
https://doi.org/10.14311/AP.2026.66.0253
Acta Polytechnica 66(3):253–261, 2026 © 2026 The Author(s). Licensed under a CC-BY 4.0 licence

Published by the Czech Technical University in Prague

THE IMPLEMENTATION OF REDUCED-ORDER MODELS IN THE
DEVELOPMENT PROCESS OF A RUBBER-METAL COMPONENT

FOR AN ELECTRIC DRIVE UNIT

Ján Danko∗, Juraj Dobrovolný, Tomáš Milesich, Igor Kevický

Slovak University of Technology in Bratislava, Faculty of Mechanical Engineering, Institute of Automotive
Engineering and Design, Námestie Slobody 17, 812 31 Bratislava, Slovakia

∗ corresponding author: jan.danko@stuba.sk

Abstract. This thesis focuses on streamlining the development process of rubber-metal elements
(RMEs) for mountelectric drive units (EDUs) in electric vehicles using reduced-order models (ROMs)
and deep learning techniques. Traditional methods for developing these RME are both time-consuming
and costly. Therefore, the aim of this work was to design and implement a more efficient approach
utilising modern deep learning techniques. An innovative methodology was developed, which combines
ROM with deep learning, enabling the creation of accurate and fast predictive models for RME
behaviour without the need for extensive finite element (FE) analyses. The ROMs were developed and
subsequently implemented into an application for predicting the static and dynamic characteristics of
RMEs. The results demonstrated that this methodology significantly reduced the development time
and improved simulation accuracy compared to conventional approaches.
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1. Introduction
The modern automotive industry is undergoing a sig-
nificant transformation, which focuses on transition
from traditional combustion engines to electric motors,
as electric vehicles (EVs) produce zero local emissions
(excluding manufacturing and electricity generation),
they offer a cleaner alternative for urban mobility
than vehicles with combustion engines [1]. However,
this transition is not without its problems. The Euro-
pean automotive market faces several obstacles, which
include the rapid development of the automotive mar-
ket itself, the influence of Chinese manufacturers on
the European market, and high financial costs associ-
ated with the development and production of electric
vehicles [2].

Electric drive units (EDUs) are the core of EV
propulsion systems. Their main advantage over vehi-
cles with combustion engines are their higher energy
efficiency and lower emissions [3]. An EDU typically
includes an electric motor, gearbox, and differential.
Additional components such as power and control elec-
tronics, coolers, and other accessories are added as
needed [4]. The EDU is attached to the vehicle body
using flexible damping components – most commonly
rubber-metal elements (RMEs). RMEs are critical for
damping vibrations and noise, improving the driving
comfort and reducing acoustic emissions [5].

The current methods for development and optimisa-
tion of RMEs are relatively complex and usually rely
on iterative experimental testing, which is both time-
consuming and costly [6]. However, recent advances
in deep learning offer new opportunities for a more

efficient RME design [7]. By training neural networks
on experimental and simulation data, reduced order
models (ROM) can accurately predict the static and
dynamic behaviour of an RME under various loads.
These models significantly shorten the development
time and lower prototype testing costs [8]. Thus, the
aim of this work is to present a new and innovative
method for developing RMEs for EV powertrains us-
ing deep learning-based ROMs.

2. Innovative methodology for
the development of RME

Table 1 presents the standard and innovative devel-
opment processes of RMEs. The standard process
involves several iterative loops between the RME con-
cept, CAD modelling, and FEM analysis. The dura-
tion of the development depends on the success of each
iteration, for example, unsatisfactory FEM results re-
quire repeating the process. Each concept-CAD-FEM
loop typically takes 7–20 days, usually with 2–3 iter-
ations, resulting in a total duration of 20–80 working
days. The innovative development process introduces
reduced-order models (ROMs), which are capable of
predicting static and dynamic characteristics of RME
concepts, eliminating the time required for FEM itera-
tions. The proposed ROMapp uses trained neural net-
works to provide fast and accurate predictions, which
significantly speed up the RME development process.
The new method consists of the following steps [9]:

(1.) Customer requirements – Same as in the standard
process, this phase defines key specifications such

253

https://doi.org/10.14311/AP.2026.66.0253
https://creativecommons.org/licenses/by/4.0/
https://www.cvut.cz/en


J. Danko, J. Dobrovolný, T. Milesich, I. Kevický Acta Polytechnica

Table 1. Standard and innovative development processes of RMEs [9].

as static and dynamic characteristics, dimensional
limits, service life, and production volume.

(2.) Concept – The RME concept is designed accord-
ing to the customer requirements, including select-
ing a suitable rubber compound with the necessary
mechanical properties for EDU applications.

(3.) ROMapp – Using the proposed concept with
a given RME shape and material, the ROMapp
predicts static and dynamic characteristics within
seconds through trained neural networks. This al-
lows multiple rapid internal iterations without wait-
ing for CAD or FEM analyses. Once the optimal
parameters have been identified, the developer will
decide whether the accuracy is sufficient to proceed

directly to CAD modelling or whether a further
FEM analysis is required. This step typically takes
about 0.5 working days.

