
Abstract - Machine learning (ML)-based surrogate 
models offer a promising alternative for Multibody 
Dynamics (MBD) Simulation of railway vehicle-track 
dynamics systems. A well-built ML model can accurately 
and quickly predict the dynamic responses to various track 
irregularities, significantly reducing computation time and 
unifying integration interfaces of different vehicle-track 
systems. However, training effective surrogate models is a 
complex process, influenced by the specific needs of the 
analysis. Different algorithms and training sets might be 
required for different surrogate models, making it essential 
to research the impact factors for building these models. 
This paper presents a comparative analysis of ML-based 
surrogate modeling approaches tailored for MBD Model 
within a railway digital twin platform. The primary focus is 
evaluating the performance of various ML-based surrogate 
modeling approaches, as well as the influence of neural 
networks, training parameters, and data sources. By 
leveraging extensive simulation and measurement data, we 
assess the ability of these surrogate models to predict key 
performance indicators under varying operational 
conditions. This analysis provides valuable insights for 
railway engineers in selecting appropriate surrogate 
modeling approaches, ultimately contributing to the 
advancement of predictive maintenance and optimization in 
railway operations. 
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I. INTRODUCTION 
 
 The developed surrogate model for replacing complex 
simulations has become a vital component in creating a 
digital twin (DT) platform for the holistic railway 
infrastructure system [1]. Zhou et al. [2] proposed 
utilizing a surrogate modeling approach to reduce 
computation time and unify the integration interfaces of 
different submodels of the railway system. They designed 
a machine learning (ML)-based surrogate modeling 
methodology for submodel integration in a holistic 
railway infrastructure DT platform and illustrated it 
through a case study. This study involved an ML-based 
surrogate model for multibody simulation of a railway 
vehicle-track dynamic system. The ML model accurately 
and quickly predicts vehicle-track system responses to 
various track irregularities. Finally, they proposed 
integrating the ML-based surrogate model into the DT 
platform using a standardized open-source Functional 
Mock-up Interface (FMI). However, training effective 

