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Abstract

Directly coupled electrodynamic vibrators are widely used in vibration testing due to their
ability to generate large propulsive forces. However, increasing the propulsive force typi-
cally requires higher driving currents, which leads to significant electrical heat generation
and thermal management challenges in the armature coil. To address this issue, this study
proposes a multi-objective parameter optimization framework for the design of armature
coils in high-propulsive-force electrodynamic vibration tables. Two optimization objectives
are formulated based on electromagnetic and thermal considerations: minimization of
electrical heat generation in the armature coil; and improvement in cooling capability,
characterized by the ratio between the cooling water channel area and the conductive
cross-sectional area. The key geometric parameters of the coil, including winding con-
figuration and cross-sectional dimensions, are treated as design variables. The resulting
multi-objective optimization problem is solved using a multi-objective particle swarm
optimization (MOPSO) algorithm to obtain a set of Pareto-optimal solutions that balance
the two competing thermal objectives. The present work focuses on the pre-design-stage
optimization of the armature coil after the rated propulsive force and geometric envelope
of the vibrator have been specified. A representative high-propulsive-force electrodynamic
vibrator is analyzed as a case study. Finite element thermal simulations show that the
selected Pareto-optimal design reduces the peak armature-coil temperature by approx-
imately 9.7–36.6% compared with the other investigated coil configurations under the
same propulsive force condition. The proposed method provides an efficient approach
for the thermally constrained parameter design of high-power electrodynamic vibrator
armature coils.

Keywords: electrodynamic vibrator; armature coil optimization; multi-objective optimization;
particle swarm optimization (PSO); finite element analysis

1. Introduction
Vibration is unavoidable in mechanical systems, making vibration testing an indispens-

able procedure for evaluating structural reliability. This requirement led to the development
of vibrators. Common vibrators can be classified into hydraulic vibrators and electrody-
namic vibrators. Among them, directly coupled electrodynamic vibrators are widely used
due to their larger maximal propulsive force. The basic structure of an electrodynamic
vibrator with permanent magnet [1] is shown in Figure 1. The magnetic field created
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by the permanent magnet is guided by the body and inner pole of the vibrator, forming
an approximately uniform magnetic field in the air gap. The armature coil is subjected
to alternating current and moves back and forth in a uniform magnetic field. With this
principle, the vibrator generates the vibration of the shaker table in the vibration tests.

Figure 1. Main structure of electrodynamic vibrator.

In large-propulsive-force electrodynamic vibrators, electromagnets are typically em-
ployed instead of permanent magnets to generate a stronger magnetic field in the air
gap. When an alternating current flows through the armature coil, the coil is subjected
to alternating electromagnetic forces within the magnetic field, producing reciprocating
motion. At present, electrodynamic vibrators have been widely applied to vibration testing
of various structures in aerospace, aeronautics, civil engineering, and other fields [2–5].

With the increasing trend toward large-scale and high-precision mechanical structures,
integrated testing of large structures becomes necessary, which further increases the de-
mand for higher propulsive force. For electrodynamic vibrators, larger propulsive force
not only implies larger dimensions, but also requires higher currents to generate greater
electromagnetic forces [6]. However, higher current leads to increased heat generation in
the electrical circuit, and excessive temperatures can significantly reduce the service life
of certain circuit components and electrical connections. Therefore, during the design of
vibrators, in addition to considering performance requirements such as size and propulsive
force, it is also necessary to take the heat generation characteristics of the electrical system
into account. To increase the current in the armature coil and thus improve vibrator propul-
sive force, multilayer winding structures could be adopted; however, the increase in design
parameters further complicates the design process.

