POLITECNICO DI TORINO
Repository ISTITUZIONALE

Application of machine learning techniques to build digital twins for long train dynamics simulations

Original

Application of machine learning techniques to build digital twins for long train dynamics simulations / Bosso, N; Magelli,
M; Trinchero, Riccardo; Zampieri, N. - In;: VEHICLE SYSTEM DYNAMICS. - ISSN 0042-3114. - STAMPA. - 62:1(2024),
pp. 21-40. [10.1080/00423114.2023.2174885]

Availability:
This version is available at: 11583/2975338 since: 2026-02-27T08:41:09Z

Publisher:
Taylor & Francis

Published
DOI:10.1080/00423114.2023.2174885

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright
Taylor and Francis preprint/submitted version

This is an Author’s Original Manuscript of an article published by Taylor and Francis in VEHICLE SYSTEM DYNAMICS
on 2024, available at http://wwww.tandfonline.com/10.1080/00423114.2023.2174885

(Article begins on next page)

11 May 2026



Application of machine learning techniques to build digital twins for

long train dynamics simulations

N. Bosso®*, M. Magelli?, R.Trinchero® and N. Zampieri?

4Department of Mechanical and Aerospace Engineering, Politecnico di Torino, Torino,

Italy;

bDepartment of Electronics and Telecommunications, Politecnico di Torino, Torino,

Italy

*corresponding author: Nicola Bosso, e-mail: nicola.bosso@polito.it, Tel.:
+390110906952, Fax.: +390110906999



Application of machine learning techniques to build digital twins for

long train dynamics simulations

The paper shows the feasibility of building closed-form and fast-to-evaluate
surrogate models via supervised kernel-based machine learning regressions
behaving as digital twins for computationally expensive multibody simulations.
The aforementioned surrogate models are adopted to predict the railway vehicle
dynamics safety indexes defined in the international standards, depending on the
wheel-rail forces, directly from the results of longitudinal train dynamics
simulations. The digital twin models are trained with the outputs of Simpack
multibody simulations of a reference freight wagon, to which the in-train forces
calculated by an in-house MATLAB longitudinal train dynamics simulator are
applied. Two machine learning techniques are considered: the support vector
machine and the least-squares support vector machine regressions. Both
techniques ensure a good accuracy even with a limited number of training
samples. The derivation of the surrogate models can strongly enhance the
modelling capabilities of common longitudinal train dynamics simulators, that
cannot evaluate the wheel-rail contact forces. At the same time, the method
shown in the paper allows to strongly reduce the total computational times, as the
evaluation of the closed-form surrogate models allows to effectively estimate the
safety indexes with no need for computationally demanding multibody

simulations.

Keywords: longitudinal train dynamics; digital twin; machine learning; kernel-

based regression; multibody simulation

1. Introduction

The use of machine learning (ML) techniques to build digital twins surrogate models (or
metamodels) in the railway sector can find application in different research areas.
Several examples of digital twins are used to better target the maintenance action on the
infrastructure [1-5], or to predict track degradation using models derived from the
analysis of experimental data collected in operating conditions [6-10]. At the same time,

other applications of digital twin models concern the management of electrical power



[11-13].

ML digital twin models were also developed to predict the degradation of
vehicle components, such as bearings [14,15] and suspensions [16-19], as well as to
estimate adhesion or condition of wheel-rail rolling surfaces [20-23], based on
accelerometric or other measurements carried out with monitoring systems installed on
board the vehicle. Therefore, in this context, the development of digital twin models is
an important support for the development of diagnostic systems.

Commonly, the approach adopted to build digital twin surrogate models relies
on the use of experimental data measured on the vehicle to define an equivalent model
describing the behaviour of the vehicle, so that the comparison of the model outputs
with measurements carried out on the vehicle during operation allows to detect
anomalies or to classify different types of faults. In this sense, one of the approaches
often used in the railway sector, which can be considered a precursor of digital twins
and of modern and more advanced ML techniques is the use of the Kalman filter to
estimate the variations undergone by certain parameters of the system [24-29].

Therefore, it can be stated that traditionally digital twin techniques in the railway
field are applied starting from an experimental database to generate a model of the
system, which can be used for prediction or diagnostic purposes.

The present work proposes instead a different use of ML techniques, in which
the database used to derive the surrogate models is built from the results of complex
simulations of the vehicle dynamic behaviour. These simulations are carried out using a
multibody (MB) model that allows to accurately simulate the railway vehicle dynamics,
but with a high a computational effort. The results of the complex MB model are used
to build surrogate models, acting as digital twins that are capable of predicting the

results with very low calculation time. Examples of this strategy can be found in the



railway literature, dealing with the optimization of wheel and rail profiles [30-32] and

with the development of reliable monitoring algorithms [33,34].

