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ABSTRACT 

This study addresses the problem of optimizing the design of an electromagnet with a straight armature by 

considering both material and operational costs. A hybrid optimization framework was developed, 

combining traditional heuristic optimization techniques with machine learning-based models. Neural 

networks were trained on a dedicated database to predict the objective functions, namely material cost and 

power consumption, as functions of the design variables and the temperature of the control coil winding. 

The performance metrics for the predictive models demonstrate high accuracy (R² > 0.9). Both single-

objective and multi-objective formulations were analyzed, with multi-objective optimization implemented 

through a weighted scalar function. The proposed method enables an efficient search for optimal solutions 

while reducing computational effort. The results confirm the potential of integrating data-driven models 

with optimization strategies in the design of cost-effective and energy-efficient electromagnetic systems. 

The proposed framework provides designers with a structured, data-driven approach for balancing 

manufacturing costs and operational efficiency. 

Keywords-electromagnet with a straight armature; material cost; operational cost; hybrid optimization; 

heuristic optimization algorithms; machine learning 

I. INTRODUCTION  

Electromagnets are critical components in a wide range of 
electromechanical systems, including actuators, brakes, motors, 
magnetic separators, and lifting devices. Their performance 
directly impacts the functionality, reliability, and energy 
efficiency of these systems. Electromagnet design primarily 
focuses on achieving functional objectives such as magnetic 
field intensity, response speed, or torque output. However, the 
increasing demands for cost-effectiveness, sustainability, and 
power efficiency have positioned electromagnet design as a 
multi-objective optimization problem, where technical 
performance must be balanced with economic constraints. 

Material and operational costs are among the key 
optimization criteria. Material cost is determined by the type 
and volume of components used, particularly copper for the 
control coil and soft or hard magnetic materials. Operational 

cost, on the other hand, relates to resistive losses, 
electromagnetic inefficiencies, and long-term energy 
consumption. Suboptimal choices in geometry or coil design 
can lead to excessive manufacturing costs and reduced energy 
efficiency. 

Various optimization techniques have been applied to 
address these challenges. Metaheuristic techniques, such as 
Genetic Algorithms [1], Kriging-assisted surrogate models [2], 
and Gaussian process-based adaptive sampling [3], have been 
used to reduce losses and magnet cost while maintaining 
performance. In [4], a dual-objective optimization method was 
proposed for DC coils considering both power loss and 
manufacturing cost. Authors in [5] discussed how machine 
learning methods, including neural networks, support vector 
machines, and deep learning, can predict electromagnetic 
characteristics and guide efficient design. 
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Structural and system-level enhancements have been 
explored. Authors in [6] presented an axial-field, coreless tidal 
energy generator, optimized for low-velocity environments, 
while authors in [7] highlighted the importance of multi-
objective optimization and control techniques for Axial-Flux 
Permanent Magnet (AFPM) motors. In [8], a multi-physics 
framework combining electromagnetic, thermal, and 
mechanical simulations was used to optimize toroidal 
superconducting magnets. The design of externally excited 
synchronous motors with improved rotor topology was 
presented in [9], aiming to enhance torque ripple and reduce 
electromagnetic losses. 

In [10], an analytical and FEM-assisted optimization 
approach was used to design High-Temperature 
Superconducting (HTS) solenoids with maximum energy 
density. A mathematical formulation was introduced for 
determining the critical current of solenoid coils and validated 
through simulations conducted in MATLAB and COMSOL 
environments. In addition, the importance of combining 
simulation and analytical tools for optimizing advanced 
magnetic systems, such as Magnetic Resonance Imaging (MRI) 
and Superconducting Magnetic Energy Storage (SMES), was 
highlighted. 

The optimization of high-end magnetic systems, such as 
superconducting coils used in MRI or SMES, has also been 
extensively studied. In [11], a linear–nonlinear optimization 
procedure was applied to minimize superconductor volume 
while preserving field uniformity. In [12], multi-objective 
evolutionary algorithms were implemented to reduce 
mechanical stress and improve energy density in HTS-SMES 
systems. A detailed review of optimization strategies for 
superconducting solenoidal magnets was provided in [13], 
which categorized the literature based on the objective type, 
technique, and application. It was also emphasized that many 
modern techniques are still underutilized. 

Additive manufacturing and topology optimization have 
expanded the range of feasible solutions in electromagnet 
design. For example, authors in [14] evaluated the maturity of 
printed copper and magnetic materials, while authors in [15] 
reviewed how solid mechanics–based topology optimization 
methods are adapted for electromagnetic applications. 
Furthermore, the dual-coil model in [16] introduced energy-
aware excitation strategies that enhance reliability and reduce 
operational cost. 