To improve design efficiency and provide reliable guidance for parameter selection,
one effective approach is to reformulate the parameter design problem as a constrained
optimization problem. The key is to exploit the characteristic performance of the me-
chanical system to construct appropriate objective functions. The optimal parameter
values corresponding to favorable system performance can be obtained using these
objective functions. In robot design, parameter optimization can enhance system perfor-
mance [7]. In structural design, simulation techniques can automate the design process
and improve efficiency [8]. In manufacturing, the optimization of process parameters
improves economic performance, efficiency, and effectiveness [9]. Xu et al. optimized
two design parameters of a three-degree-of-freedom parallel manipulator based on kine-
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matic performance [10]. Khan and Angeles introduced the concepts of “homogeneous
space” and “norm functions” in robot dimensional optimization [11]. Qiu et al. de-
signed a bio-inspired origami jellyfish mechanism and achieved parameter optimization
by maximizing the volume ratio and the range of slenderness ratios [12]. Zhakatayev
et al. proposed a homotopy optimization method for identifying unknown parameters
in implicit differential equations [13]. Sangalli et al. optimized the load distribution
of ball screws, reducing non-uniformity and increasing stiffness, thereby extending
service life by a factor of 17 [14]. Zhang et al. optimized the structural parameters of
vertically aligned small-beam beetle elytron plates based on mechanical and thermal
performance [15]. These studies demonstrate that, during the design stage, optimization
methods can identify design schemes that yield favorable performance of the mechanical
system and significantly improve design efficiency.

In the design optimization of mechanical systems, more than one optimization
objective typically needs to be considered, and these objectives may constrain one an-
other. Consequently, multi-objective optimization methods are required to solve such
design optimization problems. The goal of multi-objective optimization is to determine
the Pareto front set [16]. Lalwani et al. reviewed MOPSO applications in multiple
fields and emphasized its ability to generate Pareto-optimal solution sets for problems
with conflicting objectives [17]. This feature is suitable for the present armature-coil
design problem, because reducing Joule heat generation and maintaining sufficient
cooling-channel space cannot generally be achieved by the same extreme design. Among
commonly used approaches, swarm-based techniques represent an important class of
algorithms [18]. Standard Particle Swarm Optimization (PSO) was proposed based on
the collective behavior of bird flocks or fish schools [19,20]. One of the main advantages
of PSO lies in its simplicity, ease of implementation, small number of parameters, and
minimal requirements for objective functions, which enable its application to a wide
range of optimization problems [21,22]. Li et al. used multi-objective PSO (MOPSO)
to optimize the design of wind turbine blades, reducing average noise pressure while
satisfying strength and stiffness requirements and improving efficiency [23]. Zhang et al.
utilized MOPSO to optimize measurement accuracy and noise suppression performance
in vibration measurement, and applied it to the vibration measurement of scale-down
bridges and outdoor full-size iron bridges [24]. Shao et al. employed MOPSO to optimize
gas metal arc welding parameters for T-joints and validated the results through finite
element simulations [25]. Omkar applied vector-evaluated PSO (VEPSO) to reduce the
weight and total cost of composite structures under specified strength constraints [26].
Luh and Lin developed a two-stage truss optimization design method using an improved
PSO algorithm, achieving lower structural weight under given load requirements [27].
Mokarram and Banan proposed a PSO-based multi-objective structural optimization
method applicable to both discrete and continuous design variables, significantly im-
proving optimization efficiency [28]. Goodarzimehr et al. combined PSO with genetic
algorithms (GAs) to propose a spatial structure optimization algorithm, which demon-
strated strong performance in truss structure optimization [29]. These studies indicate
that PSO-based algorithms exhibit strong transferability in engineering applications and
can achieve favorable optimization results.