surrogate models is complicated. Various algorithms, data 
sources, and training sets may be necessary for different 
models, highlighting the importance of investigating the 
factors that influence their construction. 
Network: Timeseries data prediction involves numerous 
well-established ML algorithms. An understanding of the 
temporal dependencies by “remembering” previous values 
has been proven a helpful ability by recurrent neural 
networks. Two types of recurrent neural networks were 
explored during development for the surrogate model: 
Long Short-Term Memory (LSTM) and Nonlinear Auto 
Regressive with exogenous inputs (NARX). They 
typically show promising results for time-series 
forecasting. Simon-Martin et al. [3] applied both LSTM 
and NARX models for forecasting electricity prices in the 
Spanish market. The results demonstrated that the LSTM 
model incorporating the exogenous variable exhibited 
superior predictive performance. This outcome can be 
attributed to the LSTM’s inherent ability to effectively 
model complex temporal dependencies within nonlinear 
system dynamics. Abbas et al. [4] explored networks to 
predict the expected battery life, this work handles multi-
dimensional data. In this work, the high performance was 
attributed to the more complex model capturing the 
nuances of variability in electric power. Despite this, it is 
arguable how applicable these findings are to railway 
vehicle-track dynamics systems, as the behavior of 
electrical systems is quite different. An example of 
capturing physical phenomena was done by Wunsch et al. 
[5], using both LSTM and NARX models to predict the 
groundwater level in the Rhine region between France 
and Germany. Compared to other works, NARX 
performed best in this scenario, outperforming the LSTM 
in accuracy and computation time. It is pointed out, 
however, that the NARX model's performance was highly 
dependent on its initial conditions, highlighting again the 
stability of LSTMs. To summarize, simpler systems are 
captured more effectively by NARX, which should be 
considered for its quicker computation times, while more 
complex systems are suitable for LSTMs, which can 
provide more reliable results. 
Training Parameter: Tuning specific hyperparameters, 
such as learning rate and batch size, had a greater impact 
on performance than modifying the model architecture, 
for ml-based surrogate models. R. Shankar et al. [6] 
proved that a model's performance significantly depends 
on tuning its parameters, specifically batch size and 
learning rate. While larger batch sizes degrade the model's 
performance, smaller batch sizes improve prediction 
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accuracy by minimizing overfitting. Furthermore, the 
accuracy and efficiency of the model's training are greatly 
influenced by the learning rate. Higher learning rates 
provide a fair trade-off between accuracy and training 
time, while lower learning rates increase precision but 
slow convergence. Besides parameters, an essential aspect 
of training the model is data. M. Lindholm et al. [7] 
described utilizing LSTM neural networks for mortality 
forecasting with a focus on the efficient use of data. The 
research compared the baseline approach of withholding 
the last fraction of observations for validation, randomly 
sampling a fraction of observations in time, and splitting 
the population into two parts by sampling individual life 
histories. These methods enhance the model's predictive 
stability and efficiency by making better use of limited 
data. The boosted LSTM models show promising results, 
providing robust long-term predictions without 
compromising short-term accuracy. Another valuable 
point is that increasing the amount of training data can 
significantly lower overfitting in the LSTM network and 
enhance prediction accuracy. However, from the research 
of G. Ayzel et al. [8], it is also evident that the 
performance of the LSTM network cannot be significantly 
enhanced when the amount of training data exceeds a 
given value or range of values, and that the critical value 
varies for different basins. So, selecting a suitable 
quantity of training data can enhance the LSTM network's 
learning capacity.  
Data Source and Quality: One of the most significant 
aspects of stable and robust ML model prediction, 
alongside model architecture suitability and correct 
hyperparameters, is data source and quality. In our 
domain, where we utilize track irregularity data from 
measurement trains for the ML-based surrogate model, 
which usually contains missing sections, outliers, 
duplicated sections, and random errors, proper data 
quality handling becomes quite essential. According to L. 
Budach et al. [9], unprocessed data usually leads to 
unstable and unreliable model performance. Through 
empirical research, they discovered that for regression 
tasks, the most critical dataset feature leading to poor 
deep learning model performance is data completeness 
and feature accuracy, i.e., the deviation of the input data 
from the ground truth values. The decrease in quality in 
one of these “data quality parameters” leads to a worse-
than-linear decrease in algorithm performance. This 
finding underscores the importance of addressing missing 
data from measurement data in our case, which is 
inevitable when working with measurement data. In 
addition, Foroni et al. [10] try to quantify the influence of 
data quality issues on model performance. From the 
results obtained for regression tasks, a relatively low 
percentage of noise in the training data, such as 10%, 
increases the Mean Squared Log Error by 1.5 times. This 
underscores the importance of processing data to ensure 
that it contains less than 5% of problematic cases, thereby 
enabling the model to provide reasonable output. 
 This study seeks to address an existing gap by 
examining the efficacy and precision of various machine 

learning-based surrogate modeling techniques, including 
neural networks, training parameters, and data sources. 
Utilizing comprehensive simulation and measurement 
data, we evaluate these surrogate models' capability to 
forecast critical performance indicators across different 
operational scenarios. In Section 2, we detail the 
parameters for constructing the MBD model for railway 
vehicle-track dynamics, analyze various data sources, and 
outline the methods for developing and testing different 
machine learning-based surrogate modeling approaches 
for MBD simulations. Section 3 presents the results of a 
comparative analysis of these models, examining the 
impact of various factors. Finally, Section 4 concludes the 
study with a summary of our findings. 
 

II. METHODOLOGY 
 
 We used an MBD model to simulate the railway 
vehicle-track dynamics, which is based on the Manchester 
Benchmarks Passenger Vehicle. The parameters of the 
MBD model are derived from realistic situations, as 
presented in Table 1. 
 