In adjacent fields, heat dissipation and energy management 
challenges have also inspired novel optimization frameworks. 
In [17], inverse heat transfer problems were addressed using 
entropy-generation-minimizing strategies and metaheuristic 
optimization algorithms. Serial and parallel estimation 
approaches were proposed and validated through sensitivity 
analysis and statistical testing. The serial strategy proved to be 
more stable and reliable, demonstrating how thermal 
optimization strategies can be leveraged in electromagnetic 
applications. 

In the context of intelligent power systems, authors in [18] 
analyzed hybrid SMES-hydrogen energy storage in smart grids, 
balancing economic constraints with grid stability. These 

examples underscore the growing importance of cost-aware 
and multi-domain optimization in the design of electromagnetic 
and energy conversion devices. 

The costs incurred during both the production and operation 
phases of electromagnets can be reduced if the device structure 
is appropriately optimized during its design phase. In this 
study, single-objective optimization problems are formulated 
and solved to determine the minimum cost of the materials 
(steel and winding wire) used in the construction of an 
electromagnet with a straight armature and the minimum 
electric power of the control coil during operation (which 
corresponds to the minimum energy consumption or maximum 
energy efficiency). In addition, a bi-objective optimization 
problem is formulated and addressed. 

II. MATERIALS AND METHODS 

The electromagnet under investigation is illustrated in 
Figure 1 [19]. A magnetic force PE, generated by the current I 
in the control coil, acts on the armature. When this force 
exceeds the opposing mechanical force PM acting on the 
armature, the latter moves toward the pole pieces of the core, 
thereby moving a mechanical load (the case in which PM 
remains constant regardless of the air gap g is considered). The 
base, core, and armature are composed of soft magnetic steel 
material, while the control coil winding, consisting of w turns, 
is made of copper wire. 

 

(a) 

 

(b) 

 

Fig. 1.  Electromagnet: (a) and projected view of the electromagnet; (b),  
1- base core, 2 - control coil, 3 - armature, 4, 5 – cores, la, lc, lbc, ba, bc, bbc, ac, 
lw, hw, Δw - structural dimensions. 
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In [19], the equivalent magnetic circuit of the 
electromagnet, its mathematical model, as well as the solution 
methods for the direct magnetic problem (where the magnetic 
flux Φ in the air gap is known and the magnetomotive force F 
= Iw is determined) and the inverse problem (where F is 
known and Φ is determined), are presented. The study 
described the automated system for the electromagnet design, 
where the input parameters include the mechanical force PM, 
armature displacement g0, and maximum ambient temperature 
θmax. The output parameters include all structural dimensions of 
the electromagnet, the types of materials used, magnetic fluxes, 
magnetic inductions, magnetic field intensities, electromagnetic 
force PE at various values of g, the magnetomotive force F, 
number of coil winding turns w, current I, power consumption 
Q = IR² (where R is the coil resistance), temperature of the 
control coil, and material prices for copper wire and steel. 

In [19], the following values were considered: PM = 15000 
N, g0 = 0.01 m, θmax = 40°C, with Steel C10 selected as the 
core material and PSDKT used as the control winding wire. 
The following two single-objective optimization problems for 
the electromagnet were formulated and solved: 

1. Minimization of material cost (steel and winding wire): 

���� , ��� , �� , ��� , �∆, �	, 
��
 ==> min (1) 

2. Minimization of power consumed by the control coil: 

� (�� , ��� , ��, ��� , �∆, �	 , 
��) ==> min (2) 

where the structural coefficients are defined as: �� = ��
��, 

��� = ��
��,  �� = ��

��,  ��� = ���
�� ,  �∆ = ∆�

�� ,   �	 = ��
��  , and 
��  is 

the magnetic induction in the air gap when g = g0. 

The following constraints have been applied for the 
optimization problems: 

⎩⎪
⎪⎪
⎨
⎪⎪⎪
⎧ 1․0 ≤  ��  ≤ 1․1,1․5 ≤  ���  ≤ 2․0,0․6 ≤  ��  ≤ 0․8,1․0 ≤  ���  ≤ 1․1,0․02 ≤  �∆  ≤ 0․05,1․2 ≤  �	  ≤  2․0,0․9 ≤  
��  ≤  1․2(&),

'� ≤ 160°C:

    (3) 

where θc is the temperature of the control coil winding. 

