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Abstract. This study aimed to analyse key aspects of wheeled vehicle dynamics and to assess the effectiveness of modern
computer modelling techniques in the vehicle design process. The research focused on the main parameters influencing
tyre performance, including forces, moments, slip angle, vertical load, and their interrelations. The use of modelling was
justified as a means of ensuring the required levels of grip, handling, and ride comfort during vehicle operation. Existing
tyre models were classified into empirical, semi-empirical, and physical types, with a comparative analysis presented to
highlight the advantages and limitations of each. Particular attention was given to the Magic Formula tyre model, which is
widely used to characterise tyre behaviour. The study outlined the application of this formula in developing approximate
mathematical models through curve-fitting methods, enabling accurate representation of tyre performance under various
operating conditions. The research also examined current trends in tyre model development involving machine learning
techniques, which facilitate parameter optimisation and improve modelling accuracy. It was demonstrated that the
integrated use of machine learning and computer modelling methods can enhance tyre product development and support
the creation of innovative solutions in the field of wheeled vehicles. The practical value of the research lies in the potential
application of the proposed approaches to improve the dynamic characteristics of vehicles and other wheeled machinery,
thereby reducing the need for costly field testing
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Introduction

The rapid development of the automotive industry and the
growing demands for tyre safety and performance necessitate
the use of advanced research methods. Computer modelling
significantly reduces the cost of experimental testing, accel-
erates the development process, and improves the accuracy
of tyre performance analysis. The advancement of precise
heuristic models enables the simulation of vehicle behaviour
in response to driver actions, particularly in preparation for
racing or when driving under extreme conditions. Tyres rep-
resent one of the most critical components of wheeled vehi-
cles, as they provide the essential contact between the vehicle
and the road surface, directly influencing safety and handling.

Suggested Citation:

Modern research in computer modelling and wheeled
vehicle dynamics has seen the active integration of machine
learning and deep learning methods for modelling tasks,
wear prediction, and the enhancement of vehicle control
efficiency. A review of scientific publications reveals grow-
ing interest in the application of artificial intelligence in
the tyre industry. In a study by J.L. Olazagoitia et al. (2020),
artificial neural networks were proposed for determining
the parameters of tyre models. The authors demonstrated
that neural networks can accurately approximate complex
non-linear relationships between input data (e.g. load,
slip angle) and tyre output characteristics, such as friction
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force and resisting torque. This approach considerably re-
duces the need for experimental testing.

D. Stocco et al. (2024) proposed a physically grounded yet
simplified tyre model suitable for realtime application. The
main advantage of this model lies in its ability to maintain a
balance between accuracy and computational speed, making
it particularly useful for interactive simulations in transport
systems. K. Singh et al. (2019) conducted a comprehensive
review of machine learning (ML) applications in the tyre
industry. Key areas identified include tyre wear prediction,
quality control, and the development of intelligent systems.
The authors emphasised the importance of processing large
volumes of data to improve decision-making efficiency.

In the study by L.C. Sousa & V. Hultmann (2022), the
authors explored the substitution of a complex non-linear
physical model with an ML-based approximation to predict
vehicle behaviour. The proposed solution proved effective
in real-time scenarios without significant loss of accuracy,
paving the way for the implementation of ML in auton-
omous control systems. N. Xu et al. (2020) introduced an
intelligent tyre system equipped with embedded accel-
erometers to collect data on the contact patch dynamics.
Machine learning was employed to evaluate acting forces
in real time, enabling the development of highly accurate
adaptive control systems. It is also worth noting the devel-
opment of a comprehensive ML-based system for predict-
ing the remaining service life of commercial vehicle tyres
(Karkaria et al., 2024). The model is based on telemetry
data and simulations, allowing for process optimisation
and reduced maintenance costs.

Advancements in machine learning have opened up
new opportunities for optimising tyre models. The use
of artificial intelligence algorithms enables the analysis
of large volumes of data, the adaptation of models to re-
al-world operating conditions, and the prediction of tyre
behaviour in complex scenarios. To ensure accurate cor-
relation between model data and physical tyres, test data
obtained from real-world trials are essential. Therefore, the
use of specialised computer-based tools for collecting in-
formation on tyre behaviour is crucial in the development
of tyre models. This research aimed to analyse modern
computer-based tools for tyre modelling, assess their ca-
pabilities and areas of application, identify the advantages
and limitations of these tools, and evaluate their effective-
ness and future prospects for improving tyre performance
and optimising production processes.

This was a theoretical study based on the analysis of
published test results and experiments dedicated to the
selection of parameters for automotive tyre models. The
research involved a systematic review of scientific publi-
cations in the fields of wheeled vehicle dynamics and com-
puter engineering, containing data on tyre characteristics,
testing conditions, as well as the outcomes of modelling
and practical testing. The sources included peer-reviewed
journal articles, conference proceedings, and openac-
cess scientific databases (MDPI, Scopus), published up to
2024. The study was conducted in several stages. Initially,
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relevant sources containing detailed information on the
physical and mechanical properties of tyres and their test-
ing conditions were selected. The collected data were clas-
sified according to the types of tyre models used in wheeled
vehicle dynamics, specifically distinguishing between em-
pirical, semi-empirical, and physically based models. A
comparative table of tyre models was compiled to provide a
visual summary of the findings. This analysis made it pos-
sible to understand the advantages and limitations of each
model type in relation to requirements for accuracy, com-
putational speed, and application domain. An analysis was
carried out on the machine learning methods employed in
the reviewed studies to model tyre behaviour. The review
of heuristic model parameter selection methods focused
on techniques for adjusting parameters through the ap-
proximation of experimental data. Particular attention was
given to methods that demonstrated high accuracy in mod-
elling parameters such as braking distance, grip coefficient,
wear rate, and energy efficiency. The strengths and weak-
nesses of linear and non-linear models, ensemble methods,
and neural networks were also evaluated.

