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INTRODUCTION

Lifting electromagnets are widely used in 
industrial systems for attracting, holding, and 
transporting ferromagnetic loads. Their operation 
is based on the generation of an electromagnetic 
attractive force that must be sufficient to over-
come the weight of the load and ensure reliable 

interaction between the load and the poles of the 
electromagnet. In conventional applications, the 
attracted body is brought into contact with the 
poles. However, in some electromechanical sys-
tems, a lifting electromagnet can also operate as 
an electromagnetic suspension device, where the 
load is maintained at a prescribed distance from 
the poles without mechanical contact. In this 

Machine learning-assisted static stability region classification 
and magnetomotive force prediction for design-stage 
evaluation of a lifting electromagnet in suspension mode

Areg Grigoryan1 , Armine Avetisyan1* , Arsen Hovhannisyan1

1	 Automation and Electromagnetic Systems Research Laboratory, National Polytechnic University 
of Armenia, Armenia 

* Corresponding author’s e-mail: arm.avetisyan@seua.am

ABSTRACT
Lifting electromagnets are widely used for attracting, holding, and transporting ferromagnetic loads. In addition 
to contact-based operation, in which the load is brought into direct contact with the electromagnet poles, such 
systems can also function as electromagnetic suspension devices, where the load is maintained at a specified air 
gap without mechanical contact with the poles. In this case, static admissible operation is defined by the balance 
between the load weight and the electromagnetic attractive force within allowable air-gap and force limits. This 
study proposes a machine learning-assisted framework for static stability-region classification and magnetomotive 
force prediction in the design-stage evaluation of a lifting electromagnet operating in suspension mode. A compu-
tational database was generated from the mathematical model of the electromagnet, where the air gap g, magne-
tomotive force F, and electromagnetic attractive force were considered as the main design variables. The database 
contained 13992 calculated operating points, with g varying from 4.8 × 10–5 to 3.1605 × 10–3 m, PE from 0.22301 
to 341.715326 N, and F from 150 to 425 A·turns. The predefined static stability-region limits resulted in 448 stable 
and 13,544 unstable samples. Random Forest, Gradient Boosting, and Decision Tree classifiers were trained and 
compared using the area under the receiver operating characteristic curve (AUC) as the main metric. The Decision 
Tree Classifier achieved the best result for the considered dataset, with an AUC of 1.000 and the shortest training 
and prediction times. A regression problem was then formulated to predict the required magnetomotive force for 
specified air-gap and electromagnetic-force values. Random Forest, Gradient Boosting, multilayer perceptron, and 
CatBoost regressors were evaluated. The CatBoost Regressor achieved the highest overall prediction accuracy, 
with a coefficient of determination R2=0.999, root mean square error of 1.7933 A·turns, mean absolute error of 
1.2746 A·turns, mean absolute percentage error of 0.4630%, and a prediction time of approximately 0.000023 s. 
The obtained results show that the proposed framework can serve as a design-stage surrogate tool for rapid static 
operating-region classification and magnetomotive force prediction.

Keywords: lifting electromagnet, electromagnetic suspension, machine learning, classification, regression, stabil-
ity region, magnetomotive force.

https://orcid.org/0000-0002-4474-666X
https://orcid.org/0000-0001-8233-0684
https://orcid.org/0000-0002-4969-087X


392

Advances in Science and Technology Research Journal 2026, 20(10), 391–406

case, the air gap between the load and the poles 
becomes one of the key parameters determining 
the operating state of the system.

The design of a lifting electromagnet operat-
ing in suspended mode is similar to that of a con-
tact-type electromagnet. However, in this case, 
the key requirement is not only to generate suffi-
cient attractive force but also to maintain a stable 
balance between the load’s weight and the elec-
tromagnetic attractive force. For a given gravi-
tational force of the load PL, the electromagnet 
must provide the corresponding electromagnetic 
attractive force PE at a prescribed air gap g. Con-
sequently, the stability condition can be expressed 
as a balance between the load’s gravitational force 
and the electromagnetic attractive force. In prac-
tical electromagnetic suspension design, this con-
dition for the device must be ensured not only at a 
single operating point, but also within a specified 
stability region, defined by permissible variations 
in the air gap and attractive force.

The stability region of a lifting electromagnet 
can be defined by the permissible limits of varia-
tion of the air gap size and the electromagnetic 
attractive force. If the air gap varies between gmin 
and gmax, and the attractive force varies between 

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 

 

gmin ≤ g ≤ gmax 
 

 
𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐸𝐸 ≤ 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 

 
 

𝑦𝑦 = {1, if gmin ≤ g ≤ gmax and 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐸𝐸 ≤ 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚,
0, otherwise.  

 
𝐹𝐹 = 𝑓𝑓(𝑔𝑔, 𝑃𝑃𝐸𝐸) 

 
𝑋𝑋𝑖𝑖 = (𝑔𝑔𝑖𝑖, 𝐹𝐹𝑖𝑖, 𝑃𝑃𝐸𝐸,𝑖𝑖) 

 
𝐷𝐷𝑐𝑐 = {(𝑋𝑋𝑖𝑖, 𝑦𝑦𝑖𝑖)}𝑖𝑖=1𝑁𝑁  

 
𝑍𝑍𝑖𝑖 = (𝑔𝑔𝑖𝑖, 𝑃𝑃𝐸𝐸,𝑖𝑖) 
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0, otherwise.  
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, the electromagnet must be 
capable of producing the required force values 
throughout this region. This requirement leads to 
two important design questions. The first question 
is whether the considered electromagnet configu-
ration can provide the necessary combinations of 
g, PE, and magnetomotive force F, (F=Iw, where 
I is the coil DC current and w is number of turns) 
for all points of the stability region. The second 
question is whether the electromagnet design 
under consideration can obtain the required mag-
netomotive force without violating the permis-
sible thermal state of the control coil. Thus, the 
design process includes tasks associated with the 
need to take into account and comply with both 
electromagnetic and thermal constraints.

