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ABSTRACT
The study presented in this paper 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 physi-
cal models. These 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 character-
ized by only one parameter. The findings in this work including are
valuable for Infrastructure Managers (IMs) and can easily be imple-
mented in maintenance decision support tools.
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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
railway tracks. Material loss in the railhead alters the shape of rail profiles which
changes the location of the wheel contact points and leads to instability of vehicles,
especially during curving behaviour. This can eventually cause the derailment of trains.
Rail grinding is then performed to restore the shape of rail profiles and ensure dynamic
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 (IMs) 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
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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 a real-time prognostic tool by IMs.

Computational time can be reduced considerably when predefined relations between wear
rate and operating parameters are established. This relation can be obtained by performing
a large set of numerical experiments that covers various scenarios 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 onwear andRollingContact 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 example, is
approximated by a combination of a straight line and a parabolic expression. This results in
a total of five 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 geometry and
operational conditions, which are selected through aOne Factor at a Time (OFAT) sensitivity
analysis. Furthermore, during the parametrization of worn rail profiles, a 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 to describe a worn rail to only one. An
additional advantage is that this is rather convenient for IMs 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
calculatedwhich can be translated into a RemainingUseful Life (RUL) prediction. The outline
of this paper is as follows: section 2 describes the methodology of rail wear calculation, the
sensitivity analysis and the concept of meta-models. Section 3 presents the results and
discussion of the numerical investigations for the various scenarios. And, finally, the conclu-
sions and recommendations are forwarded in section 4.

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 2.1 describes
the rail wear calculation process, subsection 2.2 the decision process to obtain the most
dominant parameters and subsection 2.3 the meta-modelling theory.
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2.1. Rail wear calculation

Figure 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.

Several multi-body dynamics software packages are (commercially) available. In this
study, the multi-body simulations are performed in VI-Rail. This software contains
built-in vehicle templates that can be customized [10]. The vehicles then consist of car
bodies, bogies, and wheelsets, which are considered as rigid bodies and are mutually
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 inclination 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 coefficient K and that it is inversely
proportional to the hardness of the material H [N/mm2]:

V ¼ K
sFN
H

(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 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

Figure 1. Rail wear estimation process by means of numerical experiments.
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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].

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 six categories in the fishbone diagram in Figure 3. The track structure is
decomposed in track superstructure and substructure, where the track superstructure
consists of rails, fasteners, railpads, and sleepers and the substructure consists of ballast
and subgrade [20]. Track sup. stiffness and damping then represent the equivalent/total
track superstructure stiffness and damping in Figure 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

Figure 2. Jendel’s wear map [2].
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between parameters. Hence, the remaining parameters are subjected to the method
proposed by Morris [21] to rank them in order of importance.

2.2.1. 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 baseline value [22]. Each parameter’s contribution is
defined by a sensitivity index SI [22]:

SIi ¼ Dmax;i � Dmin;i

Dmax;i
ði ¼ 1; :::; kÞ (2)

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 4 shows a flowchart of the sensitivity analysis strategy
followed in this study.

2.2.2. 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 ¼ 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].

Figure 3. Fishbone diagram of rail wear influencing parameters.
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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 ¼ ½x1; :::; xk� is defined as follows:

EeiðxÞ ¼ yðx1; x2; :::; xi�1; xi þ Δ; ; xiþ1; :::; xkÞ � yðxÞ
Δ

(3)

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 2 f0; 1
p� 1

;
2

p� 1
; :::; 1g (4)

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

Δ ¼ 1
p� 1

(5)

Figure 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

Figure 4. Sensitivity analysis strategy.
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changed by a certain amount (Δ). Figure 5(a) 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 three-parameter problem with four different equally spaced values (hence sampling
density p ¼ 4). Here the influence of each parameter is evaluated separately, which explains
the three pairs of simulations for this three-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 5(b). 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 fewer scenarios need to be evaluated. As can be seen from
Figure 5 the Morris method requires four simulations (kþ 1), where OFAT requires six
simulations (2k) to obtain three Elementary effects.