Table I: Parameters of the MBD model 
Name Value Unit 
Track Length 5 km 
Velocity 100 km/h 
Vehicle Mass (with passengers) 31032 kg 
Simulation Time 180 s 
Sampling Rate 2000 Hz 
 
Ensuring the robustness and accuracy of surrogate models 
is paramount. A proficient surrogate model must maintain 
the integrity of original data while providing reliable 
outcomes for optimization, prediction, and feasibility 
assessments. Consequently, validating trained ML models 
adequately becomes imperative. In our research, we 
utilize measurement data from the Austrian national 
railway track system to validate the fidelity of our ML-
based surrogate model. However, due to measurement 
constraints, only vertical track irregularities are 
accessible. These irregularities comprise two dimensions: 
left-side track irregularities and right-side track 
irregularities. Corresponding to the measurement data, we 
generate two-dimensional input datasets. Extracted from 
SimPACK-Post, the vertical wheelset forces serve as the 
output data. 
 To evaluate the prediction quality, we employ the 
normalized Root-mean-square deviation (RMSE), a 
commonly used metric. Calculated by dividing RMSE by 
the range of simulated output data from the MBD model, 
normalized RMSE yields values between 0% and 100%, 
with lower values indicating better model fit. In this 
context, a normalized RMSE below 10% is deemed 
acceptable, aligning with industry expectations and 
signifying predictions within an acceptable deviation 
range. 
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Fig. 1. Correlation matrix of measured track irregularities 

data 
 
 The correlation matrix shown above represents a table 
with pairwise correlation coefficients of the relevant input 
parameters, facilitating the discovery of patterns and 
trends between each input. In Figure 1, zGLR represents 
the vertical track irregularities of the right side of the 
track, while zGLL denotes the vertical track irregularities 
of the left side. yGLR represents the horizontal track 
irregularity of the right side of the track, while yGLL 
represents the left side. “xm” stands for kilometering, 
indicating the specific location of the track corresponding 
to each measurement. “vv” represents the speed during 
measurement, “Curvature” indicates the curvature of the 
measurement point, and “curvature soll” denotes the 
designed curvature of the respective measurement point. 
In this instance, irregularities in the track between the left 
and right sides have a high correlation in the vertical 
dimension, with a coefficient of 0.9. Additionally, 
irregularities in the horizontal dimension also show 
correlation, although not as strong as in the vertical 
dimension. Track irregularities measured along the y-axis 
(yGLR, yGLL) are also positively correlated, but the 
coefficient is not as high as for the vertical irregularities. 
Furthermore, the variable “curvature” is correlated with 
“CurvSoll,” representing the intended curvature value, 
making this strong correlation evident.  
 Effective parameter tuning is crucial for a surrogate 
model's generalization from training to unseen data. To 
ensure robustness and accuracy, parameters like batch 
size and learning rate must be carefully adjusted. Without 
proper tuning, models risk underfitting due to high bias or 
overfitting due to high variance, resulting in poor 
performance on new data. Figure 2 outlines the 
experimental process, starting with configuration and 
initialization, followed by a grid search through 
hyperparameters to identify optimal settings. The 
DataManager handles the slicing and processing of data, 
ensuring that training and test datasets are correctly 
generated with appropriate dimensions and sliding 
windows for  sequential  modeling.  This processed data is 

  

 
 

Fig. 2. Diagram classes of experiment process 
 

fed into the LSTMModel, where the model is compiled 
with the chosen optimizer and loss function, then trained 
on the dataset. The Trainer block is responsible for 
executing the training process, where the learning rate, 
batch size, number of epochs, and callbacks (such as time 
tracking) are defined and managed. After training, the 
Tester evaluates the model’s performance on test data and 
generates predictions. Finally, TimeHistory tracks the 
epoch-wise training performance, ensuring detailed 
insights into the training dynamics. 
 