Additionally, the study examined devices used for re-
cording and reading vehicle telemetry data, along with
methods for collecting dynamic information from the ve-
hicle. This included the analysis of telemetry packet struc-
tures, data exchange formats, techniques for data acqui-
sition using appropriate equipment, and the subsequent
application of the collected data in analysis, modelling,
and algorithm training processes. In summary, the research
was based on a synthesis of existing scientific and practi-
cal knowledge, aiming to establish a unified approach to
modelling tyre efficiency using machine learning methods.

Key aspects and parameters

of wheeled vehicle dynamics for modelling

Computer modelling is an essential tool in the development
and optimisation of vehicles, particularly in addressing
critical aspects such as traction and handling. Its relevance
lies in the ability to test various design solutions and op-
erating modes without the need to produce costly physical
prototypes. This enables engineers to iteratively refine ve-
hicle characteristics, predicting performance across a wide
range of conditions — from everyday driving to extreme
scenarios. Modelling allows for the analysis of tyre-road
interaction, optimisation of suspension and steering sys-
tems, and evaluation of the influence of different factors
(such as speed, load, and road surface conditions). This ap-
proach significantly accelerates the development process,
reduces costs, and enhances vehicle safety and efficiency
before the vehicle is ever driven on the road.

Vehicle dynamics is an engineering discipline con-
cerned with the movement of vehicles in response to driver
inputs and environmental conditions such as air temper-
ature, humidity, and wind direction. As the broader field
of dynamics includes not only motorised wheeled vehicles
but also aircraft and watercraft, the term “wheeled vehicle
dynamics” is used here to specifically refer to vehicles that
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maintain contact with the ground through rubber tyres.
Wheeled vehicle dynamics explores the effects of numerous
physical phenomena associated with vehicle motion and
encompasses a wide range of aspects — from mechanical
systems to advanced safety and performance technologies.

The following key aspects are identified:

1. Handling, which defines how the vehicle responds
to driver commands to change direction and how stable
the wheelbase remains while cornering. Handling is di-
rectly influenced by suspension settings, wheel geometry,
weight distribution, and the mechanical grip of the tyres
on the road surface.

2. Traction characteristics, which are defined by the
grip of the tyres on the road, are measured through the co-
efficient of friction depending on the road surface type and
weather conditions.

3. Suspension performance, determined by the opera-
tion of the suspension system that connects the wheels to
the vehicle body and ensures stability when driving over
uneven surfaces. Suspension settings can be adjusted by
altering the stiffness of the springs.

4. Braking system, which primarily determines the ve-
hicle’s ability to stop, but also affects handling and stability

perpendicular Fz
to road plane

Fy

due to weight transfer during braking. The distribution of
braking force between the front and rear wheels directly
impacts tyre grip on the road surface.

5. Wheel mechanics, which define the geometry of
the wheels in relation to the road surface (camber) and to
the vehicle (toe angle). The combination of these settings
significantly affects the tyre-road contact patch, which in
turn influences mechanical grip, tyre temperature, and
the rate of rubber wear.

As the grip between tyres and the road surface is the
primary force enabling vehicle movement and manoeu-
vring, accurately representing traction in models is a key
priority. Other aspects of wheeled vehicle dynamics influ-
ence tyre performance and must therefore be taken into
account to ensure high accuracy in computer simulations.
The interaction between a vehicle and the road - including
handling, stability, comfort, and safety - largely depends
on tyre behaviour, which is the main focus of modelling.
A vehicle tyre is most effectively described using its own
coordinate system, illustrated in Figure 1. The wheel is
subjected to three forces and three moments. Additional
variables, such as slip angle « and camber angle ¢ , also in-
fluence vehicle behaviour.

Road plane

\<'— Wheel-spin axis

Figure 1. Tyre coordinate system, forces, and torques
Note: F, - longitudinal forces, F, - lateral forces, F, - vertical force, M, - rolling moment, M, - rolling resistance moment, M, - aligning

torque, a - slip angle, & — camber angle
Source: B. Jacobson et al. (2016)

From the perspective of vehicle motion, tyres are re-
sponsible for carrying vertical loads, generating longitu-
dinal (braking and traction) and lateral (steering) forces,
enabling movement with minimal energy loss, minimising
tyre wear and particulate emissions, and maintaining a
moderate noise level.

Modelling and simulation

in wheeled vehicle dynamics: Tyre model architecture
As testing all possible parameter combinations would re-
quire considerable time and resources, engineers rely on

134

mathematical models and computer simulations to predict
vehicle behaviour under a variety of conditions. This ap-
proach enables the precise calibration of all systems with-
out the need for additional on-road testing sessions. Fig-
ure 2 shows a tyre model for each wheel and its integration
into a broader model of the vehicle, driver, and environ-
ment. It is important to distinguish between parameters
and variables in the model, as tyre modelling involves the
use of dynamic models to simulate processes. Within each
simulation, parameters remain constant, while variables
change over time (Jacobson et al., 2016).

Information Technologies and Computer Engineering, 2025, 22(2)
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Figure 2. Tyre model architecture

Source: B. Jacobson et al. (2016)

Operating variables are the changing operating con-
ditions illustrated in Figure 2 that vary throughout a
single driving cycle. Examples of operating variables in-
clude longitudinal speed, tyre slip ratio, camber and toe
angles, and the vertical load acting on the tyre, as shown
in Figure 1. The vertical force on the tyre can either be
modelled as a time-dependent function or as a displace-
ment amplitude across different frequencies, where dis-
placement refers to the deviation from the mean value.
In the latter case, the mean value would be considered
a parameter rather than a variable. The latter approach
may be more efficient when simulating extended driv-
ing cycles, where tracking every wave-like fluctuation
would be computationally inefficient. The physical re-
sponse variables are transmitted from the tyre model to
the vehicle model and consist of forces and moments, as
illustrated in Figure 1. These include longitudinal F, and
lateral forces F, rolling moment M, rolling resistance
moment M, and aligning torque M,.