The optimization problems were solved using both a 
genetic algorithm and a hybrid approach, where the genetic 
algorithm was applied to a database trained with machine 
learning algorithms. This database comprises data from 
1,000,000 designs generated by an automated design system. A 
similar approach was also adopted for the optimal design of a 
brake using magnetorheological fluid [20]. 

The formulated optimization problems belong to the class 
of nonlinear programming problems, where the analytical form 
of the objective function is unknown; hence it is not possible to 
compute the gradient vector components. For such problems, 
heuristic search methods are considered appropriate. These 

methods have been previously applied to optimize the force 
acting on the front of the particle bridge and the velocity of its 
movement in electromagnetic brakes with magnetorheological 
(MR) fluid, obtaining satisfactory results [21]. Moreover, for 
the optimal design of MR electromagnets, a hybrid approach 
combining heuristic and machine learning methods, has been 
applied. In that case, it was found that, compared to heuristic 
methods such as coordinate descent and hyperspherical 
methods, the hybrid optimization approach led to a nearly 30-
times faster computation under identical hardware 
configurations. Therefore, this study also deploys hybrid 
methods to find the minimum values of V and P. 

III. OPTIMIZATION RESULTS AND DISCUSSION 

The single-objective optimization problems (1) and (2), 
subject to constraints (3), were solved using a hybrid approach 
that combines heuristic algorithms with machine learning 
models. First, the dataset was used to train various machine 
learning algorithms. The best performance for each target 
prediction task was achieved with the following neural network 
architectures: 

 For predicting material cost (V): a three-layer neural 
network with layer sizes of 30, 20, and 10 neurons was 
employed, using the ReLU activation function. The model 
achieved the following performance metrics: RMSE = 
3.579963, MSE = 12.816136, R² = 0.994435, and MAE = 
2.426796. 

 For predicting the power consumed by the control coil (P): 
a three-layer neural network with layer sizes of 200, 150, 
and 70 neurons was deployed, also using the ReLU 
activation function. The resulting performance metrics 
were: RMSE = 33.979473, MSE = 1.154604, R² = 
0.9389982, and MAE = 13.806225. 

 For predicting the temperature of the control coil winding 
(θc): a three-layer neural network with layer sizes 30, 20, 
and 10 was utilized, using the ReLU activation function. 
The resulting performance metrics were: RMSE = 2.7826, 
MSE = 7.7427, R² = 0.90812, and MAE = 1.3145. 

The choice of each neural network topology was guided by 
the complexity of the target variable. For V, the input–output 
mapping was relatively smooth and low-dimensional; thus, a 
compact three-layer architecture (30–20–10 neurons) provided 
sufficient accuracy. In contrast, predicting P depended on the 
overall electromagnet design, coil geometry, and resistive 
losses, requiring a deeper architecture (200–150–70 neurons) to 
capture higher-order nonlinearities. Finally, predicting θc had a 
similar complexity to the material cost, where a smaller 
topology balanced accuracy with computational efficiency. 
This adaptive selection ensured high predictive performance 
while avoiding over-parameterization. 

To solve optimization problems (1) and (2), a hybrid 
optimization strategy was implemented, combining heuristic 
techniques with machine learning prediction models. The 
search for the optimal solution was performed using two 
heuristic algorithms: coordinate descent and the hyperspherical 
methods. At each iteration, the values of the objective functions 
and the temperature θc were predicted using the pre-trained 
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machine learning models. All computations were implemented 
in the MATLAB environment, and extensive testing was 
conducted. 

As a result of solving problem (1), the optimal value V*, the 
corresponding optimal values of the structural coefficients, and 
the magnetic induction for the coordinate descent and 
hyperspherical methods are: 

 Coordinate descent method: 

V* = 178.63,with Kc = 1.1, Kcc=1.6650 Ka = 0.7036, Kbc = 
1.1, K∆ = 0.050, Kw = 1.51561, Bg0 =1.13 

 Hyperspherical method: 

V* = 177.51, with Kc = 1.0983, Kcc = 1.6458, Ka = 0.7262, 
Kbc = 1.099, K∆ = 0.0497, Kw = 1.6217, Bg0 = 1.126 

Figure 2 shows the objective function surface as a function 
of two of the seven variables, 
�� � and ��, whereas the other 

five variables (��� , ��, ��� , �∆, �	) were kept constant. The 
red curve depicts the optimization path using the coordinate 
descent method within the hybrid framework, while the yellow 
curve shows the path using the hyperspherical method. The 
optimal solution for problem (1) was reached after 99 iterations 
using the coordinate descent method, and 90 iterations using 
the hyperspherical method. Figure 3 presents the objective 
function surface as a function of �∆ and ���  along with the 
optimization paths (red and yellow lines) corresponding to the 
two methods. 