III. RESULTS 
 

 The prediction results from various ML models are 
presented in Table II, categorized into four comparison 
groups: Group 1 includes Input Data Dimensions (Data 
No. 1, No. 5, and No. 7), which represent vertical, 
horizontal, and cross-level track irregularities; Group 2 
covers Data Sources (Data No. 5 and No. 6), including 
Simpack-generated data and measurements from ÖBB; 
Group 3 focuses on Network Types (Data No. 1 and No. 
2), specifically NARX and LSTM; and Group 4 pertains 
to Optimizer Types (Data No. 2 and No. 3), namely LM 
and Adam. Due to data protection requirements from our 
industrial partner, the RMSE for the 2-dimensional 
measurement data will be withheld.  
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Impact of Input Data Dimension: As we can see from 
Table II, the nRMSE of No.1 one-dimensional, No.5 two-
dimensional and No.7 three-dimensional inputs, which are 
all generated from SimPACK and use the same Network 
NARX and Optimizer lm, are 0.55%, 1.01% and 4.31% 
respectively. We can clearly tell that the higher the input 
data dimension, the worse the machine learning 
predictions. Higher dimensions can lead to worse machine 
learning predictions due to the problem of the "curse of 
dimensionality". This refers to the fact that as the number 
of dimensions increases, the amount of data needed to 
effectively model the relationship between features and 
targets grows exponentially. As a result, there is a risk of 
overfitting the model to the limited data available, leading 
to poor generalization performance on unseen data. 
Additionally, high-dimensional data can also result in 
computational challenges and increased time and memory 
requirements. 
Impact of Data Source: As we can see from Table II the 
nRMSE of No.5 two-dimensional inputs generated from 
SimPACK and the nRMSE of No.6 two-dimensional 
inputs collected from ÖBB are 1.01% and 3.52%, 
respectively, which indicates that the ML models have 
worse performance on measurement data compared to 
training data generated with SimPACK. The reasons 
might be 1. Data distribution shift: The distribution of the 
measurement data may differ from the distribution of the 
training data. This can result in a mismatch between the 
model's assumptions and the actual data, leading to 
reduced performance on measurement data. 2. Feature 
selection: The model may have been trained on a set of 
features that are not representative of the measurement 
data. This can result in poor performance if the model 
cannot effectively capture the relationships between the 
inputs and outputs in the measurement data. 3. Data 
quality: The quality of the measurement data may be 
lower than the quality of the training data. For example, 
the measurement data may contain missing values, 
outliers, or other anomalies the model was not designed to 
handle. 
Impact of Network: As we can see from Table II the 
nRMSE of No.1 one-dimensional inputs trained with 
NARX and No.2 one-dimensional inputs trained with 

LSTM are 0.55% and 2.12% respectively, which indicates 
that the NARX Network has better performance compared 
to LSTM with one-dimensional input dataset. LSTM and 
NARX are both types of Recurrent Neural Networks 
(RNNs) used for processing sequential data. However, 
they differ in their architecture and the way they handle 
inputs. LSTM is a type of RNN designed to handle long 
data sequences and address the problem of vanishing 
gradients in traditional RNNs. They have memory cells 
and gates to control the flow of information, which allows 
them to store information from previous time steps and 
use it to make predictions about future time steps. This 
makes LSTMs well suited for tasks such as language 
modeling, speech recognition, and time series prediction. 
NARX, on the other hand, is a type of RNN that is 
designed to handle inputs that are not just dependent on 
the previous time step, but also on other inputs, called 
exogenous inputs. In NARX models, the relationship 
between the inputs and outputs is modeled as a nonlinear 
function, and this function is used to make predictions. 
NARX models are well suited for tasks such as time 
series prediction when there are additional inputs that 
need to be taken into account, which caters to our 
situation. As we can see from Table II the nRMSE of 
No.3 one-dimensional inputs trained with adam optimizer 
and in LSTM and No.2 one-dimensional inputs trained 
with lm optimizer in LSTM are 2.91% and 2.12%, 
respectively. It indicates, that lm optimizer has better 
performance compared to adam optimizer with one-
dimensional input dataset using the LSTM Network. The 
reason might be as follows: In terms of convergence, 
Adam is often faster than lm because it does not require 
the computation of the second-order derivatives. 
However, lm is more efficient in terms of computation 
time because it only requires the computation of the 
Jacobian matrix, which is smaller than the Hessian matrix. 
lm is also better suited for nonlinear problems because it 
uses second-order information to estimate the local 
curvature of the loss surface. In general, adam is a good 
default choice for most machine learning problems, but 
lm can be a better option in specific cases where the 
problem requires a more customized optimization 
approach, such as nonlinear problems, which is similar to 
our usecase. 