Classical design approaches for lifting and 
related electromagnets are usually based on mag-
netic equivalent circuits, analytical or numerical 
force calculations, parametric analysis, and finite 
element simulations [1–4]. These approaches 
provide physically interpretable results and make 
it possible to evaluate the electromagnetic force, 
magnetic flux distribution, air-gap behavior, and 
control winding parameters. However, when a 
large number of design variants and operating 
points must be analyzed, repeated solution of 

the mathematical model becomes computation-
ally demanding. This limitation is especially 
important when the designer needs to evaluate 
the behavior of the electromagnet over an entire 
stability region rather than at a single nominal 
operating point.

Machine learning (ML) and data-driven mod-
els have been increasingly used for the design, 
analysis, surrogate modeling, and optimization of 
electromagnetic devices. Li et al. reviewed recent 
developments in ML-based design optimization 
of electromagnetic devices and showed that arti-
ficial neural networks, support vector machines, 
Gaussian-process-based models, random forests, 
and deep learning methods can be effectively used 
to approximate computationally expensive elec-
tromagnetic simulations and accelerate design 
procedures [5]. Lowther discussed the broader 
role of artificial intelligence and machine learn-
ing in the design and analysis of electromagnetic 
devices, emphasizing their potential for reducing 
computational effort in engineering design tasks 
[6]. More recently, Li et al. presented a review 
of data-driven models for electromagnetic device 
design and analysis, highlighting their applica-
bility to prediction, optimization, and surrogate 
modeling problems [7]. Cheng et al. specifically 
analyzed data-driven surrogate models for elec-
tric motor design optimization, showing how 
such models can reduce the number of expensive 
numerical simulations required during iterative 
design [8]. In addition, Orosz et al. discussed 
robust design optimization and emerging tech-
nologies for electrical machines, emphasizing the 
need for efficient computational approaches in 
modern electromagnetic device design [9].

Surrogate models have also been applied to 
predict specific electromagnetic quantities and 
objective functions. Tahkola et al. used artificial 
neural networks for surrogate modeling of elec-
trical machine torque, demonstrating the appli-
cability of data-driven models to electromag-
netic performance prediction [10]. Tucci et al. 
proposed a regularized deep learning procedure 
for topology optimization of electromagnetic 
devices, showing the potential of deep learning 
in complex electromagnetic design problems 
[11]. Lei et al. developed radial basis function 
models and sequential optimization strategies for 
electromagnetic device design, demonstrating 
the usefulness of surrogate-assisted optimiza-
tion in reducing computational cost [12]. Similar 
machine learning-assisted approaches have also 
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been developed in antenna and broader elec-
tromagnetics applications, where ML and deep 
learning methods have been used for antenna 
design, optimization, and selection [13].

In the authors’ previous studies, related machi-
ne learning-assisted and hybrid heuristic–machi-
ne learning approaches were applied to electro-
magnet material and operational cost optimizati-
on [14], magnetorheological brake performance 
improvement [15], optimal design and parameter 
optimization of electromagnetic systems [16], 
[17], and automated modeling of electromagne-
tic systems with magnetorheological fluid [18]. 
These studies provide a methodological basis for 
using machine learning not only as a prediction 
tool, but also as a design-stage decision-support 
instrument for electromagnetic systems.

For electromagnetic suspension systems, the 
stability problem is primarily associated with 
maintaining the air gap within admissible limits 
while providing the required electromagnetic 
force. For this reason, a significant part of the 
existing literature focuses on air-gap control and 
dynamic stabilization of magnetic levitation in 
electromagnetic suspension systems. Zhang et 
al. proposed a model predictive control strategy 
for a magnetic levitation system using two-level 
state feedback. In their approach, measurable 
state variables, including the air gap, accelera-
tion, and control current, were used to constru-
ct a prediction model and improve the transient 
response and disturbance resistance of the levi-
tation system [19]. Similarly, Kim proposed a 
robust air-gap control method for a supercon-
ducting-hybrid MagLev intelligent conveyor 
system and demonstrated its applicability to 
stabilizing the air gap in a contactless conveyor 
system [20].

A related group of studies considers bound-
ed air-gap constraints as a safety and stability 
requirement in Maglev systems. Xu et al. devel-
oped a robust levitation control approach for 
nonlinear uncertain Maglev systems with guar-
anteed bounded air gap, where the air-gap con-
straint was introduced to prevent undesirable 
contact between the suspended chassis and the 
guideway [21]. Later, Xu et al. proposed an adap-
tive robust constrained state control method for 
a nonlinear Maglev vehicle, also emphasizing 
the importance of maintaining the air gap within 
prescribed bounds under uncertainty and external 
disturbances [22]. Sun et al. further extended this 
direction by developing a deep learning-based 

semi-supervised control method for vertical secu-
rity of a Maglev vehicle with guaranteed bound-
ed air gap [23]. These studies demonstrate that 
air-gap limitation and stability are fundamental 
requirements in electromagnetic suspension sys-
tems. However, their main focus is dynamic con-
trol and safety assurance during operation, rather 
than design-stage classification of admissible 
operating regions.

Another important research direction is the 
use of surrogate models and machine learning 
methods for fast prediction of electromagnetic 
quantities. Feng et al. proposed a shallow neu-
ral network-based surrogate model for electro-
magnetic force calculation in Maglev vehicle 
dynamics simulation. Their model was designed 
to account for spatial relative position deviations 
and was validated against finite element simula-
tion results, showing high agreement and practi-
cal applicability for dynamic simulation [24]. In 
the broader field of electrical machines, Tahkola 
et al. investigated surrogate modeling of electro-
magnetic torque using artificial neural networks 
trained on physics-based simulation data. Their 
study demonstrated that data-driven surrogate 
models can significantly improve computational 
efficiency while preserving acceptable accuracy 
in electromagnetic system analysis [10]. These 
works confirm the feasibility of replacing repeat-
ed computationally expensive simulations with 
trained prediction models when a representative 
database is available.

Data-driven and machine learning-based 
approaches have also been increasingly applied 
to the evaluation, monitoring, and optimiza-
tion of Maglev and electromagnetic suspension 
systems. Zhou et al. proposed a data-driven 
comprehensive evaluation method for an elec-
tromagnetic suspension Maglev control system, 
combining improved evaluation indices with 
grey relational analysis to assess suspension 
gap stability and operation smoothness [25]. 
More generally, recent review studies show that 
machine learning is being actively used in Mag-
lev transportation systems for modeling, con-
trol, optimization, gap prediction, fault diag-
nosis, and predictive maintenance [26]. These 
studies indicate a clear trend toward intelligent 
and data-driven analysis of electromagnetic 
suspension systems.