Design parameters, selected by engineers during the
tyre development process, include the properties of the
rubber compound, the number of rubber layers, and the
tyre dimensions — such as the outer radius, width, and as-
pect ratio (width-to-height). Tyre pressure is also a key pa-
rameter. Design parameters additionally encompass tread
pattern, tread depth, and groove design. Tread-related
parameters are particularly important for understanding
tyre behaviour under challenging conditions such as rain
or snow. Operational parameters change relatively slowly
and are therefore considered constant throughout a sin-
gle driving cycle. These include the type of road surface
(e.g. asphalt or gravel), its condition (dry, wet, snowy, or
icy), the degree of tyre wear, the tyre’s service age, as well
as environmental temperature and humidity.

Behavioural response variables may be modelled as
behavioural rather than physical variables. The choice
depends on the purpose of the simulation and the type
of model being used. Such variables include slip charac-
teristics, rolling resistance coefficient, vertical stiffness,
and damping coefficients. When using behavioural rather
than physical variables, the variables act as model coeffi-
cients rather than measurable physical quantities. A model
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coefficient requires a consistent model for correct interpre-
tation, whereas a physical quantity does not.

Slip angle is a key indicator of tyre orientation in ve-
hicle dynamics. It is shown in Figure 3 and defined as the
angle between the velocity vector v and the x-axis, meas-
ured around the z-axis. From a tyre modelling perspective,
the slip angle is a variable that determines the magnitude
of the forces acting on the wheel.

The set of forces generated through tyre-road contact
is considered to act at the centre of the contact patch. The
interaction between the tyre and the road surface gener-
ates a system of forces comprising three forces and three
moments, as illustrated in Figure 3:

Figure 3. Slip angle in the tyre coordinate system
Note: F, - longitudinal forces, F, - lateral forces, F, - vertical
force, M, - rolling moment, My - rolling resistance moment, M, -
aligning torque, a - slip angle, y — camber angle
Source: B. Jacobson et al. (2016)

1. Longitudinal force F, - the force acting along the
x-axis. F, >0 when the vehicle is accelerating, and F, <0
when braking.

2. Normal force F, - the vertical force. The resulting
normal force F,> 0 when directed upwards. This force is
also referred to as the wheel load.

3. Lateral force F, - the force tangent to the road sur-
face and orthogonal to both F and F,. The resulting lateral
force F, > 0 when directed along the y-axis.

Thus, at the tyre-road contact point, a system of forc-
es and moments arises that defines the vehicle’s dynamic
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behaviour. The longitudinal force governs acceleration
and braking, the normal force represents the vertical load
response and determines potential grip, while the lateral
force resists sideways slip. The interaction among these
three forces is essential for understanding how forces are
transmitted between the wheel and the road, and for fur-
ther modelling of vehicle motion.

Main approaches to tyre behaviour modelling

Historically, most tyre models have been developed for spe-
cific purposes, with varying levels of complexity and accu-
racy. This has led to the emergence of different modelling
approaches. A model may be designed either for use in re-
al-world experiments or based on the theoretical under-
standing of the tyre’s physical structure. Some models are
relatively simple but less accurate (Gillespie, 1994).1n gener-
al, existing tyre models can be categorised into four groups:
1) empirical, 2) semi-empirical, 3) based on simplified
physical models, and 4) based on complex physical models.

Empirical models are mathematical representations
of tyres that describe measured tyre characteristics using
look-up tables, mathematical formulas, and interpola-
tion schemes. These formulas follow a defined structure
and contain parameters typically estimated through re-
gression procedures to best fit the measured data. A well-
known empirical model is the Magic Formula Tyre Model.
Semi-empirical models, such as those developed using the
method of similarity, rely on a set of characteristics usually
derived from experimental data. By applying deformation,
scaling, and multiplication, new relationships are gener-
ated to describe specific conditions. This approach is par-
ticularly useful for implementation in simulation models
of wheeled vehicles where rapid computation is required.

The relatively simple physical models of the third cate-
gory, such as the brush model, are particularly valuable for
gaining a clearer understanding of tyre behaviour. These
models offer a simplified yet effective means of analysing
tyre-road interaction, allowing for the rapid assessment of
key dynamic characteristics without excessive computa-
tional complexity. They serve as a foundation for basic sim-
ulations and are especially suitable during the early stages
of model development. The final category includes mod-
els aimed primarily at a more detailed analysis of tyre be-
haviour. For instance, complex models based on the finite
element method fall into this group. These models enable
highly accurate simulation of the tyre’s internal structure,
stress and strain distribution, and the complex nonlinear
effects that arise during operation. They allow for in-depth
investigation of thermal conditions, wear resistance, and
other physical phenomena that are critical for optimising
tyre characteristics at the micro level.

Empirical tyre models. Developing physical models
that accurately reflect the principles by which forces act on
tyres is a complex and time-consuming task. This process
can be optimised by employing empirical models. To reduce
the number of parameters requiring calibration, curve-fit-
ting techniques are often used, applying trigonometric and
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exponential functions. Such models can be applied to vari-
ous types of data with similar properties, and therefore are
useful for describing tyre behaviour under load.

There are numerous heuristic models with varying
degrees of curve approximation to experimental data. The
simplest option is a linear approximation:

F=C s, (1)
where F_ is the longitudinal force generated in the tyre-
road contact area, C_is the stiffness coefficient, and s_is
the degree of longitudinal slip.

