 23.18 11.62 12.96
MC100 (normal distribution with weight factors) 21.62 11.20 5.36
Vertical wear depth = 1.3 mm 21.00 11. 88 2.34
Rail cant = 100 mm 19.12 10.86 6.82
Friction coefficient = 0.3 44.52 13.15 116.96
Longitudinal stiffness = 4×107 19.93 12.62 2.88
Lateral stiffness = 4×107 17.02 11.04 17.06
Hardness = 260 HB 29.95 12.05 45.96

the two methods is only 12.96%. These results can further be improved as follows:

1. As the stiffness of more than 60% of the vehicles is known for the considered
case study, the pdf for the stiffness of only the remaining 40% is considered.

2. Instead of using a single pdf for the random variables, multiple pdfs with weight
factors can be used, see Figure 6.6. The weight factors then represent the
percentage of evaluations in each pdf.

Table 6.3 shows that by including the weight factors for the friction coefficient the
difference is reduced to 5.36%. If one wants to further improve the results it is
recommended to do the same for the other random variables. It has already been
shown in Table 6.2 and 6.3 it is already shown that the friction coefficient has the
highest influence on the wear area, hence using multiple pdfs for the friction coefficient
already reduced the error significantly.

Table 6.4 presents the results for the numerical uncertainty propagation analysis
with 100, 500 and 1000 MC simulations along with the measured and analytically
calculated wear area. The measured wear area results are also presented in terms of
the mean and standard deviation as the measurements were performed at randomly
selected locations of the curved tracks such that every section was taken into account.
The predicted wear area for a track with a certain curve radius is assumed to represent
the average wear over its entire length.

The results in Table 6.4 show that for an increasing number of MC simulations
the predicted wear area is closer to the measured wear area. However, the change is
relatively small, so 100 simulations is considered to be an adequate number. Further-
more, the numerically and analytically predicted results for both case studies are in
agreement with the field measurements. Figure 6.7 shows the pdfs of the wear area
for case study 1 and 2 for both the numerical and the analytical approach compared
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Figure 6.6: Single and multiple pdfs for the friction coefficient.

with the field measurements. This demonstrates that the actual and predicted distri-
bution functions are not identical but do have a considerable amount of overlap. The
standard deviation values in Table 6.4 show a large variation in both predicted and
measured wear area. The reason for the variation in the measured wear area is that
rail wear is not uniform in the real world, as has been assumed in this study. This is
due to velocity variations in the curve radius, braking, traction and hunting oscillation
of the vehicle while entering and leaving the curve. Thus, improving the prediction
model will still result in large variation in the wear area, but this time closer to the
measured values. The improvement of the prediction model can be achieved by con-
sidering the actual pdf for the friction coefficient and including the above mentioned
usage variations in the curved track.

Table 6.4: Wear area results in [mm2].

Method Case study 1 Case study 2
Mean Std Mean Std

MC100 20.52 12.15 6.47 3.97
MC500 19.38 12.08 6.39 3.80
MC1000 19.49 11.21 6.01 3.73
Measurement 14.31 5.97 5.04 2.18
Analytical 20.81 11.77 6.83 3.59

Finally, it can be concluded that the analytical evaluation is ten times faster
than the numerical evaluation. Hence, for maintenance decision purposes the analyt-
ical approach should be followed due to its computational efficiency. Coupling with
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Figure 6.7: Wear area results comparison.

maintenance decision support can be achieved by proposing new Key Performance
Indicators (KPIs) [19] for the mean and standard deviation values of the wear area.
These two KPIs can then be compared with a certain threshold set by Infrastructure
Managers for the wear area. Based on the outcome of the comparison the IMs can
update their track maintenance planning.