 

 
Fig. 2.  Surface of the objective function V(Bgo, Kc) and the optimization 
paths. 

Regarding problem (2), the optimal value P* was 
determined through a series of optimization experiments using 
two methods: 

 Coordinate descent method: 

P* = 1018.56, with Kc = 1.09630514, Kcc = 1.800000, Ka = 
0.75426469, Kbc = 1.1, K∆ = 0.05, Kw = 1.57423640, Bg0 = 
1.00689573 

 Hyperspherical method: 

P* = 1031.93, with Kc = 1.04856337, Kcc = 1.71542663, Ka 
= 0.68956006, Kbc = 1.07604435, K∆ = 0.03818641, Kw = 
1.5795777, Bg0 = 1.02246543 

 

 
Fig. 3.  Surface of the objective function V(K∆, Kcc) and the optimization 
paths. 

Figure 4 illustrates the optimization path using the 
coordinate descent method on the objective function surface 
defined by Kc and Kcc, while the remaining five variables are 
held constant. Figure 5 shows the surface of the objective 
function PE(Bgo, Kw), along with the optimization paths starting 
from the same initial point for both the coordinate descent (red 
line) and hyperspherical (yellow line) methods. 

 

 
Fig. 4.  Surface of the objective function P(Kc, Kcc) and the optimization 
paths. 
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Fig. 5.  Surface of the objective function P(Bgo, Kw) and the optimization 
paths. 

In practical engineering design, it is often desirable to 
consider multiple objectives simultaneously. In this study, a bi-
objective optimization problem is formulated by combining the 
two single-objective functions using the weighted sum method 
[22]. Since the two objectives, V and P, have different physical 
units, they are first normalized before being aggregated into a 
composite scalar objective function: 

Let, 

�(+) = �(�� , ��� , ��, ��� , �∆, �	 , 
��),   

�(+) = �(�� , ��� , �� , ��� , �∆, �	 , 
��),  

,(+) = ,(�� , ��� , ��, ��� , �∆, �	 , 
��)  

The normalized functions are defined as: 

�-./0(+) = 1(2)31456
14�731456 , 

�-./0(+) = 8(2)38456
84�738456, 

where �09- , �0�: , �09- , and �0�:  are the minimum and 
maximum observed values of the respective functions from the 
dataset. The composite (scalar) objective function is then 
expressed as: 

,(+) = ;�-./0(+) + (1 − α)�-./0(+) ==> min. (4) 

where α ∈ [0, 1] is the weight coefficient that reflects the 
relative importance of minimizing material cost versus power 
consumption. When α > 0.5, material cost minimization is 
prioritized; when α < 0.5, operational cost becomes more 
significant; and when α = 0.5, both objectives are equally 
weighted. In the objective function (4), the normalization 
bounds were set as: Vmin = 177, Vmax = 587, Pmax = 2533, Pmin = 
1018. 

Problem (4), subject to the constraints in (3), was solved 
using the same hybrid approach as in the single-objective cases. 
In each iteration, the values of V(X), P(X), and θc were 
predicted utilizing the trained machine learning models.  

Optimal solutions were found for various values of α. 
Several Experimental results are summarized in Table I. 

TABLE I.  OPTIMIZATION RESULTS FOR PROBLEM (4) 

N @ f*(X) V*(X) P*(X) X* 

1 0.8 0.2414 236.7 1980.4 (1.10000000, 1.75000000, 0.77579313, 1.10000000, 0.05000000, 1.58975295, 1.20000000) 

2 0.6 0.3231 255.88 1804.6 (1.10000000, 1.75000000, 0.80000000, 1.10000000, 0.05000000, 1.72968288 1.20000000) 

3 0.5 0.3719 378.0 1400.0 (1.10000000, 1.77500000, 0.80000000, 1.10000000, 0.05000000, 1.67826543 1.10000000) 

4 0.4 0.3245 438.47 1193.2 (1.10000000, 1.80000000, 0.80000000, 1.10000000, 0.05000000, 1.61667915, 1.07503052) 

5 0.2 0.1865 489.11 1082.9 (1.07523754, 1.79024608, 0.79999263, 1.10000000, 0.04347534, 1.63473464, 1.05622817) 