This model assumes that the force F, is proportional to
the slip ratio, and the proportionality coefficient C_ reflects
the tyre’s resistance to deformation under slip. This type of
approximation is linear and suitable for small values of s ,
where tyre behaviour remains within the linear range.

TMsimple and TMeasy are two heuristic curve approx-
imation models. The TMsimple model is shown in Figure 4,
and the TMeasy model in Figure 5. TMsimple is a simplified
version of TMeasy. For example, TMsimple does not allow
the specification of a maximum force at a given slip level.
Additionally, TMsimple considers only forces and does not
account for moments acting on the tyre. The TMeasy model
is described in the study by W. Hirschberg et al. (2007).

force, F [N]

slip, s

Figure 4. TMsimple model
Note: C, is the stiffness coefficient, F,  is the force at the onset of
slip, F_ is the force at loss of grip
Source: C.Lex (2015)

5 A

adhesion/
sliding

——— ————____fullsliding

adhesion

i

Figure 5. TMeasy model
Note: F| is the lateral force, s is the slip value
Source: W. Hirschberg et al.(2007)
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The choice between TMsimple and TMeasy depends
on the trade-off between required modelling accuracy and
computational efficiency. TMsimple is generally used for
preliminary analysis or when computation speed is a pri-
ority, whereas TMeasy offers higher accuracy at the cost
of increased computational demand. The selection of a
particular model is guided by task requirements, available
resources, and the acceptable level of error in the results.

The most well-known empirical model is the Magic
Formula, proposed by H.B. Pacejka (2007). This approach
uses trigonometric functions to fit experimental data. The
formula can be expressed as follows:

F=y(x)=D-sin(C-arctan (B-x-E- (B-x-arctan (B-x)))), (2)
YX)=y®)+S, 3
Slip=x=X+X,, 4

where B is the stiffness factor, C is the shape factor, D is
the peak value factor, and E is the curvature factor describ-
ing the shape of the curve. The variable x is the slip angle
(or longitudinal slip ratio). F is the longitudinal or lateral
force, depending on the tyre’s orientation. Additional pa-
rameters, S, and S, are used to shift the curve horizontally
and vertically, ensuring that it passes through the origin.
The relationship between these parameters and the slip/
friction characteristics of the tyre is illustrated in Figure 6.

A

Sh

Figure 6. The Magic Formula tyre model
in the coordinate plane
Note: X-axis is the slip angle, Y-axis is the normalised lateral
force, B, C, D are the stiffness, shape, and peak value parameters,
respectively, S, is the horizontal shift, S, is the vertical shift
Source: H.B. Pacejka (2007)

The name Magic Formula reflects the fact that the
model has no direct physical derivation. Instead, it is the
result of carefully selected mathematical expressions that
best approximate the tyre’s experimentally observed be-
haviour. The key idea behind the formula is to represent
the longitudinal force F,, lateral force F,, and aligning mo-
ment M, as functions of longitudinal slip s, slip angle «,
vertical load , and other parameters that capture the spe-
cific characteristics of the tyre. Each of the three output
quantities - F, F,M, - is calculated using a similar core
formula, but with a distinct set of coefficients that are
themselves functions of the vertical load.
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The approximation of tyre characteristics using the
Magic Formula begins with experimental measurements.
Tyres are tested on specialised rigs under various slip con-
ditions — both longitudinal and lateral — and at different
levels of vertical load. During these tests, the correspond-
ing longitudinal and lateral forces are recorded. For each
characteristic, a baseline functional relationship is select-
ed. The values of the coefficients B, C, D, E, V, along with
their dependence on vertical load, are then adjusted so that
the curve generated by the Magic Formula tyre model close-
ly matches the experimental data. This process employs a
range of curve-fitting techniques. One commonly used
method is the least squares method, which minimises the
sum of squared differences between the measured values
and those calculated using the Magic Formula. In addition,
optimisation algorithms, such as genetic algorithms, are
often applied. These iteratively modify the coefficients to
achieve the best possible alignment with the empirical data.

After determining the optimal coefficient values for
various fixed vertical load values, approximating func-
tions are constructed to describe the dependence of each
coefficient on F,. This enables the model to predict tyre
behaviour across a continuous range of vertical loads with-
in the tested interval. The final model, with its defined co-
efficients, is then validated by comparing its predictions
with experimental data not used during the approximation
stage. This ensures that the model’s accuracy is assessed
using independent data sets.

The use of the Magic Formula in tyre modelling offers
both advantages and limitations. One of its key strengths
lies in its high approximation accuracy, as it aligns closely
with experimentally measured tyre characteristics across a
broad range of operating conditions. The model is defined by
a relatively small set of coefficients, which makes it conven-
ient for use in computer simulations. Although the formula
lacks a direct physical derivation, its empirical nature al-
lows it to effectively capture the complex, nonlinear behav-
iour of tyres — something that is difficult to achieve through
purely theoretical methods. However, the absence of phys-
ical meaning behind the model’s coefficients also presents
a drawback: it complicates the prediction of these param-
eters when simulating new tyres that have not been previ-
ously tested. In practice, this limitation is often mitigated
by design inheritance, as manufacturers typically build on
earlier developments when designing new tyres. Another
disadvantage is the difficulty in extrapolating the model’s
predictions beyond the range of the original test conditions.

Semi-empirical tyre models. This category includes
models specifically developed to represent the tyre as a
component of wheeled vehicles within vehicle simulation
environments. The modelling approach is termed semi-em-
pirical because, although the models are based on measured
data, they may incorporate structures that are rooted in
physical modelling. Prior to the development of semi-em-
pirical models, various types of mathematical functions
were used to describe lateral grip force characteristics.
However, these often yielded only coarse approximations
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of the data. To improve accuracy, tables of measured data
points were employed alongside interpolation schemes.