6.4 Conclusion
The objective of this study was to obtain a robust wear prediction model by including
model parameter uncertainties such that the resulting output (in this case wear area)
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can be utilized in the process of maintenance decision making. The uncertainties have
been evaluated through a numerical and an analytical analysis. It can be concluded
that the results from both analyses are in overlap with the measured data. However,
it is recommended to choose the analytical approach above the numerical approach
for maintenance decision support tools, as the evaluation by means of the analytical
approach is ten times faster. Furthermore, from the comparison with field measure-
ments it could be seen that for both approaches the mean of the predicted wear
distribution is relatively close to the field measurements but the variance is rather
large. In order to minimize the variance it is recommended to use actual pdfs for
the friction coefficient as this input parameter is highly correlated with the response
value. Friction coefficient values from the literature were used in this study .
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Chapter 7

Discussion

7.1 Current status
The objective of this thesis was to solve a relevant problem that Strukton Rail and
other infrastructure managers in the world are facing. This problem concerns the
increasing number of failures and maintenance costs. The proposed solution to this
problem is to shift from reactive maintenance and calendar time-based maintenance
to predictive maintenance such as condition-based maintenance. In this chapter the
contribution of the thesis to this shift in both the practical and scientific field is
discussed. Furthermore, the applicability of the model in other fields and to other
components are discussed, along with the corresponding limitations.

7.1.1 Contributions
This scientific contributions to the current research field are as follows:

• For the first time in the railway domain, the coupling of environmental and
operating conditions with material level physics-based failure prediction models
is realized by means of meta-models. (Chapter 3)

• A method has been proposed to predict the damage probability in a certain
track section with a considerably lower computational effort than with existing
methods. (Chapter 3 and 5)

• The Whole Life Rail Model which is an empirical model that combines the
two dominant mechanisms in rail degradation (i.e. wear and RCF), has been
reconstructed using physical formulations of wear (i.e. Archard’s wear law),
Low Cycle Fatigue initiation and crack propagation (i.e. Paris’s law). (Chapter
4)
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• The dependency of the WLRM on material type, as expected from literature, has
been confirmed and new insights about WLRM dependency on surface rough-
ness and friction coefficient have been revealed. (Chapter 4)

• An approach to determine the wear and RCF threshold in the WLRM is pro-
posed based on the wear activation energy and fatigue limit. (Chapter 4)

• A hybrid method combining a physical degradation model with a data-driven
damage evolution model has been developed, which enables the prediction and
monitoring of head checks (one the most frequently occurring rail RCF defects).
(Chapter 5)

This thesis contributes to the current practice as follows:

• A procedure has been proposed to fully characterize the rail profile by using one
parameter instead of five. (Chapter 3)

• A list of most influential parameters in terms of geometry, material properties
and operational conditions for both wear and RCF is provided. (Chapter 3)

• New KPIs to determine the estimated amount of RCF damage in a specific
track, based on information on usage, have been proposed. These KPIs can be
used for maintenance decision making by infrastructure managers. (Chapter 5)

• The proposed RCF model with the focus on crack initiation has successfully
been validated with field measurements, which demonstrates that the model is
ready for practical application. (Chapter 5)

• The developed hybrid method can be used for maintenance decisions like decid-
ing which maintenance activity to perform e.g. grinding or milling. (Chapter
5)

• A robust model is developed for wear prediction by taking into account the
variability in input parameters. This model is beneficial for infrastructure man-
agers, especially in maintenance decision making and risk analysis. (Chapter
6)

7.1.2 Limitations and application
Besides the relevant contributions of this thesis to science and the practical field there
are still some limitations of the developed model that should be addressed in future
research:

• The hybrid method cannot yet quantify the amount of wear removal.
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• The accuracy of the RCF crack evolution model has not yet been validated due
to time constraints and the limited amount of data available.

• In the models, wear is assumed to be uniform on a curved track. However,
the measurements have revealed that in practice considerable variation in wear
occurs along a curve.

• The RCF crack initiation model in the hybrid method is based on data-driven
techniques and is stochastic in terms of determining the location of crack ini-
tiation and the numbers of initiated cracks. Although this leads to damage
prediction with certain confidence bounds, physics-based models, being deter-
ministic, are still relatively more accurate.