Optimization and modeling methods have also been applied to electromagnetic and
electrodynamic vibration-related systems. Chiu et al. optimized the design parameters
of an electromagnetic vibration-based energy harvester and showed that coil, magnet,
damping, excitation frequency, and geometric constraints jointly affect the generated
electrical power [30]. Fickenwirth investigated electrodynamic shaker capability esti-
mation through experimental dynamic substructuring, demonstrating the importance
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of shaker physics, frequency-response characteristics, and dynamic coupling in vibra-
tion testing [31]. Wang et al. applied PSO together with surrogate models to reduce
electromagnetic vibration in a permanent magnet synchronous motor, and verified the
optimized design using finite element simulation and experimental measurement [32].
Jiang et al. analyzed a moving-magnet linear motor for a linear compressor and showed
that motor force, magnetic spring effect, and resonant frequency are important for the
overall performance of linear electromagnetic machines [33]. These studies provide
valuable references for electromagnetic system modeling and optimization. However,
their optimization or evaluation criteria mainly concern electrical power, force capability,
vibration response, resonant frequency, or electromagnetic performance. For the elec-
trodynamic vibrator, thermal characteristics can also constrain dynamic performance,
especially the reliability of long-term operation. Therefore, the present study focuses on
the thermal pre-design of the armature coil of a high-propulsive-force electrodynamic
vibrator, where Joule heat generation and cooling-water-channel geometry are treated as
the main competing design objectives.

For high-propulsive-force electrodynamic vibrators, armature-coil heat generation
and internal temperature rise are key factors that limit long-term operating reliability.
The present study does not aim to develop a new MOPSO algorithm, but to establish
a pre-design-stage thermal optimization framework for armature-coil parameter selec-
tion under a prescribed rated propulsive-force requirement. In this framework, the
required driving current is estimated from the force condition, and two physically re-
lated but competing objectives are formulated: Joule heat generation in the armature
coil and the geometric balance between the cooling-water channel and conductive cross-
section. Winding configuration, coil cross-sectional dimensions, number of turns, and
geometric constraints are then treated in a unified MOPSO-based procedure to obtain a
Pareto-optimal solution set rather than a single empirical design. Finite element ther-
mal simulations are further used as numerical verification to evaluate the temperature
distribution of representative designs.

The structure of this manuscript is organized as follows: Section 2 presents the struc-
ture of the electrodynamic vibrator and the optimization objectives considered in the
design. Section 3 briefly introduces multi-objective optimization problems and the MOPSO
algorithm. Section 4 describes the PSO-based parameter optimization procedure for the
armature coil design of the electrodynamic vibrator. Section 5 presents a rated propul-
sive force optimization case study of an electrodynamic vibrator and uses finite element
analysis to compare the armature coil temperature before and after optimization, thereby
verifying the effectiveness of the proposed approach. Section 6 presents the discussion
and conclusions.

2. Structure of Electrodynamic Vibrator and Optimization Objective
To establish the objective functions required in the optimization algorithm for the

design of electrodynamic vibrators, the basic structure of the electrodynamic vibrator is first
introduced. The configuration considered in this study is an electrodynamic vibrator with
a dual excitation coil structure [2], as shown in Figure 2. Two excitation coils are arranged
to generate a strong magnetic field in the air gap, while the armature coil is placed in the
effective magnetic-field region. The alternating current in the armature coil interacts with
the magnetic field and produces axial electromagnetic force, which is transmitted to the
shaker table.
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Figure 2. Schematic diagram of the electrodynamic vibrator structure.

The excitation coils of the electrodynamic vibrator generate an approximately uniform
magnetic field within the air gap. When an electric current flows through the armature
coil, an electromagnetic force is produced in the magnetic field, which constitutes the force
acting on the armature coil connected to the shaker table. The electromagnetic force acting
on a current-carrying conductor can be obtained from the Lorentz force. Accordingly, the
propulsive force Fp of the electrodynamic vibrator can be expressed as

Fp = Ia

∫
L

dI × B, (1)

where Fp denotes the propulsive force of the vibrator and Ia is the current in the arma-
ture coil. In the active region of the armature coil, the magnetic field in the air gap is
approximately uniform and the current direction is nearly perpendicular to the useful
magnetic-field component. Therefore, the axial propulsive force can be approximated as