 

The structural dimensions of the electromagnet in Figure 1 
are also presented for the solutions of single-objective 
problems (1) and (2), and the bi-objective problem (4) with α = 
0.5. The results outlined in Table II reveal several important 
trends and trade-offs inherent to electromagnet design 
optimization. Although the solution to Problem (1) yields the 
lowest material cost ($177.51), it comes at the expense of a 
significantly higher power consumption (2165.2 W). In 
contrast, the optimal design for Problem (2) drastically reduces 
the power usage to 1018.56 W, but increases the total material 
cost to $520. The bi-objective optimization (Problem 4) offers 
a balanced compromise, particularly when α = 0.5, where the 
resulting cost and power values were $378 and 1400 W, falling 
within acceptable engineering thresholds. This solution is 
particularly valuable for real-world applications, where budget 
and energy efficiency must be jointly optimized. 

Furthermore, the slight variations in structural coefficients 
among the three optimal designs underscore performance 
sensitivity to geometric proportions. For instance, the winding 
dimensions (hw and lw) increase in the power-minimizing 

design, implying a trade-off between thermal management and 
material usage. Such insights can guide engineers in selecting 
design parameters that are best suited to the specific 
operational constraints of the application. 

TABLE II.  STRUCTURAL DIMENSIONS, COST, AND POWER 
VALUES OBTAINED FROM THE SOLUTIONS OF 

PROBLEMS (1), (2), (4) 

Parameter Problem (1) Problem (2) Problem (4) 

ac (m) 0.1163166 0.13019378 0.1189738 

bc (m) 0.1277505 0.14273211 0.1308712 

lc (m) 0.1914338 0.2343488 0.2111785 

ba (m) 0.0927724 0.10765779 0.1046970 

bbc (m) 0.1403978 0.15700532 0.1439583 

Δw (m) 0.0095143 0.01171744 0.0105589 

hw (m) 0.0395218 0.06362604 0.0546613 

lw (m) 0.0640924 0.10016243 0.0917361 

lbc (m) 0.3235934 0.38962664 0.3574786 

P (Wt) 2165.20 1018.56 1400 

V ($) 177.510 520.000 378.0 

 



Engineering, Technology & Applied Science Research Vol. 16, No. 1, 2026, 30971-30977 30976  
 

www.etasr.com Grigoryan et al.: Optimization of Material and Operational Costs in Electromagnet Design 

 

IV. CONCLUSION 

This study introduced a hybrid machine learning–heuristic 
optimization framework for electromagnet design, aimed at 
reducing both material cost and operational energy 
consumption. The results confirm that combining heuristic 
search algorithms with neural network models improves both 
the computational speed and solution quality compared to 
standalone heuristic methods. The neural network–based 
hybrid model enables rapid evaluation of design alternatives, 
accelerating optimization and reducing reliance on 
computationally intensive simulations. The proposed 
framework provides flexibility in balancing material usage and 
operational efficiency, making it suitable for diverse 
application-specific requirements. 

Compared to related works, the main advantage of this 
study lies in adopting a hybrid strategy that combines heuristic 
optimization with machine learning models. While surrogate-
based methods, such as Kriging-assisted models [2] or 
Gaussian Processes [3], achieve high predictive accuracy, their 
scalability is limited due to the need for frequent retraining or 
kernel reconfiguration when the design domain changes. In 
contrast, the proposed neural network–enhanced framework 
generalizes effectively across the design space, adapting to new 
parameter ranges without compromising predictive fidelity. 
This capability is particularly beneficial in industrial contexts 
requiring rapid iteration and multi-scenario exploration. 

Furthermore, unlike many single-objective formulations in 
electromagnetic design, for instance, on minimizing power loss 
[4] or superconductor volume [11], the proposed method 
integrates both single- and bi-objective optimization within a 
unified framework. This expands the scope of feasible design 
alternatives and enhances robustness by explicitly mapping the 
Pareto front between competing objectives. Compared to 
evolutionary multi-objective methods [12] or analytical FEM 
hybrids [10], the proposed approach reduces dependency on 
domain-specific modeling while maintaining computational 
efficiency. In this way, the methodology bridges high-fidelity 
physics-based optimization [8, 13] with data-driven design, 
offering a versatile tool for both conventional and advanced 
electromagnet systems. 

Future work will focus on extending the framework to 
dynamic operating conditions and incorporating uncertainty-
aware optimization. 
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