Despite the limitations of the developed models, the RCF damage initiation model
has successfully been implemented by Strukton Rail. Validation of this model can also
be found in Chapter 5. The wear prediction model is also ready to be implemented
in practice. The only disadvantage is that the accuracy in the prediction is still lower
than required. The recommendation on how to improve the accuracy will be presented
in Chapter 8. Finally, the inputs required for both wear and RCF models are similar
and can be extracted from existing data sources, with the exception of the friction
coefficient.

Furthermore, the results and findings in this thesis do not only add new knowledge
to the current application, i.e. straight and curved rail tracks, but can also be used for
other components like wheels, switches, joints, bolts or overhead wires. The approach
followed in this work can even be applied in other application domains such as military
systems, wind turbines and bridges. The experience from the present work has taught
that the following aspects need to be taken into account when using the developed
approach for other applications:
• Check whether any correlation exists between the main degradation mechanisms
or whether one mechanism is dominant.

• If the main degradation mechanisms are interacting make sure to define the
output of both mechanisms in terms of a common variable such that a combined
model can be developed.

• Take material dependency of the mechanisms and model parameters into ac-
count.

• Consider the effect of environmental and weather conditions on the degradation
mechanisms.

7.2 Outlook to future development
This section presents the discussion on the possibilities for the further development
of the models proposed in this thesis.
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7.2.1 Link between design and predictive maintenance

Two main degradation mechanisms are found acting as dominant mechanisms on the
rail, namely wear and RCF. These two mechanisms interact, in the sense that surface
cracks are constantly being removed by wear if the wear rate is higher than the crack
propagation rate. Due to the interaction between wear and RCF and between vehicle
and track the ultimate prediction model for infrastructure managers and vehicle oper-
ators is a model which combines both wear and RCF and optimizes the design of both
track and vehicle. The main difficulty in this ambition is to establish collaboration
between the two parties (i.e. infrastructure managers and vehicle operators) as there
is a separation between track and vehicle ownership. The advantage of the optimiza-
tion is a major reduction in maintenance costs in both track and vehicle operation
and safer systems.

Dirks [1] proposed a wheel-rail life prediction tool with regard to both wear and
surface-initiated RCF which included vehicle-track dynamic simulations and contin-
ual updating of wheel and rail profiles. The idea was to take into account many
different wheel rail contact conditions. As mentioned in Chapter 3 this approach
is very time consuming and cannot be implemented easily in maintenance decision
tools. Therefore, the study presented in this work proposed the use of meta-models
for rails. Similar meta-models can be developed for the wheels as the vehicle dy-
namics simulations have already been performed. For this, two things needs to be
reconsidered:

1. The varying wheel profile should be defined in one or more parameters [2].

2. For the wear accumulation on the wheel the amount of distance travelled needs
to be taken into account rather than the number of cycles [1] .

An example of track optimization with regard to rail profile can be found in [3],
where the rail profile was optimized such that it prevents the formation of RCF.
Furthermore, one of the common wheel types used in the Netherlands, also known
as the HIT wheel profile, is designed in such a way that the amount of wear removal
is kept to a minimum. However, these optimizations consider only one degradation
mechanism either on the track or vehicle side and not in a combined sense, and only
for a single vehicle type.

The optimization of the combined model could be realized by means of robust op-
timization of the meta-models via uncertainty propagation as proposed by Nejadseyfi
et al. [4]. In this approach a distinction is made between design variables and noise
variables. The design variables in the combined model can represent for example the
wheel profile, bogie stiffness, rail profile, rail cant, etc. An optimum for these param-
eters is found such that minimum damage is induced. The noise variables are related
to parameters which cannot be controlled, e.g. the friction coefficient which can vary
based on weather conditions.
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7.2.2 Railway switch
Initially the railway switch was determined to be the most critical system, but for
this study the rail of the track system (second most critical system) was selected
due to its simple structure (Chapter 2). It can be argued that the approach that
is followed for the railway track can also be followed for the railway switch. This
applies for both the mechanical and electrical part of the railway switch. However,
some changes are required as the geometry, contact conditions, contact forces and
degradation mechanisms of the railway switch are different from those of the railway
track [5]. These changes include:

1. Introduction of new parameters to describe the rail profiles as the rails of the
switch system consists of varying rail profiles [6].