Fp = Ia

∫
Lae f f

Be dl ≈ Be IaLae f f , (2)

where Be is the magnetic field intensity generated by the excitation coils in the air gap. Lae f f

represents the effective length of the armature coil, which is the length of coil located within
the air gap. This simplified expression is used for pre-design-stage current estimation. With
given Fp in the pre-design stage, Ia could be obtained with given Lae f f :

Ia =
Fp

BeLae f f
. (3)

The effective length Lae f f of the armature coil depends on the winding configuration,
as illustrated in Figure 3. The cross-section of the armature coil is shown in Figure 3c. In
Figure 3, the orange regions represent the conductor of the armature coil which carries
current, while the blue regions in the center denote the cooling water channel. The design
parameters a, b and t determine the cross-sectional areas of the conductive region and
the cooling water channel, thereby influencing the electrical resistance, heat generation,
and heat dissipation efficiency. These factors jointly affect the internal temperature of the
electrodynamic vibrator during operation. Consequently, the optimization design in this
study adopts two objectives: the ratio between the cooling water cross-sectional area and
the conductive cross-sectional area, and the total heat generation of the armature coil.
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Figure 3. Armature coil winding configurations: (a) single-layer, (b) double-layer. (c) Schematic
diagram of the armature coil cross-section.

Under identical propulsive force requirements, a single-layer winding configuration
requires larger current due to its shorter effective coil length, which increases the heat
generation in the armature coil. In contrast, a double-layer winding configuration reduces
the effective conductor cross-sectional area, resulting in higher electrical resistance and
a smaller cooling water channel, which also leads to increased heat generation. To quan-
titatively evaluate the performance of different winding configurations and parameter
selections, coil heat generation is adopted as an objective for evaluating coil design quality.

The design parameters of the armature coil include the number of turns (number of
layers), winding configuration (single-layer or double-layer), and the cross-sectional area
of the conductive region. Based on these parameters, the thermal power Wa generated by
the armature coil under maximum propulsive force conditions can be calculated as

Wa = I2
a Ra, (4)

where Ra is the electrical resistance of the armature coil. The resistance can be expressed in
terms of the conductive area of the armature coil S2 and the electrical resistivity λ (unit:
Ω·m) of the coil material as

Ra =
λLa

S2
. (5)

The effective length of the armature coil Lae f f can be determined from the coil diameter d
and the number of turns (or layers) N as

La = Nπd. (6)

The cross-sectional area of the cooling water channel S1 and the conductive area of the
armature coil S2 can be derived from the geometric parameters a, b and t as

S1 = (a − 2t)(b − 2t), (7)

S2 = ab − S1 = 2t(a + b)− 4t2. (8)

The first objective is to evaluate the effect of water cooling:

J1 =

(
1 − S1

S2

)2
. (9)
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This geometric objective serves as a surrogate for a detailed heat-transfer model, in order
to balance the cooling space and conductive material in a pre-design stage. The second
objective is the Joule heat generation of the armature coil:

J2 = Wa = I2
a Ra. (10)

3. Particle Swarm Optimization Algorithm
PSO is an evolutionary algorithm inspired by the social behavior of bird flocks. Multi-

objective PSO (MOPSO), an extension of PSO, introduces the concept of Pareto optimization
and has been widely used in the field of multi-objective optimization. In a d-dimensional
decision space, a population comprising N particles, denoted as X = (X1, X2, . . . , XN), is
initialized. Each particle i corresponds to a d-dimensional vector that defines its location
within the search domain, thereby representing a candidate solution to the optimization
problem. The MOPSO algorithm starts by generating the swarm randomly, with both the
initial positions and velocities of the particles assigned in a stochastic manner. Among
the configurable parameters in MOPSO is the population size, i.e., the number of parti-
cles. The optimization process is guided by two distinct objectives, as mentioned in the
previous section:

J1 =

(
1 − S1

S2

)2
, (11)

J2 = Wa. (12)

Within the MOPSO framework, each candidate solution (particle) is quantitatively
assessed using the objective functions. A non-dominated solution set is maintained in an
external archive, known as the repository (REP). The REP’s operations are managed by
two core mechanisms [34]: an archive controller and a grid system. The controller adjudi-
cates the admission of new particles by performing a dominance check; a particle is incor-
porated into the REP only if it is non-dominated compared to the existing archive members.
These archived, non-dominated solutions serve as leaders for the swarm [35]. Concurrently,
the grid mechanism organizes the archival space into adaptive hypercubes, which are
utilized to monitor and preserve the diversity of the solutions along the Pareto front.