2. Method

The paper adopts the approach of using a database obtained from the outputs of
complex MB simulations to build fast-to-evaluate kernel-based regressions allowing to
accurately estimate the main safety indexes describing the running behaviour of railway
vehicles, with no need for computationally expensive MB simulations. The surrogate
models can then be integrated as an add-on module in a longitudinal train dynamic
(LTD) simulator, so that the modelling capabilities of the LTD code can be enhanced, as
common LTD simulators are not able to estimate the safety indexes, since they do not
compute the values of the wheel-rail forces. In fact, common LTD simulators only
consider the longitudinal degree of freedom (d.o.f) of the vehicles, and thus provide an
overall train model made up of lumped masses, i.e., the vehicles, connected via
nonlinear springs and dampers, featuring the typical hysteretic behaviour of coupling
systems [35-37]. On the other hand, MB codes are provided with modules for the
estimation of the wheel-rail contact forces [38-40], but they are typically used to model
isolated vehicles, neglecting the in-train forces, or short groups of vehicles with an
increase of the computational effort.

Large values of the in-train forces can increase the derailment risk, nonetheless,
the EN14363 international standard for railway vehicle acceptance [41] does not
explicitly consider the in-train forces as parameters to assess the safety of the vehicle
running behaviour, as the criteria considered by the standards are derived from the
forces acting at the wheel-rail interface. These criteria include the derailment safety
ratio, i.e., the ratio between lateral and vertical forces Y/Q, the wheel unloading ratio

DQ/Q and the sum of the lateral forces acting on the wheelset Y.



Therefore, the construction of digital twin models, replacing the complex MB
model of the railway vehicle, can strongly cut down the computational times for the
evaluation of the safety indexes, which can be calculated directly from the results of an
LTD simulation. In fact, the complex MB simulations are only launched in an initial
stage to build the database for training and testing of the surrogate models. In the end,
the proposed strategy allows to evaluate the safety indexes by means of the closed-form
surrogate models, that require a negligible computational time.

The approach is considered as promising, since it is by far faster compared to the
intermediate strategy proposed by Bosso et al. [42,43], which relies on a MB simulation
of a whole train in which most of the vehicles are modelled in a simplified manner, only
considering the longitudinal d.o.f, while a limited number of vehicles is modelled in
detail. A similar intermediate strategy is directly available in the in the commercial
multibody software Universal Mechanism [44,45]. At the same time, the proposed
strategy is also faster compared to the method adopted by Krishna et al. [22,46], which
relies on MB simulations of individual wagons carried out by applying the in-train and
tractive/braking forces predetermined by an LTD simulation. In fact, even in case
parallel-computing techniques are implemented, the computational time can still be
huge if a long train with many vehicles is considered.

In conclusion, the goal of the paper is to show the feasibility of deriving digital
twins able to replace the MB simulations in the calculation of the vehicle safety indexes
with big benefits in terms of reduction of the computational times while ensuring a good
accuracy. The proposed method can lead the way to several applications, such as using
the digital twin surrogate models in numerical optimization schemes, for instance to
optimize the distribution of the wagon mass along the train composition, so that safety

during braking and traction operations can be maximized. The proposed strategy is



extremely suitable for the simulation of freight vehicles since freight wagons in a train
usually adopt the same type of bogie (Y25 or three-piece) and a similar dynamic
behaviour can be expected. The MB model used in the training phase can hence be
modified by simply updating the carbody mass and thus the axle-load when different
wagons are investigated.

The paper is organised as follows. The next section shows the general
architecture of the computational framework built to derive the metamodels, with focus
on the sampling strategy, on the LTD code and on the MB model of the reference
vehicle. Then, a background on the ML techniques adopted in the paper is provided.
Next, the main results of the numerical activity are presented and discussed,
highlighting the statistical accuracy and the performance of the proposed surrogate
models. Finally, the last section summarizes the conclusions of the work and suggests

future developments of the methods proposed in the paper.

3. Computational framework

The strategy adopted to build the metamodels via ML techniques implies the following

steps, see Figure 1:

(1) LTD simulations for the computation of the in-train forces on several different
track layouts. The main simulation inputs are drawn using a Latin hypercube
sampling (LHS) [47].

(2) MB simulation of individual wagons in the train composition, with application
of the coupler forces computed by the LTD module, and calculation of the main
output quantities of interest, namely the safety parameters defined in the

international standards.



(3) Training, testing and validation of the metamodels with dedicated MATLAB

routines.
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Figure 1: Sketch of the computational framework implemented to build the surrogate

models.

Each LTD simulation is performed considering a train including a head
locomotive followed by 18 wagons, running on a track featuring a single right-handed
curve and a constant slope (different types of curves and slopes are considered). As the
vehicle MB model is symmetric with respect to the lateral axis, the results for left-
handed curves would be specular to the outputs corresponding to right-handed curves,
hence only right-handed curves are investigated. For each simulation, the main track
parameters are selected via LHS. Specifically, the inputs obtained with LHS include
curve radius Re, superelevation E, unbalanced acceleration anc, rail twist t, length of the

full curve section Lt and track slope ig. Table 1 shows the main input parameters drawn



via LHS and their corresponding range. From this data, the speed of the leading
locomotive Xioco, Which is kept constant during the LTD simulation, can be computed
according to Equation 1, where g is gravity and dcp is the nominal distance between the
contact point positions (1.5 m for a standard gauge of 1435 mm). Only sample sets that
ensure a speed below the vehicle speed limit of 120 km/h are considered, and other

combinations obtained via LHS are discarded.