(4.) CAD model – The designer creates the CAD
model either for prototype production or, if required,
for the FEM analysis.

(5.) FEM analysis – This phase can be skipped if not
required by the customer, reducing both time and
cost.

(6.) Prototype production – Same as in the standard
process.

(7.) Other processes – Same as in the standard pro-
cess.
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Figure 1. Process of generating the input dataset from static and dynamic FEM analyses [9].

Using the ROMapp, the developer immediately
obtains static and dynamic characteristics for
a given RME geometry and material, significantly
accelerating the overall development cycle [9].

3. Generation of the input
datasets from static and
dynamic FEM analyses of RME

In order to generate ROM with the use of the neural
network, it is necessary to generate an input dataset.
The input dataset is used to train and validate the
neural network, after which it is able to generate the
ROM of an RME [10]. The process of generating the
input dataset from static and dynamic FEM analyses
is shown in Figure 1 and the geometrical model of an
RME with shape parameters and loading is shown in
Figure 2.

A procedure for parametric generation of RME
FEM models and a procedure for extracting simulation
results are recorded during the model generation and
simulation results extraction. These procedures define
the process of creating parametric model geometry,
meshing, material properties, boundary conditions,
investigated simulation results, and simulation results
extraction. These procedures are used for creating
models and extracting simulation results. This allows
input datasets of any size to be automatically gener-
ated, which would otherwise be very time-consuming
if done manually [10].

Once the procedures have been generated, the pro-
cess of generating datasets follows, as can be seen in
Figure 3. For generating the dataset, a tool named
Design of Experiments is used. This tool generates
shape parameter variations within the ranges defined
in Table 2 according to the RME geometrical con-

Figure 2. Geometrical model of RME with shape
parameters and loading [9].

ditions (1) and (2). It also utilises procedures for
generating multiple FEM models with various shapes
as well as for extracting their simulation results [9].

R4,min = R2 − m − g ≥ 5 mm, (1)
R3 = R2 − m >

√
2 · h. (2)

The ranges of shape parameter variations are de-
fined according to Table 2.

After simulating all models, the results are auto-
matically extracted using the procedure for extracting
simulation results into a single file – a dataset with
the structure required for the ROM generation pro-
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Figure 3. Process of generating input datasets utilising procedures [9].

Dimensional Range of
parameter variation
R2 [mm] 37–62
m [mm] 15–47
h [mm] 4–12
L [mm] 70–110

Table 2. Ranges of shape parameters of RME [10].

cess [10]. The results of 30 static FEM analyses are
shown in Figure 4 and the results of 10 dynamic FEM
analyses chosen from a total of 1 000 FEM analyses
are shown in Figure 5.

Table 3 shows the total time duration of the in-
put dataset generation for static and dynamic FEM
analyses.

4. Generating ROMs of RME for
static and dynamic
characteristics

ROMs of RME are divided into two separate input
datasets, one input dataset is for static characteristics
and the other one is for dynamic characteristics. These
ROMs were generated in MATLAB software with the
use of the neural network [9]. The process of gener-
ating ROMs for static and dynamic characteristics is
shown in Figure 6.

For static characteristics, the basic parameters of
the neural network, such as number of hidden layers,
number of neurons in 1 hidden layer, and optimiser
function, are shown in Table 4.

Figure 7 illustrates the scheme of the neural network
for generating ROMs (static characteristics).

Figure 8 shows the comparison of dependencies of
the reaction forces on the displacements for 9 ROM
(solid lines) and 9 FEM (dashed lines) models of the
same shapes, materials, and boundary conditions.

Table 5 shows the percentage deviation of the ROM
results against the results from the FEM simulations.

As for dynamic characteristics, the basic parameters
of the neural network, such as number of hidden layers,
number of neurons in 1 hidden layer, and optimiser
function, are shown in Table 6.

Figure 9 displays the scheme of the neural network
for generating ROMs (dynamic characteristics).

Figure 10 displays the comparison of dependencies
of reaction forces on excitation frequencies for 10 ROM
(blue) and 10 FEM (red) models of the same shapes,
materials, and boundary conditions.

Table 7 shows the statistical evaluation of ROM
results against results from FEM simulations.

5. Implementation of ROM into
ROMapp

The main method and objective of streamlining the de-
velopment process of RMEs is to design a new method
that implements the created ROM into an applica-
tion that predicts static and dynamic characteristics,
which are the dependence of the reaction force (or
static stiffness) on the displacement, and the depen-
dence of the reaction force (or dynamic stiffness) on
the excitation frequency.

Two separate applications were developed for static
and dynamic characteristics. Both applications have
the same structure, but differ in the ROM that they
use to predict data and slightly in the user interface.
The applications were designed and created in MAT-
LAB software, with the process of developing the
application shown in Figure 11 [9].