To better distinguish the proposed approach 
from previous studies, Table 1 compares repre-
sentative works on Maglev and electromagnetic 
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suspension systems in terms of the investigated 
system, applied method, main output, and diffe-
rence from the present study.

Despite these advances, the combined use 
of classification and regression methods for 
the design-stage analysis of a lifting electro-
magnet operating in suspension mode remains 
insufficiently addressed. In contrast to the revi-
ewed studies, the present work formulates the 
problem as a combined machine learning task: 
classification is used to determine whether cal-
culated operating points belong to a predefined 
static stability region, while regression is used 
to predict the required magnetomotive force 
for specified values of the air gap and electro-
magnetic attractive force. Thus, the proposed 
approach transforms the mathematical model 
of the lifting electromagnet into a machine lear-
ning-assisted design-stage framework for rapid 
static stability-region assessment and magneto-
motive force prediction.

The novelty of this study is the formulation 
of the lifting electromagnet design problem as a 
combined machine learning task in which a pre-
defined static stability region is used for classi-
fication of admissible operating states, while 
regression models are used to predict the magne-
tomotive force required for suspension operation. 
This provides a data-driven surrogate framework 
for rapid design-stage assessment based on a 
mathematical model of the electromagnet

The main contributions of this study are sum-
marized as follows:

1.	A static stability-region-based classification 
formulation is proposed for a lifting electro-
magnet operating in suspension mode.

2.	A computational database generated from the 
mathematical model of the electromagnet is 
used to construct a design-stage machine learn-
ing framework.

3.	Classification models are used to rapidly iden-
tify admissible and inadmissible operating 
states according to predefined air-gap and elec-
tromagnetic-force limits.

4.	Regression models are used to predict the mag-
netomotive force required for specified values of 
the air gap and electromagnetic attractive force.

5.	The predicted magnetomotive force values pro-
vide input information for subsequent evalua-
tion of control coil thermal feasibility and for 
integration into an automated design workflow.

MATERIALS AND METHODS

Lifting electromagnet and mathematical 
model

A lifting electromagnet operating in suspen-
sion mode must maintain a ferromagnetic load 
at a prescribed distance from its poles without 
direct mechanical contact. In this operating 
mode, the load is attracted by the electromag-
netic force, but it does not touch the poles of 
the electromagnet. Instead, it remains suspend-
ed at a certain air gap g. Therefore, the air gap 

Table 1. Comparison of related studies with the proposed approach

Study System / object Method Main output Difference from the present study

Zhang et al. 
[19]

Magnetic 
levitation system

Model predictive 
control

Air-gap control and 
disturbance resistance

Focused on dynamic control, whereas the 
present study addresses design-stage static 

stability-region classification and magnetomotive 
force prediction for a lifting electromagnet

Xu et al. 
[21],[22] Maglev system

Robust/adaptive 
constrained 

control

Bounded air-gap 
control

Focused on constrained control under 
uncertainty, whereas the present study 

evaluates admissible operating states without 
solving a feedback-control problem

Sun et al. [23] Maglev vehicle

Deep learning-
based semi-
supervised 

control

Vertical safety with 
bounded air gap

Focused on operational safety and control of 
Maglev vehicles, whereas the present study 

considers a lifting electromagnet in suspension 
mode

Feng et al. 
[24] Maglev vehicle

Spiking neural 
network 

surrogate model

Electromagnetic force 
prediction

Predicts electromagnetic force for dynamic 
simulation, whereas the present study predicts 
the required magnetomotive force for specified 

g and PE

Zhou et al. 
[25]

EMS Maglev 
control system

Data-driven 
evaluation

Suspension gap 
stability and operation 
smoothness evaluation

Evaluates control-system performance, whereas 
the present study uses machine learning for 

design-stage static stability-region classification 
and required F prediction
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becomes one of the most important design and 
control parameters of the system. A schematic 
representation of the investigated lifting electro-
magnet operating in suspension mode is shown 
in Figure 1. The electromagnet consists of a 
magnetic base, core, cylinder, and control coil, 
which generates the magnetomotive force F. 
The ferromagnetic load is located below the pole 
surface and is separated from it by the air gap g. 
Under excitation of the control coil, the magne-
tic flux created in the magnetic circuit gives rise 
to the electromagnetic attractive force  PE , while 
the load is subjected to the gravitational force 
PL. The objective of suspension operation is to 
maintain the load at the prescribed air gap by 
balancing these forces.

The mathematical model of the lifting elec-
tromagnet used in this study is based on the 
direct and inverse magnetic-circuit formulation 
and the electromagnetic force calculation pro-
cedure described in the authors’ previous study 
[27]. The model is based on a nonlinear mag-
netic equivalent circuit (MEC) formulation for 
a lifting electromagnet and provides a unified 
computational framework for solving both direct 
and inverse magnetic-circuit problems. In this 
formulation, the electromagnet is represented 
by the ferromagnetic regions of the base, core, 
and cylindrical sections, the working air gap, the 
attracted load, and leakage magnetic flux paths. 
The model accounts for distributed magnetomo-
tive force, nonlinear ferromagnetic reluctances, 

and leakage fluxes discretized into an arbitrary 
number of parallel branches, where the number 
of branches is selected according to the required 
solution accuracy. The nonlinear magnetic behav-
ior of the ferromagnetic components is described 
using material magnetization curves; therefore, 
magnetic saturation is included in the calcula-
tion procedure. The resulting nonlinear alge-
braic system is solved using a Newton-based 
numerical algorithm with a sparse linear solver, 
which enables efficient computation even for a 
large number of leakage-flux branches. In [27], 
the model was experimentally validated using a 
prototype lifting electromagnet fabricated from 
AISI 1045 steel and tested on the Ani-1 experi-
mental platform; the deviation between the calcu-
lated and measured lifting forces did not exceed 
6.9%. Therefore, this model was used in the pres-
ent study as a physically grounded and validated 
data-generation tool for constructing the machine 
learning database.