Significant progress in tyre modelling has been
achieved through the introduction of the similarity meth-
od. This approach, proposed by E. Bakker et al. (1987), is
used to simplify and model tyre behaviour under various
conditions by relying on the concept of similarity to known
(reference) conditions. The method employs empirical data
from tyre testing to construct a reference model, which is
then adjusted to simulate a range of real-world scenarios.
This enables the application of simple mathematical oper-
ations to modify tyre characteristics according to different
loading parameters.

Tyre models have been applied across various fields.
Their most widespread use is in the automotive industry,
particularly in the development of new tyres. Tyre manu-
facturers use these models to test prototypes, while vehicle
manufacturers rely on them to predict vehicle behaviour,
traction, stability, and durability. Crash testing and safety
studies also depend on tyre models to analyse vehicle re-
sponse during emergency braking or cornering situations
(Rajamani, 2006). Motorsport represents a segment of the
automotive industry that provides opportunities to experi-
ment with tyre models under more predictable conditions,
such as fixed track layouts and known weather patterns
(Beckman, 1991). Although models developed for racing
applications may not always be suitable for conventional
road use, innovations in tyre design introduced through
motorsport can often be transferred to commercial vehicles.

Another promising area for the application of tyre
models is the simulation of various road conditions and the
behaviour of wheeled vehicles. This involves the use of a
virtual environment designed in accordance with the sim-
ulation objectives. Examples of such environments include
automotive and racing simulators, which are used both to
improve driving skills and to predict vehicle performance
under specific driving strategies. For instance, when com-
pleting a racing lap, a balance must be maintained between
cornering speed and tyre temperature, as excessive heating
can degrade the vehicle’s dynamic performance. Given the
high costs associated with motorsport, simulator testing
using realistic tyre models significantly reduces the risk
of dangerous situations. Tyre wear models for heavyduty
vehicles also play an important role in the logistics sector,
helping to forecast tyre condition and estimate mainte-
nance costs for commercial fleets.

Specialised computer tools for obtaining test data

The development of a tyre model requires a substantial vol-
ume of test data, which can be collected from vehicles op-
erating under real-world conditions. The task of acquiring
test data on the forces acting on a tyre can be divided into
two components: data collection from the tyre itself and the
storage of this information for further analysis. To measure
the forces acting on a tyre in real time, strain gauge sensors
are used. These sensors are embedded into the tyre or wheel
to record deformations occurring during motion, allowing
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accurate determination of the forces affecting the tyre
under actual operating conditions. A strain gauge sensor
operates on the principle of changes in the electrical resist-
ance of a conductor under mechanical deformation. When
a force is applied to a tyre, it alters its shape, as does the
attached strain gauge sensor, which deforms accordingly.
The sensor’s strain-resistive element consists of a thin wire
or foil, whose resistance varies under tension or compres-
sion (Tuononen, 2009). This change in resistance is regis-
tered by an electronic circuit, such as a Wheatstone bridge
(Wheatstone, 1843), which converts it into a voltage signal.
The signal is then processed by a microprocessor to deter-
mine the force responsible for the deformation. In this way,
strain gauge sensors make it possible to measure the me-
chanical loads acting on the tyre during motion.

Optical deformation sensors, which monitor changes
in tyre shape under load, are also commonly used. The op-
erating principle of an optical sensor is illustrated in Fig-
ure 7. A light-emitting diode (LED) is affixed to the tyre’s
inner liner. A lens focuses the infrared light emitted by
the LED and directs it onto a position-sensitive detector
(PSD). The position of the light spot on the PSD, relative
to its current state, is used to determine the measured
data (Tuononen, 2009).

Wheel rim

Figure 7. Operating principle of an optical sensor
Source: A.]. Tuononen (2008)

A common issue when processing data from physical
sensors on a moving vehicle is the presence of vibrations,
which introduce noise into the signal. The measurement
of forces acting on the tyre is no exception. Interference
resistance of measuring instruments during vehicle motion
is critically important, as vibrations, impacts, and electro-
magnetic disturbances can significantly affect measure-
ment accuracy. The simplest way to mitigate interference
is mechanical vibration filtering through the use of damp-
ing materials within the sensors. However, electronic fil-
tering using low-pass filters to suppress signal oscillations
and calculate average signal values over a set time interval
is a more versatile solution, as it does not require modifi-
cations to the measuring instruments. Electronic filtering
can be implemented either at the hardware level or applied
post-ride during data processing.

The collected data are stored using specialised com-
puter systems. These systems are developed separate-
ly, taking into account the requirements of the testing

Information Technologies and Computer Engineering, 2025, 22(2)
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environment, such as data frequency and volume. Figure 8
shows a diagram of the interaction between components in
a standard automotive telemetry system.

Wireless module

Power supply

I RTC Fa Embedded controller @wl

b

Removable
compact flash
memory card

—>
Sensor

inputs

Figure 8. Standard automotive telemetry system
Source: J.R. Chandiramani et al. (2014)

In the diagram above, sensors transmit data to an em-
bedded controller, which is designed to process signals and
convert analogue inputs into digital form. A Real-Time
Clock (RTC) module is used to timestamp the data for re-
cording into a log file, which is stored on a removable data
carrier (Chandiramani et al., 2014). The log file format is
predetermined according to the requirements for data stor-
age. Existing formats are generally classified as either text-
based or binary. Comma-Separated Values (CSV), Control-
ler Area Network (CAN), and Data Logging Configuration
(DLC) formats enable data analysis without the need for
additional software, as they are stored in plain text. Howev-
er, they require the recording of additional service informa-
tion (such as delimiters, keys, and time stamps). In contrast,
binary formats, such as Measurement Data Format (MDF),
require dedicated reading tools but support the creation
of hierarchical multi-channel systems. Since tyre sensors
may operate at different frequencies, data from each sen-
sor are recorded as a separate data channel with individual
attributes, which are stored as channel metadata. As the
most widely used format in the automotive industry, MDF
provides lossless data compression and indexing, enabling
efficient file access and rapid search capabilities.