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 distribution of
Elementary effects for each parameter. Hence, each parameter has a distribution that consists
of r Elementary effects. The total number of simulations required by the Morris method is
thus equal to rðkþ 1Þ . 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 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

Figure 5. The design space D visualized for a three-parameter problem and sampling density p ¼ 4 [24].
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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 con-
sideration 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 [23].

Figure 6 shows an example of a screening plot where the mean and standard deviation of
the Elementary effects of three parameters, namely parameterA,B andC 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.

2.3. Meta-model

Meta-modelling or surrogate modelling is commonly used to find mathematical expres-
sions for (relatively complex) physical processes and systems. Such an expression or
computational model can be regarded as a transfer function that produces an output for
a given input [21]. These models are usually developed for computationally expensive
simulations or experiments and are used for several purposes, e.g. understanding of the
problem, prediction and optimization. Different types of meta-models are available, e.g.
Response Surface Methodology (RSM), Kriging, Radial Basis Function (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 fitting process are selected by
Latin Hypercube Sampling (LHS) which will be discussed in the next subsection.

Figure 6. Screening plot example.
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2.3.1. 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 ¼ pk scenarios, where p is the sampling
density for each parameter [23] (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 fulfils 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 (xði1Þ; xði2Þ) in the design matrix X is
defined as follows [23]:

dpðxði1Þ; xði2ÞÞ ¼
Xk
j¼1

jxði1Þj � xði2Þj jp
 !1

p

(6)

For p ¼ 1 this distance equals the rectangular distance and for p ¼ 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.

2.3.2. Regression analysis
The n scenarios obtained with LHS are evaluated according to the process depicted in Figure
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 calculate
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
material 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
the worn off area of rail profiles.

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

yðxÞ ¼ β0 þ
Xk
i¼1

βixi þ
Xk
i¼1

βkþixi
2 þ

Xk�1

i¼1

Xk
j> i

βi;jxixj (7)
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One has tomake sure that the number of observations is substantially larger than the number
of regression coefficients (β0s) in order to have sufficient degrees of freedom. For the quadratic

model, the number of observations should be n � 2kþ k
2

� �
þ 1 [29].

The quality of the meta-model is assessed by the coefficient of determination R2

which is defined as follows [30]:

R2 ¼ 1� SSE
SST

(8)

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

SST ¼
Xn
i¼1

yi � yð Þ2 (9)

SSE ¼
Xn
i¼1

yi � ŷi
� �2

(10)

where ŷi is the predicted value by means of the fitted meta-model, yi is the observed
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
Mean Squared Error (MSE):

MSE ¼ 1
n

Xn
i¼1

yi � ŷi
� �2

(11)

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.

3.1. 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
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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 m. 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 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 7,
is established by means of a rational expression of the following form (for i ¼ 1 : 12):

dri ¼ p1;ih
h2 þ q1;ihþ q2;i

(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 1. Figure 8 shows the
obtained fit for coordinate point r4. Similar plots can be obtained for the other
coordinate points. The derived equations now enable to reconstruct a worn rail profile
based on only the vertical wear depth.

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 (12) and interpolating between the coordinate points
from r1 to r12, are plotted in Figure 9(a). The relative error is calculated as the difference
between the Cartesian coordinate points of measured and fitted rail profile divided by the

Figure 7. Rail profile discretization.
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associated vertical wear depth. Furthermore, the distribution of themaximum relative error
between the fitted and measured profile is provided in Figure 9(b), for almost 900 rail
profiles. From the results shown in these figures, it can be concluded that the fitted profile is
similar to themeasured 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 presented
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 five parameters required to describe the profile geometry. The method
proposed in this paper uses only one parameter, namely h, to characterize a rail profile
geometry for moderate curves. The magnitude of the error can be considered to be
acceptable, especially since its absolute value is mainly due to misalignment as can be
concluded from the clear trend observed in Figure 9 (not a random error).