In the present study, the fixed structural 
parameters and material characteristics of the 
investigated electromagnet were kept unchanged. 
The main dimensions were r1 = 10.45 mm, r2 = 
25.40 mm, r3 = 27.55 mm, bld = 6.30 mm, bbs = 

7.30 mm, lcr = 29.50 mm as shown in Figure 1(b). 
The air gap g, magnetomotive force F, and elec-
tromagnetic attractive force PE were considered 
as the main variables for constructing the compu-
tational database. Each calculated operating point 
was represented by the triplet (g, F, PE).

Figure 1. Schematic representation of the lifting electromagnet operating in suspension mode.
1 – ferromagnetic base, 2 – ferromagnetic core, 3 – ferromagnetic cylinder, 4 – control coil,

5 – ferromagnetic load g – air gap,  – gravitational force of the load, – electromagnetic attractive force,
lcr – length of core and cylinder, bbs, bld – thikness of base and load, r1 – radius of the core,

r2, r3 – inner and outer radii of the cylinder (adapted from [27]) 
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The mathematical model presented in [27] 
was used here as the physical basis for data gen-
eration. Rather than repeatedly solving the model 
during design-stage analysis, the calculated data 
was organized into a computational database and 
subsequently used to train machine learning mod-
els for classification and prediction tasks.

Stability region formulation

For a lifting electromagnet operating as a sus-
pension device, the basic stability condition is 
determined by the equilibrium between the load 
weight and the electromagnetic attractive force. 
This condition can be written as

	 𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 

 

gmin ≤ g ≤ gmax 
 

 
𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐸𝐸 ≤ 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 

 
 

𝑦𝑦 = {1, if gmin ≤ g ≤ gmax and 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐸𝐸 ≤ 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚,
0, otherwise.  

 
𝐹𝐹 = 𝑓𝑓(𝑔𝑔, 𝑃𝑃𝐸𝐸) 

 
𝑋𝑋𝑖𝑖 = (𝑔𝑔𝑖𝑖, 𝐹𝐹𝑖𝑖, 𝑃𝑃𝐸𝐸,𝑖𝑖) 

 
𝐷𝐷𝑐𝑐 = {(𝑋𝑋𝑖𝑖, 𝑦𝑦𝑖𝑖)}𝑖𝑖=1𝑁𝑁  

 
𝑍𝑍𝑖𝑖 = (𝑔𝑔𝑖𝑖, 𝑃𝑃𝐸𝐸,𝑖𝑖) 

 
𝐷𝐷𝑟𝑟 = {(𝑍𝑍𝑖𝑖, 𝐹𝐹𝑖𝑖)}𝑖𝑖=1𝑁𝑁  
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2𝑁𝑁
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	 (1)

where:	PL is the gravitational force of the load 
and PE is the electromagnetic attractive 
force generated by the electromagnet.

In practical operation, exact equality between 
PL and PE at a single air-gap value is not sufficient 
for reliable suspension. The system must remain 
operational when the air gap and electromagnetic 
force vary within admissible limits. Therefore, 
a stability region is introduced, as illustrated in 
Figure 2. This region is bounded by the minimum 
and maximum allowable values of the air gap, 
gmin and gmax, and by the minimum and maximum 
allowable values of the electromagnetic attractive 
force, 

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 
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0, otherwise.  
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Let g0 be the prescribed nominal air gap, 
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 define the allow-
able range of the electromagnetic attractive force 
around the gravitational foce of the load PL. Then 
the stability region can be expressed as
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Thus, an operating point of the lifting elec-
tromagnet can be described by the pair (g’ PE). 
This point belongs to the stability region if both 
the air-gap condition and the electromagnetic-
force condition are simultaneously satisfied. Oth-
erwise, the point is considered to be outside the 
stability region.

For the considered design example, the fol-
lowing numerical values were used to define the 
static stability region:

g0 = 0.00075 m, 
gmin = 0.0005 m, gmax = 0.001 m, 
𝑃𝑃l = 10 N, 
𝑃𝑃𝐸𝐸

𝑚𝑚𝑚𝑚𝑚𝑚 = 8 N, 𝑃𝑃𝐸𝐸
𝑚𝑚𝑚𝑚𝑚𝑚 = 12 N. 

 
These values define a rectangular static stabil-

ity region in the (g’ PE) plane. The main design 
requirement is that the lifting electromagnet must 
be able to provide the required electromagnetic 
attractive force for all characteristic points of this 
region by means of an appropriate value of the 
magnetomotive force F.

The selected numerical limits define a demon-
stration design case used to test the proposed 
classification–prediction framework. They are not 
intended to represent universal industrial limits. 
In practical design, the allowable air-gap and 
force limits should be selected according to the 
load requirements, allowable displacement tole-
rance, safety margins, and thermal and electroma-
gnetic constraints of the specific application.

Based on the defined stability region, the first 
design problem is formulated as a binary classifi-
cation problem. Each calculated operating point 
is assigned to one of two classes: stable or unsta-
ble. The target class variable y is defined as:
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	(4)

Here, y = 1 denotes an operating point that 
belongs to the predefined stability region, where-
as y = 0 denotes an operating point outside this 
region. Therefore, the classification model is 
trained to identify whether a given combination 
of air gap and electromagnetic attractive force 
satisfies stability requirements.

Figure 2. Graphical representation of the
stability condition for maintaining the load

at a prescribed air gap
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The second design problem is formulated as 
a regression-based prediction problem. In this 
case, the aim is to determine the magnetomo-
tive force required to obtain a specified value of 
the electromagnetic attractive force at a given 
air gap. Therefore, the air-gap g and the elec-
tromagnetic attractive force PE are considered 
as input variables, while the magnetomotive 
force F is considered as the target variable. The 
regression model approximates the following 
functional relationship:
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The predicted values of F are important not 
only for electromagnetic performance assessment, 
but also for assessing the performance of the elec-
tromagnet based on the thermal state of the control 
coil. If the required magnetomotive force leads to 
a control coil temperature exceeding the allow-
able limit, the corresponding electromagnet design 
must be revised. Thus, the proposed formulation 
combines stability-region classification with mag-
netomotive force prediction and provides a data-
driven basis for further design verification.