Table II: Comparison of Prediction Results from Different ML-models 
No.
  

Input Data  Data Source  Output Type  Network  Optimizer  RMSE   nRMSE  

1  1-Dimensional  SimPack  Wheelset Force  NARX  lm  56.68   0.55%  
2  1-Dimensional  SimPack  Wheelset Force  LSTM  lm  131.5   2.12%  
3  1-Dimensional  SimPack  Wheelset Force  LSTM  adam  176.2   2.91%  
4  1-Dimensional  SimPack  Acceleration in y axis  LSTM  lm  19.2   1.17%  
5  2-Dimensional  SimPack  Wheelset Force  NARX  lm  -   1.01%  
6  2-Dimensional  ÖBB  Wheelset Force  NARX  lm  -   3.52%  
7  3-Dimensional  SimPack  Wheelset Force  NARX  lm  261.72   4.31%  
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IV. CONCLUSION 
 
In this study, we extensively analyzed machine learning 

models to forecast critical performance indicators in 
railway systems, examining the influence of various 
factors such as input data dimensionality, data sources, 
network architectures, and optimizer types on the efficacy 
and accuracy of ML-based surrogate models. Our 
exploration of the correlation matrix across different 
dimensions of input data revealed significant correlations 
among parameters, shedding light on vital patterns crucial 
for model development, particularly emphasizing the 
strong correlations between track irregularities in vertical 
and horizontal dimensions. Additionally, our investigation 
into the impact of input data dimensionality unveiled a 
trend wherein increased dimensionality led to diminished 
prediction performance, attributable to challenges like 
data sparsity, overfitting, and computational complexity, 
commonly referred to as the "curse of dimensionality." 
Moreover, our analysis highlighted the pivotal role of data 
quality and distribution congruence in model 
performance, showcasing the superiority of surrogate 
models trained on simulated data over those trained on 
real-world measurement data. Furthermore, our evaluation 
of different network architectures and optimizer types 
provided nuanced insights into their varying impacts on 
prediction accuracy, emphasizing the superiority of 
certain architectures and optimizers.  
 In conclusion, our study yields valuable insights for 
the refinement and optimization of ML-based surrogate 
models in railway systems, with future research poised to 
explore advanced techniques for data preprocessing, 
feature engineering, and model interpretation to enhance 
predictive capabilities in real-world applications. 
Collaborative efforts between academia and industry 
stakeholders are essential for translating these findings 
into actionable solutions, driving innovation and 
efficiency in railway infrastructure management and 
optimization. As the R4F Platform continues 
development, our focus will expand to applying the ML-
based surrogate model methodology to other railway 
subsystems beyond the railway vehicle-track system. The 
automated parameter tuning methodology [11] will also 
be considered for application to identify the optimal 
combination of parameters for different deployed 
networks. Additionally, further analyses involving 
different algorithms and model integrations [12] will be 
pursued to validate the reliability and fidelity of the 
proposed integration methodology, marking a significant 
milestone in the holistic large-scale railway Digital Twin 
system's sustainable development. 
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