2. Study of other degradation mechanisms as the rails of the switch system also suf-
fers from plastic deformation, rail head cracking and rail web cracking, besides
wear and RCF [7].

Based on the discussions presented in this chapter regarding the contributions,
limitations and future outlook of the developed models, the conclusions and recom-
mendations will be put forward in the next chapter.
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Chapter 8

Conclusions &
recommendations

8.1 Conclusions
The conclusions of this study are obtained by answering the main research question.
To be able to answer this main question first the Sub Research Questions (SRQ)
are answered:

SRQ 1: What are the most critical components (cost drivers, performance killers)
within rail infrastructure that are also suitable for predictive maintenance modelling?
The most critical component based on the highest value of failure frequency and main-
tenance costs is the rail of the track system. (Chapter 2)

SRQ 2: What are the dominant degradation mechanisms that causes the critical
components to fail?
The degradation mechanisms that were identified to cause the rail to fail are wear
and RCF. (Chapter 2)

SRQ 3: Which physics-based models should be selected for the most critical com-
ponents with single or multiple degradation mechanisms?
For the wear mechanism the Archard’s wear law was selected due to its popularity
in tribology and for the RCF mechanism the Whole Life Rail Model (WLRM) was
selected as it also takes the wear into account (Chapter 2). Furthermore, for the
RCF part of the WLRM a Low Cycle Fatigue (LCF) initiation model and a crack
propagation model according to the Paris law were considered (Chapter 4).

SRQ 4: How to implement physics-based models for the most critical components
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with single or multiple degradation mechanisms?
The implementation of the physics-based models can be very detailed and time con-
suming. Therefore, a particular process has been followed during this study, starting
from a sensitivity analysis and leading to the development of meta-models. (Chapter
3)

SRQ 5: What sensing strategy, inspection and processing methods are available to
capture the relevant monitoring parameters or do new ones need to be developed?
For the inspection methods of wear and RCF the UFM120, Eddy Current testing
and Ultrasonic testing are used in practice, but they are insufficient as they cannot
capture the crack depth range from 3 to 5 mm (Chapter 5). For the monitoring of the
parameters the Quo Vadis system is used for input parameters related to operational
conditions (Chapter 5). To obtain accurate and representative friction coefficient and
material hardness values, new techniques or strategies need to be developed (Chapter
6). Finally, the amount of wear can be estimated from the measurements performed
by using UFM120, MiniProf and the Railmonitor. UFM120 is the most practical
method among these three as it can be used for longer tracks. However, the accuracy
of the measuring devices on UFM120 needs to be improved as discussed in Chapter
6.

SRQ 6: How to couple the physics-based models with appropriate monitoring tech-
niques at component and system level?
The coupling between physics-based models and monitoring methods can be achieved
if the input data are collected and processed such that they can easily be fed into the
meta-models that represent the physical mechanisms. The process from collecting
the data, evaluating the meta-model and plotting the results in terms of KPIs can be
implemented in a user interface. In this way the KPIs for RCF damage and rail wear
can be monitored over time or usage (Chapter 5).

The main research question of this study is:

How to apply physics-based models for appropriate monitoring and optimized
predictive maintenance of critical components within rail infrastructure?