Finally, Figure 10(a) shows parametrized rail profiles obtained for a specific LHS
design matrix and Figure 10(b) shows the number of occurrences for these profiles in

Table 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

Figure 8. Euclidean (normal) distance vs vertical wear depth h for r4.
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terms of the corresponding vertical wear depth. From the latter figure, it can be
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.

3.2. Sensitivity study results

A sensitivity study as described in Section 2.2 is performed to understand the behaviour of the
response value under the influence of various parameters. Due to specific modelling chal-
lenges, not all parameters presented in the fishbone diagram depicted in Figure 3 will be
explored during this study. The multi-body dynamics model developed for this purpose
consists of only rigid bodies; hence, parameters related to subgrade, ballast, and track super-
structure stiffness cannot be evaluated. This would require the use of flexible bodies in the
multi-body model. Also, the track irregularities 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

Figure 9. Example and the probability distribution of the relative errors between measured and
fitted rail profiles.

Figure 10. Worn rail profiles generated by an LHS design matrix for n ¼ 200.
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considered. As will be mentioned in Section 3.3.1 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 2 along with their respective intervals. The selection of these intervals (parameters
ranges) is based on literature data [32–36] and field experience. Furthermore, the para-
meters related to lubrication, pollution and weather conditions are all captured by the
coefficient of friction.

Following the steps of the sensitivity analysis strategy, see Figure 4, a baseline case is
defined where the track length is equal to 800 m. The first 50 m of the track represents
a straight track section followed by a transition curve with a length of 100 m 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 baseline case. Further details on the
remaining parameters are provided in Table 2. Then the selected parameters are
changed one at a time (OFAT analysis) from the baseline 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 and the calculated
sensitivity indices are presented in Table 3. Parameters with a sensitivity index lower
than 0.05 are discarded from further analysis, which means that only the top nine
parameters in Table 3 will be considered in the next step of the sensitivity analysis.

As discussed in Section 2.2.2 the resulting parameters from the OFAT analysis are
subjected to the Morris method to gain insight into the correlation between parameters
and to rank the parameters in order of significance. According to Figure 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 environ-
ment, 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.

Table 2. Range of parameters.
Parameter Symbol Unit Minimum value Maximum value Base-line 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 28,000 27,000
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 26,000 40,000
Lateral damping (secondary suspension) – Ns/m 8500 26,000 8500
Vertical damping (secondary suspension) – Ns/m 7100 90,000 7100
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Furthermore, it should be mentioned that for the calculation of the wear number the
material hardness H, which is one of the nine parameters, is not required. The material
hardness is an important parameter in the second process which is the wear area
calculation (Equation 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), where the response value y is the
wear number. The model, in this case, contains eight parameters (k ¼ 9 minus the
hardness parameter H), which each can attain five values (p ¼ 5), and are normalized
to the [0,1] interval by using the minimum and maximum values of the selected
parameter range given in Table 2. From the total design space D, 15 samples (r ¼ 15)
are taken, which are determined by the method proposed by Ruano et al. [26]. This
means that r ððk� 1Þ þ 1Þ ¼ 135 analyses (VI-Rail simulations) have been performed to
obtain the Elementary effects. The resulting absolute mean and standard deviation for
each of the eight distributions of Elementary effects (Eei) are shown in Figure 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 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 behaviour (i.e. lateral
movements) of the vehicles when running on the track. The shapes of new and worn
wheel profiles for s1002 and HIT can be found in Appendix A. Figure 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

Table 3. Results of the OFAT analysis.
Index Parameter Symbol Unit Sensitivity Index

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
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profile), and also a worn HIT profile has a similar shape, which is only shifted down-
wards due to a relatively low and constant wear rate compared to the wear rate of new
s1002 wheel profiles.