In this way, the conventional mathemati-
cal model of the lifting electromagnet is trans-
formed into a data-driven static stability assess-
ment framework. In the proposed formulation, 
classification is used to identify admissible and 
inadmissible operating states with respect to 
the predefined stability region, while regres-
sion is used to predict the magnetomotive force 
required for suspension control. This combina-
tion enables rapid analysis of electromagnet 
operating conditions and reduces the need for 
repeated direct resource-intensive calculations 
during the design stage.

The formulated stability conditions define 
the basis for constructing the classification and 
prediction tasks. In the next section, the com-
putational database generated from the mathe-
matical model is described, and the machine 
learning methodology used for stability-region 
classification and magnetomotive force predi-
ction is presented.

COMPUTATIONAL DATABASE AND 
MACHINE LEARNING METHODOLOGY

The proposed machine learning-based 
approach was implemented using a computa-
tional database generated from the mathematical 

model of the lifting electromagnet presented in 
[27]. The database contains calculated operating 
points corresponding to different values of the air 
gap, magnetomotive force, and electromagnetic 
attractive force. Each row of the database repre-
sents one calculated state of the electromagnet 
and includes the variables required for classifica-
tion and prediction tasks.

The database contained 13992 calculated 
operating points, with g varying from 4.8 × 10–5 to 
3.1605 × 10–3 m, PE from 0.22301 to 341.715326 
N, and F from 150 to 425 A·turns. The predefined 
static stability-region limits resulted in 448 stable 
and 13,544 unstable samples.

Before training the machine learning mod-
els, the computational database was divided into 
training and testing subsets. The training sub-
set was used to fit the classification and regres-
sion models, while the testing subset was used 
to evaluate their generalization ability on pre-
viously unseen data. In this study, 80% of the 
data were used for training and 20% was used 
for testing. The same train–test splitting strategy 
was applied to both classification and regression 
tasks to ensure a consistent comparison of the 
considered algorithms.

The general structure of the database is as fol-
lows. The first column contains the air gap g, the 
second column contains the magnetomotive force  
F, and the third column contains the electromag-
netic attractive force PE. Therefore, each operat-
ing point can be represented as:
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where:	 i is the index of the calculated operating 
point.

For the classification task, each operating 
point was labeled according to the stability-
region conditions. If the values of gi and PE,i 
satisfied the predefined allowable limits, the 
point was assigned to the stable class. Oth-
erwise, it was assigned to the unstable class. 
Thus, the labeled dataset for classification can 
be written as:

	

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 
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0, otherwise.  
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where:	N is the total number of operating points 
in the database, Xi is the input vector, and 
yi ∈ {0,1} is the corresponding class label.

The classification problem was solved using 
three supervised learning algorithms: Random 
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Forest Classifier, Gradient Boosting Classifier, 
and Decision Tree Classifier [28]. These algo-
rithms were selected because they are suitable 
for tabular engineering datasets, can model 
nonlinear relationships between variables, and 
provide efficient classification performance 
without requiring explicit analytical expres-
sions for the decision. The main objective of the 
classification stage was to determine whether a 
given operating point belongs to the predefined 
stability region.

The performance of the classification algo-
rithms was evaluated using the area under the 
receiver operating characteristic curve (AUC), 
which was used as the main classification qua-
lity metric. Since the classification dataset was 
imbalanced, additional threshold-dependent 
metrics were also calculated, including accura-
cy, precision, recall, F1-score, and balanced 
accuracy. These metrics were used to provide a 
more complete evaluation of the ability of the 
classifiers to identify stable and unstable opera-
ting points. In addition, the confusion matrix and 
receiver operating characteristic (ROC) curve 
were analyzed for the best-performing classifi-
er to evaluate the distribution of correctly and 
incorrectly classified operating points.

For the prediction task, a regression formu-
lation was used. In this case, the purpose was 
to predict the required magnetomotive force for 
specified values of the air gap and electromagnet-
ic attractive force. Therefore, the input vector for 
the regression model was defined as

	

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 
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𝑦𝑦 = {1, if gmin ≤ g ≤ gmax and 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝑃𝑃𝐸𝐸 ≤ 𝑃𝑃𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚,
0, otherwise.  
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while the target variable was the magnetomotive 
force Fi. The regression dataset can be expressed 
as:
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Four regression algorithms were trained and 
compared: Random Forest Regressor, Gradient 
Boosting Regressor, MLP Regressor [28], and 
CatBoost Regressor [29]. These models were 
selected to compare ensemble tree-based metho-
ds, neural-network-based prediction, and gradient 
boosting approaches. The prediction performan-
ce was evaluated using the coefficient of deter-
mination (R2), mean squared error (MSE), root 
mean square error (RMSE), mean absolute error 
(MAE), mean absolute percentage error (MAPE), 
maximum absolute error, and percentage error. In 

addition, training time and prediction time were 
recorded for each algorithm to evaluate computa-
tional efficiency. The coefficient of determination 
is defined as:

	

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 
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where:	Fi is the actual magnetomotive force, 

𝑃𝑃𝐿𝐿 = 𝑃𝑃𝐸𝐸 
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the predicted magnetomotive force, and 
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is the mean value of the actual magneto-
motive force.

The complete workflow of the proposed 
methodology consists of the following stages. 
First, the mathematical model of the lifting elec-
tromagnet is used to generate the computational 
database. Second, the stability region is defined 
according to the allowable ranges of the air gap 
and electromagnetic attractive force. Third, the 
database is labeled for binary classification based 
on the stability-region conditions. Fourth, classi-
fication algorithms are trained to identify stable 
and unstable operating points. Fifth, regression 
algorithms are trained to predict the required 
magnetomotive force for specified values of g 
and PE. Finally, the predicted magnetomotive 
force values are analyzed from the viewpoint of 
electromagnetic performance and control coil 
thermal feasibility.

This methodology enables the transformation 
of a computationally intensive design procedure 
into a machine learning-assisted framework. The 
classification stage provides a rapid assessment of 
whether the considered electromagnet can oper-
ate within the predefined stability region, while 
the regression stage provides the magnetomotive 
force values required for maintaining the load in 
suspension mode.

CLASSIFICATION RESULTS AND STATIC 
STABILITY ASSESSMENT

The aim of the machine learning-assisted 
classification of the calculated operating points 
of the lifting electromagnet was to determine 
whether each operating point belongs to the 
predefined stability region. According to the 
formulation, an operating point was assigned 
to the stable class if the corresponding air gap 
and electromagnetic attractive force satisfied 
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the predefined limits. Otherwise, the point was 
assigned to the unstable class.