Xloco = JRC ’ (anc + ngTp) (1)

Once the LTD simulation is carried out in MATLAB, a random wagon of the
train is selected, and a detailed dynamic simulation is launched using the vehicle MB
model implemented in Simpack, applying the in-train forces computed by the LTD code
on the front and rear coupling systems. The MB simulations are run in batch from a
MATLAB script, calling dedicated QtScript routines that manage the Simpack solver
and post-processor. For each MB simulation, the output quantities of interest are
collected to train the corresponding metamodels. More in detail, the output quantities
include: (i) the derailment coefficient Y/Q of each wheel, (ii) the unloading ratio DQ/Q
of each wheel and (iii) the sum of the wheel-lateral forces for each wheelset Y'Y, for a
total of 20 outputs. All outputs are post-processed according to the prescriptions of the
EN14363 standard, i.e., by applying a low-pass filter with cut-off frequency of 20 Hz
and a sliding mean with window length of 2 m. For each simulated track, the maximum

absolute value between percentiles 99.85% and 0.15% is collected for each output.

Table 1. Parameters drawn via LHS in MATLAB and corresponding range.

Parameter Symbol Lower bound Upper bound

Curve radius Re¢ 30m 3000 m



Superelevation E Om 0.16 m

Unbalanced acceleration  anc 0.1 m/s? 0.6 m/s?
Rail twist tr 0.1%o 4%o
Length of full curve Ltc 30m 500 m
Track slope Ig -15%o 15%o

For each combination of the parameters drawn via LHS, a random wagon is
selected automatically for the MB simulation, to ensure that the metamodels obtained
during the training stage can be used for each vehicle. Obviously, a higher accuracy
could be achieved if different surrogate models were derived for each wagon, especially
if the train is composed by vehicles with different characteristics (axle-load, bogie
spacing, etc.), but in this work the vehicles in the train composition are identical.
Nonetheless, with the definition of separate models for the different wagons, the total
computational time required in the training phase might become huge. Furthermore,
metamodels obtained for each single wagon could be less robust and would not be
applicable to other possible configurations of the train consist. Therefore, as the aim of
the present work is the demonstration of the feasibility of applying kernel-based
regressions as a digital twin of MB simulations to enhance the modelling capabilities of
LTD simulators, it is the authors’ belief that a slight loss of accuracy of the surrogate
models can be tolerated, as long as the general validity of the proposed approach is
ensured.

After running the LTD and MB simulations and extracting the main outputs, the
desired metamodels are obtained via kernel-based ML techniques for different sets of
training samples. The inputs of the surrogate models do not exactly coincide with the

parameters drawn via LHS and reported in Table 1. The selected surrogate model inputs



include: 1) curve radius, ii) superelevation, iii) rail twist, iv) length of full curve section,
v) mean vehicle speed while negotiating the curve, vi) median of front coupler force,
vii) median of the rear coupler force, viii) maximum value of front coupler force and ix)
maximum value of rear coupler force. Input parameters i)-iv) are directly obtained from
the LHS, while inputs v)-ix) are computed during the post-processing stage of the LTD
simulation. The track slope is not considered as an input parameter of the surrogate
models, as the effect of the track slope is accounted for by the coupler forces. The
median and maximum values of the coupler forces are computed after post-processing
the results of the LTD simulation according to the same strategy adopted for the safety
criteria. After the application of a low-pass filter and a smoothing mean, the median
value is calculated as the 50-th percentile of the signals, while the maximum value is the

maximum absolute value between the 99.85-th and 0.15-th percentiles of the signals.

3.1 LTD model of the train consist

The longitudinal dynamics of the train consist is simulated using the dedicated in-house
LTDPoliTo code, which was validated in previous works [48-50] against the dataset of
the international benchmark of LTD simulators [51,52]. The LTDPoliTo code only
models the longitudinal d.o.f of the wagons, and the effect of grades and curves is
considered by introducing extra resistant forces. The longitudinal dynamics of each
vehicle is expressed by Equation 2, in which my is the vehicle mass, X is the vehicle
acceleration, Fc¢ is the force of the front coupler, Fc, is the force of the rear coupler, Ford
is the term accounting for ordinary resistances due to rolling and aerodynamic drag, Fq
is the force due to track grade, Fcrv is the resistant force due to track curvature and
finally Fyps is the tractive/braking force produced by the electric motors, which is
clearly zero for non-powered vehicles. Obviously, the force on the front coupler of the

leading locomotive and the force on the rear coupler of the tail-end wagon are set to



Zero.
myX = Fc,f_Fc,r-l'Ft/DB_Ford_Eg_Fcrv 2

To simplify the training of the surrogate models, LTD simulations are run setting a
constant speed of the leading locomotive. All tractive/braking efforts are provided by
the leading locomotive in the train consist, which includes a locomotive followed by 18
four-axle wagons with an axle-load of 22.5 ton. A short European freight train is
considered, to ensure low computational times in the training and testing of the
surrogate models. Nonetheless, the approach can be easily extended to longer and
heavier freight trains.