Figure 12 shows the prediction process for static
and dynamic characteristics of RMEs, which is
used by the application ROMapp_statics and
ROMapp_dynamics. The app user chooses one of
the predefined materials – rubber mixtures, which are
characterised by Mooney-Rivlin parameters C10, C20,
C30, and D1 and coefficient of thermal expansion α.
Subsequently, the app user chooses the geometrical
shape of the RME by defining shape parameters R2,
m, h, L (Figure 2), according to the geometrical con-
ditions (1) and (2). For predicting the dynamic char-
acteristics, the user also needs to define the amplitude
of the harmonic excitation of the inner ring. After the
RME is defined, the neural network generates a ROM,
which predicts its static or dynamic characteristics [9].
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Figure 4. Input dataset for static characteristics – dependencies of reaction forces on displacements for 30 FEM
models of RMEs [10].

Figure 5. Input dataset for dynamic characteristics – dependencies of reaction forces on excitation frequencies for
10 FEM models chosen from a total of 1 000 RME FEM models [10].

Type of FEM Number of Model Model Results Total
analysis models generation simulation extraction time
Static 30 14 min 1 min 5 min 20 min
Dynamic (harmonic) 1 000 14 hrs 11 hrs 9 hrs 34 hrs

Table 3. Total time duration of generating the input dataset [10].

Figure 6. Process of generating ROMs [9].
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Parameter Value
Neural network type Feedforward
Number of hidden layers 1
Number of neurons in 1 hidden layer 10
Learning ratio 0.01
Optimizer Levenberg-Marquardt (LM)

Table 4. Parameters of the neural network for predicting static characteristics of RMEs [9].

Figure 7. Scheme of the neural network for generating ROMs (static characteristics) [9].

Figure 8. Dependencies of reaction forces on displacements for 9 ROM and 9 FEM models of the same shapes [9].

Shape No. R2 [mm] m [mm] h [mm] L [mm] FROM [N] FFEM [N] δ% [%]
1 59.0 31.4 8.3 73.7 1 480.2 1 452.7 1.89
2 47.2 20.8 9.2 80.0 2 779.9 2 769.1 0.39
3 55.9 18.0 9.8 79.4 3 465.3 3 519.5 -1.54
4 43.2 31.2 4.0 107.4 911.3 900.6 1.19
5 52.2 30.5 6.1 90.5 1 312.3 1 284.3 2.18
6 58.0 29.6 6.7 70.0 1 185.3 1 163.3 1.89
7 61.3 16.3 8.8 73.2 3 201.5 3 184.1 0.55
8 62.0 47.0 4.8 73.1 498.2 504.5 -1.24
9 50.0 30.1 7.8 86.1 1 656.2 1 640.6 0.95

Average % deviation: 1.31

Table 5. Percentage deviation of ROM results for static stiffness against results from FEM simulations [9].
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Parameter Value
Neural network type Feedforward
Number of hidden layers 4
Number of neurons in 1 hidden layer 40
Learning ratio 0.003
Training function Bayesian Regularization

Table 6. Parameters of the neural network for predicting dynamic characteristics of RMEs [9].

Figure 9. Scheme of the neural network for generating ROMs (dynamic characteristics) [9].

Figure 10. Dependencies of reaction forces on excitation frequencies for 10 ROM (blue) and 10 FEM models of the
same shapes (red) [9].

Average absolute value Median MIN difference of MAX difference of
of % deviations absolute values absolute values

5.46 % 4.85 % 1.4 × 10−3 N 53.86 N

Table 7. Statistical evaluation of ROM results against results from FEM simulations [9].
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Figure 11. Process of ROMapp development [9].

Figure 12. Prediction process for static and dynamic characteristics of RME [9].

6. Conclusion
This work introduces an innovative methodology that
combines deep learning and virtual prototyping to
streamline the development of components for electric
vehicles. It focuses on the challenges in developing
RMEs for mounting EDUs, emphasising their crucial
role in vibration damping and noise reduction, which
directly influence drive comfort and vehicle quality.
The goal is to create more efficient methods that
shorten the development time, improve prediction
accuracy of RME behaviour, and reduce overall costs.

The main contribution is the implementation of
a new methodology using ROM combined with deep
learning. With the utilisation of neural networks in
MATLAB software, ROMs were developed, trained,
and validated on datasets from FEM simulations and
experiments. These models achieved high accuracy
in predicting static and dynamic behaviour of RMEs,
closely matching FEM and experimental results. The
ROM-based approach allows an instant prediction
(≈ 1 s) of new characteristics through the ROMapp
application, drastically reducing the development time
compared to traditional FEM-based methods.

This methodology not only accelerates and improves
RME design, but also enables rapid optimisation
through multiple design iterations. The integration of
deep learning creates adaptive, data-driven systems
capable of continuous improvement as new data are
introduced. Overall, the use of ROMs and deep learn-
ing significantly improves the efficiency, accuracy, and
speed of developing high-quality EV components.
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