The classification models were trained and 
tested using the computational database. The 
input variables for the classification task were 
the air gap g and electromagnetic attractive force 
PE . The output variable, as stated above, was the 
binary class label y, where y = 1 denotes an oper-
ating point inside the stability region and y = 0 
denotes an operating point outside this region.

Three classification algorithms were com-
pared: Random Forest Classifier, Gradient Boost-
ing Classifier, and Decision Tree Classifier. The 
obtained results are summarized in Table 2.

As shown in Table 2, the classification data-
set was imbalanced, containing 13,544 samples 
of class (y=0) and 448 samples of class (y=1). 
Therefore, accuracy alone is not sufficient for 
evaluating the classification performance, and 
additional threshold-dependent metrics, includ-
ing precision, recall, F1-score, and balanced 
accuracy, were also analyzed.

All three classifiers demonstrated high per-
formance on the considered dataset. The Random 
Forest Classifier achieved an AUC value of 0.999 
and an accuracy of 0.9987. Its precision was 
equal to 1.000, while the recall was 0.9598, indi-
cating that the model did not produce false posi-
tive predictions for the stable class but missed a 
small number of stable operating points. The Gra-
dient Boosting Classifier also showed high clas-
sification quality, with an AUC value of 0.990, 
accuracy of 0.9997, precision of 0.9978, recall of 
0.9933, F1-score of 0.9955, and balanced accu-
racy of 0.9933.

The best result was obtained using the Deci-
sion Tree Classifier, which achieved an AUC 
value of 1000 and perfect values of accuracy, pre-
cision, recall, F1-score, and balanced accuracy. 
This result indicates that, for the deterministic 
static stability-region labeling rule used in this 
study, the Decision Tree Classifier reproduced 

the predefined admissible-region boundary with-
out classification errors. The feature-importance 
values also confirm that the class label is main-
ly determined by the electromagnetic attractive 
force PE and the air gap g. For the Decision Tree 
Classifier, the feature importance values were 
0.513 for PE and 0.487 for g, which is consistent 
with the definition of the static stability region in 
the (g, PE ) plane.

To further verify the robustness of the classi-
fication result, 10-fold cross-validation was 
performed for the Decision Tree Classifier. The 
obtained metrics were stable across all folds, 
with AUC = 1.0000 ± 0.0000, accuracy = 1.0000 
± 0.0000, balanced accuracy = 1.0000 ± 0.0000, 
and F1-score = 1.0000 ± 0.0000. These results 
confirm that, for the generated dataset and the 
deterministic static stability-region labeling 
rule, the Decision Tree Classifier consistently 
reproduced the predefined admissible-region 
boundary. 

The prediction time of all classifiers was very 
small, varying from 1 × 10–7 s to 7 × 10–7 s per oper-
ating point. Among the considered algorithms, the 
Decision Tree Classifier provided both the highest 
classification accuracy and the shortest training 
and prediction times. Therefore, it was selected as 
the most suitable classifier for rapid design-stage 
identification of operating points belonging to the 
predefined static stability region.

The confusion matrix obtained for the 
Decision Tree Classifier confirmed that all test-
ing points were correctly classified (Figure 3a). 
This result indicates that, for the considered 
stability-region definition and generated com-
putational database, the Decision Tree Classi-
fier was able to identify the boundary between 
admissible and inadmissible operating states 
without classification errors. The correspond-
ing ROC curve also confirmed perfect class 
separability, since the AUC value was equal to 
1.000 (Figure 3b).

Тable 2. Performance comparison of classification algorithms on the dataset
Classification 

algorithm AUC Accuracy Preci-
sion Recall F1-

score
Balanced 
accuracy

Class 
distribution

Feature 
importance

Training 
time, s

Pred. 
time,s

Random Forest 
Classifier 0.999 0.9987 1 0.9598 0.9795 0.9799 y=0: 13544,

y=1: 448
PE: 0.640807 
g: 0.359193 3 1 × 10-7

Gradient 
Boosting 
Classifier

0.990 0.9997 0.9978 0.9933 0.9955 0.9933 y=0: 13544,
y=1: 448

PE: 0.619395 
g: 0.380605 2 3 × 10-7

Decision Tree 
Classifier 1.000 1.000 1.000 1.000 1.000 1.000 y=0: 13544,

y=1: 448
PE: 0.513
g: 0.487 1 1 × 10-7
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From an engineering viewpoint, the classifi-
cation results show whether the investigated lift-
ing electromagnet configuration can provide the 
required operating states within the predefined 
stability region. Points classified as stable cor-
respond to combinations of g and PE for which 
the electromagnet satisfies the suspension condi-
tion. Points classified as unstable correspond to 
operating states where either the air gap or the 
electromagnetic attractive force lies outside the 
allowable limits.

The classification results obtained using the 
Decision Tree Classifier are shown in Figure 4. In 
this figure, the operating points belonging to the 
stability region are marked separately from the 
points located outside the admissible region. The 
obtained distribution confirms that the consid-
ered electromagnet design provides the necessary 
combinations of air gap, electromagnetic attrac-
tive force, and magnetomotive force within the 
specified stability region. Therefore, the investi-
gated design variant can be considered suitable 
for maintaining the load in suspension mode 
under the adopted stability constraints.

It should be noted that the classification model 
does not replace the physical mathematical model 
of the electromagnet. Instead, it serves as a data-
driven tool for rapid assessment of calculated oper-
ating points. Once trained, the classifier can quickly 
determine whether an operating point satisfies the 
stability requirements, thereby reducing the need 
for repeated direct evaluation of the mathematical 
model during preliminary design analysis.

This classification stage provides the first part 
of the proposed stability assessment framework. 
However, identifying stable operating points is not 
sufficient for complete design verification. It is also 
necessary to determine the magnetomotive force 
required to realize the desired air gap and electro-
magnetic attractive force. For this reason, the next 
stage of the study focuses on regression-based pre-
diction of the required magnetomotive force.