The tractive/braking force Fyps during the LTD simulation is calculated by
introducing a proportional controller as stated by Equation 3, in which Kpos is the term
proportional to the position error, Kvelo is a term proportional to the speed error, Xioco IS
the locomotive position, Xioco IS the locomotive speed and finally Xset and Xset are the

reference values of position and speed, respectively, in each time step.

Ft/DB = Kpos(xloco - xset) + Kvelo(xloco - xset) (3)

The effect of possible air brake forces is neglected in this work, since the force needed
to balance the motion resistances is totally provided by the head locomotive in the form
of a traction/dynamic braking force. In fact, in view of the goal of the present paper is to
prove the feasibility of building surrogate models acting as digital twins of complex MB
simulations to evaluate the major safety indexes defined in the international standards,
the air brake forces are not considered for the sake of simplicity and to limit the number
of parameters drawn via LHS. Furthermore, the LTDPoliTo code was developed and

validated in the context of the international benchmark of LTD simulators [51,52],



which neglected the application of air brake forces. Nonetheless, since the derailment
risk is higher during emergency braking operations, the simulation of the air brake
forces will be addressed in future upgrades of the activity.

The force due to track grade Fq is computed according to Equation 4, in which ig
is the track slope and g is gravity, while several expressions exist to calculate ordinary
and curve resistances [53,54]. In the present work, the ordinary resistant forces for the
18 wagons are calculated according to the expression suggested by Deutsche Bahn for
full freight wagons, see Equation 5, while the ordinary resistant force acting on the
locomotive is calculated according to the expression proposed by British railways, see
Equation 6. On the other hand, the resistant force due to track curves is calculated using
the expression given in the international benchmark, see Equation 7. Please note that in

Equations 5-7, V is the vehicle speed in km/h, g is gravity, and Rc is the curve radius.

F‘;J = mvgig (4)
_ "Myg | yaa 2
Fora = 1000 [1 + 0.02 (10) ] (5)
Fprg = —22..[4.587 + 0.0245V + 3.6697 - 10~* - V2] (6)

1000

F — my _6116
€TV " 1000 R,

(7)

Finally, the in-train forces are calculated in the LTDPoliTo code using a using a look-up
table (LUT) approach. The LUTSs store the loading and unloading curves of the coupling
systems as a function of the coupler deflection. The paper deals with European freight
trains, which are commonly equipped with the buffer-hook coupling element.
Therefore, the LUTSs for the computation of the in-train forces were built starting from

the experimental characteristics of a single hook and a single buffer with a stroke of 105



mm [55]. Figure 2a shows the original experimental impedance characteristics of buffer
and hook, which feature an initial preload and the typical hysteretic behaviour, while
Figure 2b presents the final LUT characteristic obtained by considering the series
connection of two hooks and the parallel connection of two pairs of buffers in series.
Although other strategies exist for the calculation of the in-train forces [37], the
LTDPoliTo code relies on the LUT approach to ensure fast computational times and to
quickly adapt to different types of coupling elements.

During the LTD simulation, the force acting on each coupler Fc is calculated
according to Equation 8, in which Ax is the coupler deflection, Ax is the deflection
speed, F is the loading force, Fu is the unloading force and finally vt is a threshold
speed value which smooths the transition between the loading and unloading curves,
according to the strategy proposed by Zhang et al. [56]. Therefore, in each time-step of
the LTD simulation, the in-train force on each connection system is calculated by
indexing the LUT according to the deflection on the coupling system. When the
absolute value of the deflection speed is greater than the speed threshold value, a force
equal to either the loading or the unloading force is applied, depending on the current
operating conditions. On the other hand, when the absolute value of deflection speed is
lower than the threshold value, a smoothing transition occurs, and the in-train force lies
in-between the loading and unloading force values. This strategy is essential to avoid
numerical instabilities that may be generated by abrupt step transitions between the
loading and unloading curves. In the simulations shown in the paper, the threshold
speed value was set equal to 5e-4 m/s.

F,(Ax), |Ax| > v, A Loading

F = Fy(Ax), |Ax| > vy, AUnloading 8)
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Figure 2: Original experimental characteristics of buffer and hook (a) and final LUT

curves (b).

As already mentioned, the LTD simulations are run on simplified tracks
featuring a constant grade and including a single curve with clothoid inlet and outlet
transitions. Figure 3 shows the slope and curvature characteristics of the simulated
track, highlighting the length of the main track sections. The length of the clothoid
transitions L is calculated from superelevation E and rail twist t;, according to Equation

9, for each combination of the input parameters obtained from LHS.