From Figure 11(a) 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 11(a) 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 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 11(b) regarding the track’s curve
radius (R) and the coefficient of friction (cof ). However, the behaviour 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
nine most dominant parameters, whereas the second part (Morris) revealed in more

Figure 11. Estimated means and standard deviations of the elementary effect distributions. Note
that the unit of Eei is the unit of the response value, i.e. the wear number.
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detail how (strongly) these parameters affect the response value (wear number). After
these two analyses, it is decided to use the nine initially selected parameters in the meta-
model derivation, as will be described in the next subsection.

3.3. Meta-modelling 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.

3.3.1. 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 m on the actual curve are considered as the response value. The
latter restriction is to ensure that transient behaviour 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 7), for each expression of the meta-model the number of
observations should be larger than the number of regression coefficients

(n � 2kþ k
2

� �
þ 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 12, 512 observations (i.e. model simulations) were chosen.

Figure 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 experi-
ments. 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 ¼ 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
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wear regimes are possible. Due to the different types 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 behaviours with a single model. Hence, separate models corre-
sponding to each type of behaviour are developed. Plotting the mean wear coefficient
value for each simulation, see Figure 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) and are scaled down by a factor of 5.5 as suggested by Enblom and
Berg [6]. Thus, the wear coefficients plotted in Figure 13 correspond to wear coefficients
K1, K3 and K4 in Figure 2. 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 14 shows the plot for the contact pressure versus the sliding or slip velocity for the
number of simulations performed, while the colours 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 11). The range is now set to 0.3–0.6. Figure 15
shows the results for the two meta-models, one for each wear regime. The coefficient of
determination R2 for wear regimes 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

Figure 12. Comparison between wear area values obtained with meta-model fit and wear area
values obtained from numerical simulations for n=512.
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and three 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 Figure 6) it is correlated with
other parameters (large standard deviation, Figure 6). See, for example, x1 and x4: non-
zero values are only found in the correlation x1xi and x4xi, while β1, β4, β10 and β13 are
equal to zero.

Figure 13. Wear coefficient values for various simulations.

Figure 14. Distinction between wear regimes from numerical results.
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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 m (moderate curves) the influence of R appeared to be minimal.

3.3.2. 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 2 as input. The results of these
meta-models are shown in Figure 16.

Finally, the process of rail wear evaluation by means of meta-models is depicted in
Figure 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

Figure 15. Comparison of predicted and observed values from numerical simulation (n ¼ 200) of
s1002 new.

Figure 16. Comparison of predicted and observed values for s1002 new and friction coefficient
between 0.3 and 0.6.
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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 17 with Figure 1, it can be seen how the
proposed method eliminates the need of software tools (i.e. VI-Rail and Matlab), that
IMs do not have at their disposal, once the meta-models have been derived.

Furthermore, the proposed approach using the meta-models as presented in
Figure 17 is 500 times faster than the classical prediction model in Figure 1 and
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.

3.3.3. 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 accord-
ing to Figure 17 while on the other hand individual numerical experiments are
performed according to Figure 1.

The ‘fit data’ in Figure 18 represents the data points of the 200 random simulations
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 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 regimes 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

Figure 17. Rail wear estimation process by means of meta-models.
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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.

4. Conclusion

The method proposed in this paper has been demonstrated to enable RUL
predictions 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 of determination found for the meta-
models are higher than 0.95 which proves the high accuracy of the model.
These types of models are beneficial for IMs as a decision-making tool, as they
can predict the RUL quantitatively with a very limited computational effort.
Furthermore, the presented correlation between rail profile geometry and wear
depth is beneficial for IMs 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.

Figure 18. Comparison of predicted values and observed values against the fitted model.
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Appendix A

Appendix B

Figure A1. Wheel profiles in new and worn condition.

Figure B2. Comparison of predicted values and observed values from numerical simulation
(n ¼ 200) of s1002 new for cof ¼ 0:15� 0:3.

Figure B1. Comparison of predicted values and observed values from numerical simulation
(n ¼ 200) of s1002 new for cof ¼ 0:02� 0:15.
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Appendix C

Table C1. 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
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