PREDICTION OF THE REQUIRED 
MAGNETOMOTIVE FORCE

Based on the training and testing results of the 
considered regression algorithms, the CatBoost 
Regressor demonstrated the best prediction per-
formance for determining the required magneto-
motive force during the design stage of the lifting 
electromagnet. This model achieved the highest 
coefficient of determination among the considered 
regression algorithms and provided a more accura-
te prediction of F for different combinations of the 
air gap g and electromagnetic attractive force PE. 
The obtained results are summarized in Table 3.

Table 3 presents the testing performance and 
computational efficiency of the considered regres-
sion algorithms. The Random Forest Regres-
sor achieved an R2 value of 0.9276, with RMSE 
= 21.6866 A·turns, MAE = 12.1498 A·turns, 
and MAPE = 4.6155%. The Gradient Boosting 
Regressor provided significantly better accuracy, 
with (R2  = 0.9986), RMSE = 2.9232 A·turns, 

Figure 3․ Confusion matrix (a) and ROC curve (b) for the Decision Tree Classifier
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MAE = 2.2464 A·turns, and MAPE = 0.835%. 
The MLP Regressor also achieved high predic-
tion accuracy, with R2 = 0.9887, but required the 
longest training time of 144 s.

Among the considered models, the CatBoost 
Regressor achieved the best overall prediction 
accuracy according to the averaged error met-
rics, with R2 = 0.9995, MSE = 3.216, RMSE = 
1.7933 A·turns, MAE = 1.2747 A·turns, and 
MAPE = 0.4631%. Although the Gradient Boost-
ing Regressor showed a slightly lower maxi-
mum absolute error than CatBoost, the CatBoost 
Regressor provided the best overall performance 
according to R2, MSE, RMSE, MAE, and MAPE. 
For the CatBoost Regressor, еhe maximum abso-
lute error was 12.8563 A·turns, while the maxi-
mum percentage error was 7.9783%. The total 
prediction time was 0.0642 s for the testing data-
set, corresponding to approximately 0.000023 s 
per sample on the online computational platform 
used in this study. The 95% confidence interval 

for MAE was [1.2279, 1.3214] A·turns, indica-
ting a narrow uncertainty range for the average 
absolute prediction error.

For comparison, on the same computatio-
nal platform, the average calculation time of the 
original mathematical model for a single inver-
se-problem evaluation was 0.5681 s [27]. The-
refore, the trained CatBoost surrogate provides 
an acceleration factor of approximately 24,700 
for repeated design-stage magnetomotive-force 
prediction within the considered operating range. 
This result indicates that the trained regression 
model can be used as an efficient surrogate tool 
for rapid estimation of the required magnetomo-
tive force without repeatedly solving the original 
mathematical model. 

To further evaluate the robustness of the 
best regression model, 10-fold cross-validati-
on was performed for the CatBoost Regressor. 
The obtained average cross-validation results 
were R² = 0.9994 ± 0.0001, RMSE = 1.8956 ± 

Figure 4. Classification results obtained using the Decision Tree Classifier

Table 3. Performance comparison of regression algorithms on the testing dataset
Regression 
algorithm R2 MSE RMSE, 

A·turns
MAE, 

A·turns MAPE, % Max absolute 
error, A·turns

Training 
time, s

Prediction 
time, s

Random Forest 
Regressor 0.9276 470.3087 21.6866 12.1498 4.6155 110 7 0.000012

Gradient 
Boosting 
Regressor

0.9986 8.5451 2.9232 2.2464 0.8350 11.2348 6 0.000011

MLP Regressor 0.9887 73.2717 8.5598 5.7320 2.2335 58.2846 144 0.00002
CatBoost 
Regressor 0.9995 3.2160 1.7933 1.2747 0.4631 12.8563 54 0.000023
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0.1644, MAE = 1.3094 ± 0.0569, and MAPE = 
0.4765% ± 0.0242%. The small standard devia-
tions of these metrics indicate that the CatBoost 
Regressor maintained stable prediction accuracy 
across different data folds.

The characteristic prediction results obtained 
using the CatBoost Regressor are presented in 
Figure 5. As shown in Figure 5a, the predicted 
values are located almost entirely along the 
45-degree reference line, indicating good agree-
ment between the reference values obtained from 
the mathematical model and the predicted values. 
The deviations between the reference and predi-
cted values are small over the entire considered 
range of F, although a small number of points 
show slightly larger deviations at the lower part 
of the F range. Figure 5b shows that most resi-
duals are concentrated within approximately ±5% 
A·turns, while the maximum absolute residual is 
12.8563 A·turns. These results are consistent with 
the error metrics reported in Table 3 and confirm 
the high prediction accuracy of the CatBoost 
Regressor for the considered dataset.

For the characteristic points of the stability 
region, namely the boundary points 1, 1', 2, 2', 
and the central point 0, the corresponding val-
ues of the magnetomotive force were predicted 
using the trained CatBoost Regressor model. The 
obtained results are presented in Table 4.

Table 4 compares the magnetomotive force 
values predicted by the CatBoost Regressor with 
the reference values obtained from the mathemat-
ical model for the characteristic points of the pre-
defined static stability region. The obtained errors 

are small for all considered points. The absolute 
error varies from 0.037838 A·turns to 0.714910 
A·turns, while the percentage error does not 
exceed 0.2377%. The mean absolute error for 
these characteristic points is 0.3214 A·turns, and 
the corresponding mean absolute percentage error 
is 0.1262%. 

Тhe data presented in Table 4 show that the 
maximum value of the magnetomotive force is 
obtained at point 2, where g = 0.001 m and PE = 
12  N. The minimum value is obtained at point 
1’, where g = 0.0005 m and PE = 8 N. The cen-
tral point 0, with values g = 0.00075 m and PE = 
10 N, corresponds to an intermediate value of the 
required magnetomotive force.

The predicted characteristic values of the 
magnetomotive force are important for evaluating 
the operational feasibility of the designed electro-
magnet. In particular, the predicted F values can 
be used to assess whether the temperature rise of 
the control coil remains within the allowable ther-
mal limit of the winding conductor. If the control 
coil temperature corresponding to the predicted 
magnetomotive force exceeds the permissible 
value, the electromagnet design must be revised.