E
LCl = ; (9)
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Figure 3: Curvature and slope characteristics of the simulated track layouts.

3.2 MB model of the railway wagon

The freight wagon considered in this paper is equipped with the Y25 bogie, which can
be considered as the European standard freight bogie, provided with friction damping
elements on both primary and secondary suspension levels. An additional non-linearity
is provided by the primary suspension, which includes two groups of two concentric
helical springs with different nominal length for each axle box. The longer spring is
called the “tare spring” while the shorter one is the “load spring”, which acts only when
a certain deflection of the suspension is overcome due to the payload.

The vehicle model includes 16 rigid bodies: the vehicle carbody which is
divided into two half-structures, to consider the wagon torsional stiffness in railway
twist, two bogie frames, four wheelsets and eight axle-boxes. The main inertial
properties of each body are given in Table 2. The position of the centre of gravity is
calculated according to a simplified three-dimensional geometric model of each body,

and the joint position of each body is modified accordingly.



The three-dimensional (3D) wagon model is implemented in Simpack, by
following the same modelling approach as in [57], which allows to reproduce in detail
the strongly non-linear behaviour of both primary and secondary suspension stages, also

accounting for the effect of the friction damping elements.

Table 2. Inertial properties of the bodies in the wagon MB model.

Body Mass (kg)  Ixx (kg-m?)  ly(kg-m?) 1z (kg-m?)
Half body frame 40710 59188 721517 725122
Axle-box 170 1.48 6.58 5.23

Bogie frame 1450 1103 715 1783
Wheelset 1080 903 119 903

To model the interaction with the adjacent wagons, two force elements, which
simulate the actions of the buffer-hook coupling system, are applied to the vehicle body
at a height of 1060 mm. Each force is applied between a marker defined on the wagon
structure and a “Follow-Track” marker defined on the main inertial reference system.
This marker type is a peculiar Simpack marker which is located and oriented according
to the position and orientation of a specific joint. This strategy assumes that the in-train
forces are always aligned to the ideal track. The force magnitude is calculated from an
input function, storing the results of the LTD simulation, as a function of the vehicle
position along the track. During this initial stage of the activity, the rotation of the
couplers in curves and the consequent generation of lateral coupler forces were
neglected for the sake of simplicity. Nonetheless, since the derailment risk is strongly
related to the rise of lateral components of the in-train forces, that can cause coupler
jack-knifing, the authors are planning to consider these effects in future upgrades of the

work.



The simulated track is modelled without track irregularities, since track
irregularities are random spectra that can modify the vehicle dynamics, depending on
their frequency and amplitude, despite not being explicit vehicle parameters. In fact, the
main goal of the numerical activity proposed in the present work is the investigation of
the ideal behaviour of the model and the subsequent assessment of the validity of the
proposed approach, with no influence of non-controllable variables, like irregularities.

A preliminary simulation was run to ensure that the speed profile obtained from
the MB simulation launched on an isolated vehicle with application of the in-train
forces is close to the speed predicted by the LTD model. In the simulated scenario, a
train made up of 28 wagons and 1 head locomotive faces a right-handed curve of radius
equal to 500 m and superelevation of 120 mm, see Figure 4a. This preliminary
simulation was run on a longer and heavier train compared to the one used in the
simulations launched for the training and testing of the surrogate models, which
includes only 18 wagons. At the same time, in the preliminary simulation, a variable
reference speed along the track was applied, while all simulations run to train and test
the metamodel were launched with a constant reference speed signal. This was done to
ensure that the speed profiles obtained in the LTD and MB simulations are close to each
other even in operating conditions that are more complex with respect to the one
considered in the simulations launched for the derivation of the surrogate models.
Figure 4b shows the reference speed for the leading locomotive, variable along the
track, the speed of the leading locomotive calculated by the MATLAB LTD simulator
and the speed of a reference wagon in the middle of the train composition obtained from
the LTD and MB simulations. As noticeable from the plot, a good agreement exists

between the results of the LTD simulation and the speed calculated by the Simpack



model. Slight differences can be due to discrepancies in the curve resistance calculated

by the two models.
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Figure 4: Preliminary simulation: track curvature (a) and comparison between the

wagon speed calculated by the LTD simulator and the MB model (b).

3.3 Background on surrogate models and supervised Machine Learning

regression techniques

The aim of this section is twofold. First, it discusses the benefits of adopting digital
twins built via supervised ML regression techniques within the simulation scenarios
described before. Moreover, it provides a brief overview of the mathematical
background of two advanced kernel-based regression techniques: the Support Vector
Machine (SVM) and the Least-Squares Support Vector Machine (LS-SVM) regressions,
respectively, also highlighting their key features and stressing their advantages w.r.t

other state-of-the-art techniques.