However, saving to an MDF file is most effective when
handling large volumes of data. Its complex multi-chan-
nel structure increases the likelihood of errors during the
writing or reading processes. Therefore, alternative log file
formats — less common in the automotive sector — should
be considered for tyre data collection. One such format is
European Data Format (EDF). This is a binary file format
designed for storing multi-channel biosignals such as elec-
troencephalogram (EEG), electrocardiogram (ECG), and
other physiological signals (Kemp & Olivan, 2003).

The structure of an EDF file is considerably simpler
than that of an MDF. Metadata such as the date and time
of the recording start, the number of channels, signal
names, data sampling frequency, and scaling coefficients
are written first. This is followed by signal data recorded
in binary format, with the selected sampling rate applied
individually to each data channel. The extended version,
EDF+, allows for the insertion of annotations at any point
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during the recording, as well as support for variable-length
records. A significant limitation of both EDF and EDF+
formats is the inability to append data once the file has
been closed. Since this format is predominantly used in
the medical field - where the recording duration is usually
known in advance - this constraint has not posed a serious
issue. However, in applications involving wheeled vehicle
dynamics, the duration of a test drive cannot always be
predicted beforehand.

Modifying the EDF+ format to allow data to be append-
ed after the file has been closed could address this issue
and broaden its range of applications. This would enable a
one-to-one correspondence between a vehicle test session
and a single generated log file, eliminating the need to lat-
er merge multiple files. Such a modification would simplify
the data collection process while also reducing the risk of
errors during post-processing.

The evolution of modelling methods and machine
learning approaches for parameter identification
Empirical and semi-empirical models can be considered
relatively simple compared to physical tyre models, which
require numerous parameters that vary over time at high
frequency. However, the task of identifying the parameters
of an empirical model is not trivial. For example, when us-
ing the Magic Formula tyre model (2), the modelling pa-
rameters B, C, D, and E must be selected in such a way that
the correlation between the model’s outputs and the values
obtained from physical experiments does not exceed the
acceptable margin of error. Parameter selection is critical
to successful model construction. The task of determining
the parameters of an empirical tyre model is complex and
may depend on several factors, including the number of
model parameters, the computational speed, and the accu-
racy of data correlation.

Historically, the process of selecting parameters for
empirical tyre models has undergone several stages of de-
velopment, in parallel with advances in the computational
power of computer systems. In the early stages of comput-
er modelling, parameters were selected by engineers based
on their experience and through iterative trial and error,
visually assessing the fit between approximated curves and
experimental data. Later, simple optimisation algorithms
such as the Gauss-Newton method (Gratton et al., 2007) or
the least squares method were introduced. These required
the engineer to provide initial parameter estimates. With
the advancement of computational technologies, more
sophisticated and efficient optimisation algorithms be-
came widely used, including the LevenbergMarquardt al-
gorithm, the conjugate gradient method, and evolutionary
approaches such as genetic algorithms. These methods en-
abled the automation of the parameter selection process by
minimising the error between modelled and experimental
data, while significantly reducing dependence on the initial
parameter estimates.

A current trend in tyre model parameter selection is
the application of multi-objective optimisation (Li, 2025).
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In real-world parameter fitting tasks, it is often necessary
to simultaneously optimise several criteria — for instance,
longitudinal and lateral force accuracy, computational
speed, and the robustness of parameters to noise in experi-
mental data. Multi-objective optimisation methods make it
possible to identify compromise solutions that best satisfy
all these requirements. There is also increasing reliance on
technologies for storing, transmitting and processing large
volumes of data. As the amount of experimental data col-
lected by tyre manufacturers and research organisations
grows, it becomes possible to apply big data analysis tech-
niques to identify patterns and develop more generalised
and accurate models.

Physics-informed machine learning (Karniadakis et
al., 2021) combines the strengths of machine learning with
existing physical knowledge about tyre behaviour. Instead
of relying entirely on empirical data, physical constraints
and equations can be integrated into the machine learning
training process. This enables the development of models
that are more physically grounded and generalisable. In
practice, the task can be formulated as the identification of
model parameters that minimise computational error.

These characteristics of parameter identification high-
light the relevance and suitability of machine learning
methods for tyre modelling. The advantages of using ma-
chine learning methods include:

7 the ability to process large volumes of data (i.e.
real tyre characteristics on which the model is based);

7 automatic identification of optimal parameters,
provided the tools are appropriately configured,;

7 flexibility in the choice of optimisation methods;

7 robustness to data noise through the applica-
tion of regularisation techniques, which enhance model
generalisation;

7 an iterative training approach, gradually improv-
ing parameters at each step.

Since the identification of tyre model parameters de-
pends directly on the quality and quantity of available
experimental data, as well as on the experience of the en-
gineer responsible for parameter selection, recent decades
have seen growing interest in applying machine learning
as either an alternative or complementary approach to
tyre modelling. This offers the potential for significant
improvements in the accuracy and efficiency of parameter
identification, as well as in the generalisability of the re-
sulting models. One of the most promising trends is the use
of machine learning methods to enhance both the accura-
cy and efficiency of the parameter identification process.
In contrast to traditional optimisation algorithms, which
may become trapped in local minima or require substantial
computational resources, machine learning methods offer
greater flexibility.