The work presented in this thesis has provided an answer to this question at two
different levels:

1. Generic conclusion: the process to use physics-based models for predictive main-
tenance has been revealed. The required steps include the selection of the most
critical component, determination of failure mechanism and governing loads,
development of the life prediction model and the integration with relevant mon-
itoring data (both input and output parameters). This work describes the chal-
lenges encountered in each of these steps and provides the associated solutions.
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2. Application specific conclusion: the prediction of railway track maintenance
is achieved by solving the detailed modelling problem (which includes local
contact and vehicle dynamics modelling) by means of meta-models based on
physical relations for both wear and RCF. These models have been combined
with monitoring systems such as Quo Vadis and inspection methods such as
Eddy Current and Ultrasonic testing (Chapter 3, 5 and 6).

Furthermore, some more specific conclusions from the previous chapters can be clus-
tered in two categories: 1) Model development and 2) Model application.

Model development

1. A simple relation (in the form of a second order polynomial) between wear,
which is one of the most dominant mechanisms, and operational parameters is
shown to be effective. (Chapter 3)

2. The developed meta-models enable RUL predictions due to wear and RCF for
various usage profiles of railway tracks. (Chapter 3, 5 and 6)

3. A more fundamental background for the Whole Life Rail Model has been es-
tablished based on analytical and numerical formulations of the wear and RCF
mechanism. (Chapter 4)

4. The existing WLRM in the literature is for friction coefficient 0.3. From the
results obtained in this thesis it is concluded that different WLRMs need to
be developed for different type of steel grades and friction coefficients using
analytical and numerical formulations. (Chapter 4)

5. A robust wear prediction model is obtained by including model parameter un-
certainties. (Chapter 6)

Model application

1. The developed meta-models are beneficial for infrastructure managers as they
can predict the RUL quantitatively with a very limited computational effort
and limited requirements on input data. (Chapter 3)

2. The meta-models are developed such that the required input parameters are
those that are already monitored by infrastructure managers. (Chapter 3)

3. The developed WLRMs can be used as look up tables for specific vehicles to
predict the RCF life. (Chapter 4)

4. Prioritizing track sections dominated by RCF can be included in the mainte-
nance planning for RCF prevention (e.g. grinding or milling) and track replace-
ment using the hybrid method. (Chapter 5)
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8.2 Recommendations
In line with the discussion presented in Chapter 7 and the conclusions in the previous
subsection, the recommendations are clustered in three categories: 1) model valida-
tion, 2) model application and 3) model improvements.

Model validation

1. In order to validate the wear model for other cases, a large amount of accurate
data regarding the input parameters and wear measurements has to be collected.

2. Newly developed WLRMs should be validated with field experiments.

3. The crack propagation part of the hybrid method needs to be validated.

Model application

1. The Quo Vadis data information could be replaced with train time schedules.

2. Friction coefficient and material hardness should be measured in order to de-
crease the variation in the response value of the wear model. If the friction
coefficient cannot be measured, friction coefficient determination can be related
to weather conditions.

3. The developed meta-models should be implemented in maintenance decision
making tools.

4. A user interface should be developed which extracts the input data from moni-
toring techniques, feeds the input data in the meta-model and yields the amount
of predicted damage or remaining useful life.

Model improvements

1. Wheel parameters should be defined that can characterize any worn wheel profile
in order to exclude the wheel dependency in meta-models and reduce the total
number of meta-models.

2. The influence of maintenance activities such as grinding and milling should be
included in the developed meta-models and hybrid method.

3. A fully physics-based RCF model can be established by developing meta-models
for crack propagation. Detailed modelling of crack propagation is typically
performed by means of Finite Element Methods (FEM). By using the Latin
Hypercube Sampling method and the approach proposed in Chapter 3, a number
of FEM simulations can be performed in order to develop meta-models for crack
propagation.
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4. The crack evolution model can be improved by adding more data points and
using multiple consecutive measurements in order to eliminate the dependency
on the quantile regression technique.

5. The WLRM takes the interaction between wear and RCF into account qualita-
tively. Therefore, wear and RCF models should be combined such that the crack
size can be determined along with the amount of wear removal quantitatively.

6. RCF detection methods needs to be improved such that RCF defects with crack
depth between 3 and 5 mm can be detected. This implies the development of
other or better Non Destructive Inspection techniques.
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