3.3.1 Digital twins and surrogate models

Usually, design space exploration tasks of complex structures are performed by relying

on the results of computational expensive simulation experiments via the so-called



“computational model”. The computational model can be seen as the most accurate
synthetic description of the actual behaviour of the system under modelling, able to
virtually predict the output quantities of interest for several configurations of the system
parameters. Computational models can have several levels of complexity, going from a
simple closed-form approximation to the most complicated full-body one. Although
full-body simulations are clearly more accurate, they can be extremely expensive in
terms of computational costs, thus making design space exploration tasks extremely
inefficient when many simulation runs are needed. In the current work, the
computational model is represented by the vehicle MB model.

In the above scenario, digital twins based on surrogate models can be seen as an
effective and efficient alternative to plain simulations based on the computational model
[58]. The surrogate model is “a model of a model”, which provides a closed-form and
fast-to-evaluate mathematical relationship able to accurately mimic the complex and
usually non-linear parametric behaviour of the computational model. Such models are
constructed via generic regression or interpolation techniques by using data obtained
from a limited set of simulations run with the expensive computational model. Such
data used to train the surrogate model is referred to as training set. The samples
belonging to the training set must be carefully chosen to explore the input space as
much as possible [47,58]. Once the surrogate model has been trained, it can be used to
predict the parametric behaviour of the output of interest for a generic configuration of
the system parameters, and therefore it can be suitably embedded within statistical
analysis and optimization schemes [58-60].

This paper focuses on two different supervised ML kernel-based regressions,
namely the SVM [61] and LS-SVM [62] regressions. Compared to classical parametric

model formulations based on basis expansion (e.g., polynomial expansion), in which the



model complexity (i.e., the number of basis functions and model unknows) grows
exponentially with the number of input parameters [60], the SVM and LS-SVM
regressions allow to obtain non-parametric models, for which the model complexity is
independent from the number of input parameters. This allows to overcome curse-of-
dimensionality and possible overfitting issues [60-62]. Furthermore, w.r.t to other non-
parametric techniques, like neural networks (NNs), kernel-based regressions are less
“data hungry”, since the model training for such techniques relies on the solution of a
convex optimization problem via low-complexity algorithm. Therefore, kernel-based
regressions can be considered good candidates for constructing accurate and efficient
digital twins of the expensive computational model from a small set of training samples
[60-62].

The remaining of this section briefly presents a quick overview of the
mathematical background of such techniques with specific emphasis on their

application to surrogate model construction.

3.3.2 SVM and LS-SVM regression: mathematical background

Let us consider the problem of approximating the output y € R of a generic non-linear
vector-valued function M': R — R as a function of its parameters x € X’ € R¢, such

as:
y =M(x) (10)

where y is the output of the system under modelling and x = [x1, ..., x4]T € R%isa
vector collecting the system parameters. For instance, within the present case study, the
variable y can be interpreted as one of the 20 main outputs corresponding to the safety

indexes defined by the international standards and the vector x represents the



configurations of the main metamodels inputs declared in the previous subsections,
which are obtained from the LHS and from the results of the LTD simulations.

Kernel-based regressions can be suitably adopted to build a fast-to-evaluate
surrogate model M able to approximate the actual nonlinear input-output behaviour of
the function M (x) for any x € X. The surrogate model is constructed via the training
set D = {(x;,y;)}}=,, computed via a set of simulations with the computational model,
such as y; = M (x;).

Like standard regression techniques, such as the OLS, the primal space
formulation of the SVM and LS-SVM regressions is based on a simple linear expansion
of basis functions [61,62], see Equation 11, in which (-,-) is the inner product, ®(x) =
[¢p1 (%), ..., pp(x)]7 is a vector collecting the basis functions ¢;(x), which maps the
parameter space of dimension d into the corresponding feature space of dimension D
(i.e., @(-): R% - RP)), b is the bias term and w = [wy, ..., wp]T is a vector collecting

the basis functions.
y(X) = Ms-ysym(X) = Ya=1WaPa(x) = (W, ®(x)) + b (11)

For SVM and LS-SVM regressions, the unknowns w and b are estimated by solving the
optimization problem, known as the empirical risk minimization [61], see Equation 12,
where £(+) is a loss function providing the model “error” computed over the training
samples, ||w||§2is the Tikhonov regularizer [63], which is intended to keep the model as
flat as possible, and finally y is a regression hyperparameter tuned during the training

phase to reduce the model variance and to prevent overfitting.

minZ WliZ, +y Ziey £0n, (W, @(x) + b) (12)



In the empirical risk minimization in Equation 12, the main difference between the
SVM and LS-SVM regression comes from the adopted loss-function £(+). Specifically,
the LS-SVM regression uses a traditional squared loss function, whilst the SVM
regression uses the linear e-insensitive loss, which adds a penalization equal to the
excess model #1-error w.r.t. € [61]. For such reason the region [—¢, + €] is called ¢-
insensitive zone. Further details can be found in the literature [60-62].