Neural networks, owing to their ability to approximate
complex nonlinear functions, have become a powerful tool
for directly predicting tyre model parameters based on
measured characteristics. In this approach, a neural net-
work is trained on a large set of experimental data, where
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the input consists of measured tyre forces and moments
under varying slip and load conditions, and the output
comprises the corresponding parameters of the selected
tyre model. Once trained, the neural network can process
new sets of experimental data and quickly predict a set of
tyre model parameters that best describes the data. This
can significantly reduce the time required for parameter
identification, particularly when dealing with a wide range
of tyre types or when the model needs to be rapidly adapted
to new experimental data.

The study by J. Wang et al. (2018) demonstrates the ca-
pabilities of multilayer neural networks for directly predict-
ing the parameters of empirical tyre models — specifically,
the parameters of the Magic Formula tyre model — based on
measured longitudinal and lateral forces, vertical load, and
slip angle. A key advantage of neural networks lies in their
universal approximation ability, which enables them to
model complex nonlinear relationships without the need
to predefine the exact functional form of these dependen-
cies. After successful training on a sufficiently large and
representative experimental dataset, the trained network
can quickly and efficiently generate parameter sets for new
tyre types or under varying operating conditions. However,
one significant drawback of neural networks remains their
“black-box” nature, which makes it difficult to interpret
the predicted parameter values in terms of the physical
properties of the tyre materials and construction. Moreo-
ver, the performance of the network is highly dependent on
the quality and volume of training data, while the training
process itself can be resource-intensive and requires care-
ful tuning of numerous parameters to achieve optimal per-
formance and avoid overfitting.

The Support Vector Machine (SVM) method is another
machine learning tool that can be applied both to classifi-
cation tasks and to the identification of necessary tyre pa-
rameters, as demonstrated by J.H. Lee et al. (2023). Based on
measured tyre characteristics, SVM can classify tyres into
specific categories, such as tread type or intended use. This
classification can assist in selecting an initial tyre model
or in defining a range of expected parameter values. Using
SVM, it is possible to train a model to predict a range of po-
tential parameter values for a specific tyre type based on its
general characteristics. This is useful for identifying inter-
vals of tyre performance, such as the optimal temperature
range for rubber operation. When comparing SVMs with
neural networks, SVMs often exhibit better generalisation
capability with smaller datasets and are less prone to over-
fitting. However, neural networks are typically more effec-
tive at approximating highly complex nonlinear relation-
ships, particularly when large volumes of data are available.

Regression trees, which include Random Forest and
Gradient Boosting, are ensemble machine learning methods
that construct multiple decision trees and combine their
predictions to achieve more accurate results. These meth-
ods are particularly well-suited for identifying complex
nonlinear relationships between measured tyre character-
istics and their corresponding model parameters. Random
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Forest builds a large number of independent decision trees
using random subsets of data and features, then averag-
es their predictions. Gradient Boosting, in contrast, builds
trees sequentially, with each new tree aiming to correct
the errors made by the previous ones. Regression trees can
effectively capture complex interactions between various
measured tyre characteristics and their influence on model
parameters, which can lead to more accurate parameter es-
timation, especially when the relationships are nonlinear.

The study by M.A. Jabbar et al. (2024) introduced a
novel machine learning algorithm, EDTSTACK, which
combines multiple decision tree methods using stacking

techniques. The model achieves 99% accuracy in classi-
fying tyre condition based on tread depth. Similarly, the
study by H. Song et al. (2024) highlights the effectiveness
of using regression trees to predict tyre parameters dur-
ing the manufacturing process. Despite their high perfor-
mance, interpreting complex ensemble models can be less
straightforward compared to individual decision trees or
some linear models. Furthermore, training these mod-
els — particularly large ensembles — can require substan-
tial computational resources. The advantages and disad-
vantages of the discussed machine learning methods are
summarised in Table 1.

Table 1. Comparison of machine learning methods for tyre modelling

Method Model type

Data types

Advantages Disadvantages

Linear regression Statistical

Numerical

Limited to linear
relationships

Simple to implement
and interpret

Neural networks Deep learning

Numerical, image-based

Capable of modelling
complex nonlinear
relationships

Requires large volumes
of highquality data;
difficult to interpret

Support Vector

Machines Classification / Regression

Numerical

Performs well with a
large number of features

Poor scalability; complex
parameter tuning

High accuracy; less

Random forest Ensemble Numerical, categorical prone to overfitting Lower interpretability
High accuracy, Requires extensive
Gradient boosting Ensemble Various compatible with q

tuning

different data types

Source: developed by the authors

In summary, neural networks are a versatile tool for
modelling complex nonlinear dependencies between tyre
characteristics and their corresponding model parameters.
However, they require large volumes of high-quality data
and substantial computational resources, and they often
lack interpretability. The support vector machine method
is effective for classification tasks and can be useful for pre-
liminary analysis and model selection, particularly when
data availability is limited. Ensemble methods offer high
predictive accuracy and robustness against overfitting, ef-
ficiently handling complex dependencies, although their
interpretation may be more challenging.

Models trained on large and diverse datasets are better
equipped to predict tyre behaviour under conditions not
explicitly represented in the training data. Certain machine
learning methods (e.g. neural networks with automatic archi-
tecture selection) can assist in identifying the most suitable
functional form for describing tyre characteristics. Machine
learning techniques also tend to be more robust to noise and
errors in experimental data and can yield acceptable results
even in the presence of incomplete information. Therefore,
integrating machine learning methods into the process of
tyre model parameter selection represents a promising di-
rection that may lead to significant advances in the accuracy,
efficiency, and versatility of vehicle dynamics simulation.