The predicted dependencies of the magne-
tomotive force on the electromagnetic attractive 
force for different values of the air gap are shown 
in Figure 6. The curves were obtained for g = 
0.0005, 0.000625, 0.00075, 0.000875, and 0.001 
m. In addition, Figure 7 presents the predicted 
dependencies of the magnetomotive force on the 
air gap for different values of the electromagnetic 
attractive force, namely PE = 8, 9, 10, 11 and 12 N.

Figure 5. Characteristic prediction results of the CatBoost Regressor: (a) relationship between predicted
and actual values; (b) residuals as a function of predicted values
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The obtained dependencies are physi-
cally consistent with the operating principles 
of a lifting electromagnet. For a fixed air gap, 
an increase in the electromagnetic attrac-
tive force leads to an increase in the required 
magnetomotive force. Similarly, for a fixed 

electromagnetic attractive force, an increase 
in the air gap requires a higher magnetomotive 
force because the magnetic reluctance of the air 
gap increases. Therefore, the predicted curves 
confirm that the trained CatBoost Regressor 
model preserves the expected physical behavior 

Table 4. Comparison of predicted and mathematical-model values of the magnetomotive force for characteristic 
points of the static stability region

Static stability 
region point g, m PE , N Predicted F, 

A·turns

Mathematical 
model Fmodel, 

A·turns

Absolute error, 
A·turns

Percentage error, 
%

1 0.0005 12 201.853589 201.75 0.103589 0.0513

1՛ 0.0005 8 163.199278 163.01 0.189278 0.1161

0 0.00075 10 259.468781 260.03 0.561219 0.2158

2 0.001 12 370.287838 370.25 0.037838 0.0102

2՛ 0.001 8 300.035090 300.75 0.714910 0.2377

Figure 6. Predicted magnetomotive force as a function of electromagnetic attractive force
for different air-gap values

Figure 7. Predicted magnetomotive force as a function of air gap for different electromagnetic
attractive force values
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of the lifting electromagnet within the consid-
ered stability region. 

In summary, the regression-based prediction 
stage demonstrated that the required magneto-
motive force can be accurately estimated from 
the air gap and electromagnetic attractive force 
using the trained CatBoost Regressor model. 
The obtained R2 value, short prediction time, 
and physically consistent dependencies confirm 
the suitability of the proposed model for rapid 
design-stage calculations. The predicted magne-
tomotive force values for characteristic points of 
the stability region provide important informa-
tion for further verification of the control coil 
thermal feasibility. Thus, the regression model 
complements the classification stage by not only 
identifying admissible operating states, but also 
determining the control action required to main-
tain the load in suspension mode.

The obtained results should be interpreted 
within the scope of the proposed static design-sta-
ge formulation. The present study demonstrates 
classification of operating points with respect to 
a predefined static stability region and regression-
-based prediction of the magnetomotive force for 
a model-generated dataset. It does not demonstra-
te dynamic suspension stability, real-time feed-
back control performance, disturbance rejection, 
or full thermal feasibility of the control coil. The 
predicted magnetomotive force values should the-
refore be regarded as input information for sub-
sequent thermal verification rather than as direct 
evidence of thermal feasibility. In a preliminary 
design workflow, the trained classifier can be used 
to rapidly identify whether a candidate operating 
point belongs to the admissible static operating 
region, while the trained regression model can 
estimate the magnetomotive force required for 
specified values of the air gap and electromagnetic 
attractive force. Since the database was generated 
for a fixed electromagnet geometry, material pro-
perties, and operating ranges, application to other 
geometries or extended ranges would require 
database regeneration or extension and retraining 
of the machine learning models.

CONCLUSIONS

This study proposed a machine learning-assist-
ed framework for design-stage evaluation of a lift-
ing electromagnet operating in suspension mode, 
combining static stability-region classification 

with magnetomotive force prediction. A computa-
tional database was generated from the mathemat-
ical model of the electromagnet and used to for-
mulate two related tasks: binary classification of 
operating points with respect to a predefined static 
stability region and regression-based prediction of 
the required magnetomotive force.

The classification results showed that all con-
sidered algorithms provided high performance, 
with the Decision Tree Classifier achieving the 
best result for the considered dataset, reaching 
an AUC value of 1.000 with a training time of 1 
s. This confirms that the proposed classification 
formulation can effectively distinguish admis-
sible and inadmissible operating states within 
the specified air-gap and electromagnetic-force 
limits. However, this result should be interpret-
ed within the scope of the deterministic static 
stability-region labeling rule and should not be 
considered as verification of dynamic suspen-
sion stability.

For magnetomotive force prediction, the Cat-
Boost Regressor achieved the best overall perfor-
mance among the evaluated regression models, 
with R2=0.9995, RMSE = 1.7933 A·turns, MAE 
= 1.2746 A·turns, and MAPE = 0.4630%. These 
results confirm that the trained regression model 
can accurately approximate the deterministic 
relationship between the air gap, electromagnet-
ic attractive force, and required magnetomotive 
force within the considered operating range.

The predicted values for the characteristic 
points of the static stability region were physi-
cally consistent: the required magnetomotive 
force increased with both the air gap and the elec-
tromagnetic attractive force. At these points, the 
predicted magnetomotive force values were com-
pared with the reference values obtained from the 
mathematical model. The maximum absolute error 
was 0.7149 A·turns, and the maximum percentage 
error did not exceed 0.2377%, indicating that the 
trained CatBoost Regressor accurately reproduced 
the mathematical-model results at the boundary 
and central points of the considered region.

The obtained results show that the proposed 
approach can serve as an efficient data-driven 
tool for preliminary design-stage analysis. The 
classification model enables rapid static oper-
ating-region assessment, while the regression 
model provides the magnetomotive force val-
ues required for suspension operation and sub-
sequent evaluation of the control coil thermal 
feasibility.
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Future work will focus on extending the 
proposed framework to different electromagnet 
geometries and operating conditions, experimen-
tal validation of the predicted values, integration 
into automated design software, and consideration 
of multi-objective criteria such as electromagnetic 
performance, power consumption, material cost, 
and thermal constraints. In addition, dynamic 
behavior, feedback control performance, dis-
turbance rejection, and full thermal verification 
should be investigated in future studies to extend 
the proposed static design-stage framework toward 
complete suspension-system analysis.
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