It is important to remark that the primal space formulation in Equation 11
provides a parametric model in which the number of unknown coefficients (i.e., the
cardinality of the vector w) is equal to the number of basis functions D. On the other
hand, both regression techniques allow an equivalent dual space formulation, as stated
by Equation 13, in which the vector & = [ay, ..., @, ] collects a new set of regression
unknowns for the above dual space formulation and k(- ,-): RP x RP — R is the so-

called kernel function.

y = Ms)sym(X) = Vel k(xx) +b (13)

Please note that in the above formulation of the SVM and LS-SVM regression is a non-
parametric model in which the number of unknown coefficients in the vector a is equal
to the number of samples L. Therefore, the surrogate model built using such regressions
turns out to be completely independent from the model complexity and from the number
of input parameters. In this paper, a radial basis function (RBF) kernel function is used
to train both the SVM and the LS-SVM regressions, see Equation 14, in which ¢ is the
kernel hyperparameter defining the width of the RBF [61]. For the case of the dual-
space formulation of the LS-SVM regression, the vector of coefficients a and the bias
coefficient b can be obtained in a closed-form via the solution of a linear system of

equations [62]. On the other hand, for the SVM regression, the optimal set of unknown



coefficients in the vector a is computed numerically as the solution of a quadratic
convex optimization problem [61]. It is important to remark that thanks to the properties
of the e-insensitive loss function, this optimization leads to a sparse solution (i.e., most
coefficients oy are equal to zero), thus providing a cheap model implementation in terms

of memory resources.
k(x,x") = exp (- = IIx = x)|I?) (14)

4. Results

This section investigates the performance of the SVM and LS-SVM regressions for the
construction of a digital twin able to inexpensively predict the 20 outputs of interest
described in the previous section, which correspond to the main safety criteria defined
in the EN14363 standard. Due to the inherently scalar nature of such regression
techniques, the problem can be reformulated to be equivalent to train 20 scalar-output

independent surrogate models (i.e., one for each output dimension). For the generic i-th

. . L
output, a set of training samples D® = {(xl, yl(”)} has been generated from the
=1

results of parametric simulations with the computational model. Both the output and
input samples have been standardized so that they are centred around the mean with a
unit standard deviation. The surrogate models constructed via the SVM and the LS-
SVM regressions are trained in MATLAB via built-in functions [64] and the LS-
SVMilab v1.8 toolbox [65], respectively. The hyperparameters of the SVM regression
are optimized using a Bayesian optimizer with 5-fold cross-validation (CV) error [63]
for a maximum of 30 iterations, while the LS-SVM technique uses the same Bayesian

optimizer with a leave-one-out CV error for a maximum of 25 optimization steps.



The accuracy of the surrogate models trained via the SVM and LS-SVM
regressions is investigated for an increased number of training samples. Specifically,
Figure 5 shows the mean and the standard deviation of the R? score computed from the
20 outputs under modelling for 500 test samples by considering an increasing number of
training samples L = {48,98,198,296,344,496}. The curves show a monotonic increase
of the test R? score, until its mean value gets very close to 1, w.r.t the size of the training
set up to L=344, as well as a reduction of the standard deviation of the R? score. This
means that the proposed approaches can learn the complex non-linear behaviour of the
outputs w.r.t the input parameters. On the other hand, the flatness of the learning curve
after L=344 can be easily explained by considering the strategy adopted to run the MB
simulation after each LTD simulation. In fact, as already mentioned, after each LTD
simulation is over, a random wagon in the train consist is selected for the next MB
simulation. This choice was made to derive surrogate models that can be adopted for all
wagons in the train consist, as considering different wagons allows to better investigate
the input space of the in-train forces. Higher accuracy could be obtained if different
metamodels for the different wagons in the train consist were trained, but this would
drastically increase the time required to run the simulations needed to train the surrogate
models.

From the results, the surrogate models trained via the LS-SVM regression turn
out to be slightly more accurate than the corresponding ones constructed via the SVM
regression. On the other hand, the SVM regression leads to a compact surrogate model
with an average sparsity around 12%. Regarding the time costs, the training time goes
from 144 s for L =48 to 620 s for L=496 for the SVM regression, and from 14 sto 181 s
for the LS-SVM regression, respectively. After the training phase, the longest time

required to evaluate the surrogate models on 500 test configurations is still less than 1 s.