Conclusions
The present study focused on analysing current trends in
the development of computational modelling in the context
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of tyre model parameter selection and identifying opportu-
nities to improve existing approaches through the applica-
tion of machine learning methods such as neural networks,
support vector machines, and ensemble techniques. Their
advantages and limitations in tyre modelling and param-
eter identification tasks were also examined. The analysis
demonstrated that each of the methods considered pos-
sesses unique strengths and constraints, and their suita-
bility depends on specific requirements for accuracy, the
volume of available data, and the need for interpretability.
Therefore, the aim of the study can be considered achieved,
as a comparative analysis of key machine learning methods
in the context of tyre modelling has been conducted.

The study involved a review and analysis of the ap-
plication of neural networks for determining tyre mod-
el parameters, highlighting their ability to approximate
complex nonlinear relationships and their rapid prediction
performance after training. The use of the support vector
machine method for classifying tyre characteristics and
providing preliminary estimates of parameter ranges was
also examined, with its effectiveness noted in scenarios
involving limited data and its strong generalisation capa-
bility. Particular attention was given to ensemble methods,
which demonstrated high accuracy and robustness in pa-
rameter identification tasks.

The findings underscore the importance of machine
learning methods in enhancing the tyre modelling process.
The application of these methods improves the accura-
cy of tyre characteristic approximation, reduces the time
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required for parameter selection, and enhances the gen-
eralisation ability of the models. Conceptually, the study
confirms the growing trend towards integrating intelli-
gent algorithms into traditional engineering approaches,
opening new possibilities for developing more realistic
and efficient virtual models of vehicles. The significance
of these findings lies in providing a clear understanding of
the current capabilities and limitations of various machine
learning methods in the context of tyre modelling, which is
essential for the further advancement of this field.
Obtaining test data for machine learning requires the
use of specialised computer systems capable of collect-
ing data from different sensors independently, in order

Future prospects in this area include the development of
hybrid approaches that integrate the strengths of differ-
ent machine learning methods, as well as active research
into physics-informed machine learning techniques, which
combine empirical data with existing physical knowledge
of tyre behaviour to create more accurate, interpretable,
and generalisable models.
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AHoTauig. MeTomo mociiakeHHs 6yB aHali3 KIOUOBMUX aCMeKTiB AMHAMIKM KOJIiCHOI TEXHIKM Ta OL[iHKa e(eKTMBHOCTI
3aCTOCYBaHHSI CyuyaCHMX METO[iB KOMITIOTEDHOTO MOJETIOBAaHHS B TIpolleci MpOeKTYBaHHS TPAHCIIOPTHUX 3aco6iB.
V poboTi pos3rsimanuch OCHOBHI mapameTpy, IO BIUVIMBAIM Ha POOOTY IIMH, 30KpeMa CWIM, MOMEHTH, KyT KOB3aHHS,
BepTHKaJbHe HAaBaHTasKeHHSI Ta B3a€MO3B 13K/ Misk HUMU. By/10 06I'PYHTOBAHO JOLIbHICTh BUKOPUCTAHHS MOJIETIOBAHHS
I1s1 3a6e3MeueHHsT HeOOXiTHOTO PiBHS 3uerieHHs, KepOBaHOCTI Ta KOM(OPTHOCTI iz, yac KepyBaHHS TPAHCIIOPTHUMU
3acobamu. 3pilicHeHo kinacubikaliio icHyrouMx Mopesneit MMWH 3 TIOLIOM Ha eMITipMYHi, HamiBeMIipuyuHi Ta ¢i3nuHi
Mogesi, HaBeieHO iX MOPiBHSIbHIIT aHAJTi3, BU3HAUEHO [TepeBary Ta 06Me>XKeHHS KOsKHOTO TUITy. Oco61MBY yBary nmpuaiieHo
«MariuHiit popmysmi» Mozeni mH, SIka BUKOPUCTOBYETHCS IJ1s1 BU3HAUEHHSI XapakTepUCTUK IIMH. B Mexkax qocIiykeHHS
OTIMCAHO 3aCTOCYBAHHS Liiei hopMysu IS CTBOPEHHST HAGMMKeHUX MaTeMaTUUYHMUX MOZelieit 3 BUKOPUCTAHHSIM MeTOLy
arnpoKcuMmallii KpMBUX, IO [JO3BOJISIE TOYHO OMMCYBaTM IOBENiHKY UIMH Yy Pi3HMX yMoBax ekcruryartauii. Okpemo
MpoaHaji30BaHO CyyacHi TeHJAeHIIii PO3BUTKY HIMHHUX MOJeseil i3 3aJlydeHHSIM MeTOZiB MalIMHHOTO HaBUaHHS, SIKi
JIAl0Th 3MOTY aBTOMATM3yBaTM MpOIeC Migbopy mapamMeTpiB i MigABMIIUTY TOUYHICTh MonemioBaHHs. [TokasaHo, IO
KOMILIEKCHE BMKOPMCTAHHSI METOZiB MalIMHHOTO HAaBUaHHS ¥ KOMITIOTEPHOIO MOJIETIOBAHHSI 3JaTHe ITiIBUIATU
e(deKTUBHICTh PO3POOKM IIMHHOI MPOAYKIiI Ta CIPUSITY CTBOPEHHIO iHHOBaLiifHMX pillleHb y cdepi KomicHOI TeXHiKu.
[TpakTMyHa LiHHICTb JOCTiI)KeHHS [TO/ISITa€ Y MOXK/IMBOCTI BIIPOBAKeHHSI 3alIPOITIOHOBAHMX MiJIX0/1iB [1JIs1 BIOCKOHAJeHHS
IMHAMIUHMX XapaKTePUCTYUK TPAHCIIOPTHMX 3aC06iB Ta iHIIOI KOJiCHOIT TeXHiKM, 110 TTOTEHI[iifHO MPU3Be/Ie 10 3MEHIIIEHHS
KiJTIbKOCTi I0POTOBAPTiCHUX MOTBOBUX BUIIPOOYBaHb
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