On the other hand, when the safety parameters were estimated from the outputs of a
dynamic simulation, the total computational time on all 500 test configurations was
equal to approximately 23 hours and 30 minutes (almost 1 day), on a notebook with 16
GB of internal memory and equipped with an Intel Core i7-8750H CPU (6 cores, 12
threads, base frequency: 2.20 GHz). Therefore, the availability of ML surrogate models
for the prediction of safety parameters leads to a huge reduction of the computational
times, since computationally expensive MB simulations are avoided. Furthermore, since
the surrogate models are closed-form models, they slightly affect the total
computational time required by an LTD simulation. In fact, each stage of the LTD
simulation requires the following amounts of the total time: 77% for the numerical
integration of the LTD equations, 17% for basic post-processing operations on the
simulation outputs, 5% for additional post-processing operations needed to evaluate the
surrogate models and finally less than 2% for the evaluation of the surrogate models.
Therefore, as the modules for the numerical integration of the LTD equations and for
the basic post-processing operations were already required in the original version of the
LTD code, the add-ons for the evaluation of the safety parameters with the dedicated
surrogate models requires an increase of the LTD simulation computational time lower

than 8%.
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Figure 5: R? score of the surrogate models for different numbers of training samples.

To better highlight the accuracy of the surrogate models, Table 3 shows the
mean value of the R? score for the three safety criteria, calculated on the test samples for
a number of training samples equal to 496. As visible in Table 3, the surrogate models
built for the Y/Q parameter feature the highest accuracy, while the lowest accuracy is

related to the surrogate models for the Y parameter.

Table 3. Mean value of the R? score for the safety criteria.

Output SVM LS-SVM
YIQ 0.889 0.901
DQ/Q 0.780 0.804
XY 0.663 0.737

As a further comparison Figure 6 shows the scatter plots for some of the key
output variables, i.e., the Y/Q and DQ/Q parameters calculated on the wheels of leading

wheelset of the leading bogie, and the £Y computed on the leading wheelsets of the two



bogies. For the sake of ease of understanding, the parameters are plotted in absolute
value. The wheelsets are numbered in ascending order starting from the leading
wheelset, while wheels are numbered using two digits: the first digit refers to the
wheelset, while the second digit is related to the side of the wheel (1 for right wheels
and 2 for left wheels).

The scatter plots emphasize the remarkable correlation between the predictions
of the proposed surrogate models and the ones obtained via the computational model
collected in the test set, as the samples are very close to the dashed lines, which
represent a perfect agreement between the surrogate models and the reference samples.
As previously mentioned, the Y parameter features the lowest R? score. A possible
explanation can be given by observing the corresponding scatter plot, which shows a
limited variation of this output, due to the absence of irregularities on the track and to
the relatively large values of curve radius. In future works, the effect of the track
irregularities will be investigated, but in the present work they are neglected, since they
are random spectra that may change the vehicle behaviour, despite not being a physical
vehicle parameter.

In conclusion, the proposed approach is promising, as the surrogate models can
give good predictions of the chosen outputs. Nonetheless, the sample sets are selected
from large ranges of the input parameters, as a general scenario in terms of track layout
and train consist is considered. Obviously, the model structure, as well as its input
parameters, could be further improved to account for the effect of additional parameters,
such as the wagon payload, and to better suit the characteristic of a specific real-life

track and vehicle scenario.
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Figure 6: Scatter plots for key output parameters.

5. Conclusions

The paper shows an innovative simulation technique to improve the capability of LTD
simulators. Specifically, the approach is based on the development of surrogate models
of the wagons composing the train, acting as a digital twin of the MB simulation. These
models are obtained from kernel-based regressions and trained using the outputs of
complex and computationally expensive MB simulations of the wagon. This approach
allows to drastically reduce the computational time required to calculate the safety
indexes of all the wagons of the train. In fact, when the surrogate models are available,
there is no need to launch long-lasting MB simulations. It is the authors’ belief that the

proposed method is mainly suited to freight vehicles, which are equipped with standard



bogies, hence different types of wagons can be modelled by simply changing the
properties of the carbody.

The results are promising and demonstrate the general feasibility of the proposed
approach. The surrogate models, in fact, replace with good accuracy the detailed MB
model for all the considered simulation scenarios. The strategy leads the way to LTD
simulators able to evaluate not only the in-train forces but also the main quantities that
describe the safety and running behaviour of each wagon in the train consist. On a test
sample including 500 configurations, the surrogate models evaluated the safety
parameters in less than 1 s, while the estimation via MB simulation would take
approximately 1 day. Furthermore, the additional routines for the evaluation of the
surrogate models have a limited impact on the computational times of the original LTD
code, with an increase in the total computational time less than 8%.

Since the aim of the present work is to present the simulation techniques and to
evaluate the nominal behaviour of the vehicle, irregularities are neglected, but the effect
of irregularities will be investigated in future works. Clearly, it is important to consider
a wide range of irregularity spectra to develop surrogate models able to describe the
behaviour of the vehicle under different track conditions. Moreover, air brake forces
were neglected at this initial stage of the activity to limit the number of parameters to be
drawn via LHS. Nonetheless, since often derailments occurs during emergency braking
operations, whereby large in-train compressive forces arise, such conditions will be
addressed in future upgrades of the work, that will also consider jack-knifing effects and
the generation of lateral in-train forces during curve negotiation. Furthermore, future
works will deal with the development of surrogate models able to evaluate the transient
response of the vehicle, that would improve the modelling capabilities and the accuracy

of the derived digital twin.
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