As an iterative search methodology, MOPSO refines the swarm by progressively
updating the decision variables of each particle. Throughout this process, every particle
retains the best position it has personally discovered, denoted as pb (personal best). The
swarm is collectively guided by a global best position, gb, which is selected from the non-
dominated solutions in the repository (REP). To promote diversity in the Pareto front, the
gb leader is typically chosen from the least crowded hypercube within the REP using a
roulette wheel selection mechanism.

During the iterative process, each particle’s trajectory is determined by sequentially
updating its velocity and position. The update rules are governed by the following equations:

viter+1
k,j = wviter

k,j + c1r1

(
pbiter

k,j − xiter
k,j

)
+ c2r2

(
gbiter

j − xiter
k,j

)
, (13)

and
xiter+1

k,j = xiter
k,j + viter+1

k,j , (14)

where xiter
k,j and viter

k,j are the j-th component of x and v of the k-th particle at iteration iter.
The parameters in the equations are defined as follows: w (inertia), c1 (cognitive factor),
c2 (social factor), and r1, r2 (uniform random numbers in [0, 1]). These parameters balance
the influence between the particle’s own best solution (Pbest) and the swarm’s best solution
(Gbest). To avoid premature convergence and preserve diversity, the global leader is selected
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from less crowded grid regions of the repository. When the number of non-dominated
solutions exceeds the repository size, solutions in crowded grid regions are preferentially
removed. This repository and grid mechanism enables the algorithm to maintain a well-
distributed approximation of the Pareto front. A more detailed discussion on MOPSO is
given in recent reviews of PSO and MOPSO [36,37].

The Pareto front in MOPSO comprises a spectrum of non-dominated solutions, each
embodying a different compromise between the conflicting objectives. In the case of two
objectives, Figure 4 shows that while one extreme solution is superior for objective 1, it is
weak in objective 2, and vice versa for the opposite extreme. Solutions in the center of the
front offer a middle ground, providing balanced performance without being extreme in
either objective. This highlights the inherent trade-offs involved in selecting a final solution.

Figure 4. Pareto set of MOPSO.

4. Optimization Design Procedure for the Armature Coil of
Electrodynamic Vibrator

The proposed MOPSO-based armature coil optimization design procedure is em-
ployed for the pre-design stage of an electrodynamic vibrator. The procedure can be
divided into three main parts: pre-design stage (deciding the armature coil configuration),
MOPSO stage (searching for potential best armature coil designs), and verification stage
(selecting the best design).

In the preliminary design stage, the basic configuration of the electrodynamic vibrator
is first determined, including the structural form and several fundamental geometric
dimensions. At this stage, the design parameters to be optimized are identified, and their
corresponding ranges and characteristics are specified. These characteristics include, for
example, whether a parameter is continuous or discrete (e.g., the number of coil layers
being an integer) and whether a design choice is categorical (e.g., single-layer or double-
layer winding configuration of the armature coil). In addition, physical, geometric, and
manufacturing constraints—such as maximum allowable dimensions, material properties,
and rated propulsive force requirements—are defined. The parameters determined during
the preliminary design stage are subsequently introduced into the optimization stage either
as fixed values or as explicit constraints.

In the parameter optimization design stage, the optimization problem is formulated
based on the design variables, constraints, and multi-objective functions established in
the previous stages. Under the constraints determined during preliminary design, the
multi-objective optimization algorithm is employed to search for the optimal boundary
set of design parameters, namely the Pareto front. Each solution on the Pareto front
represents a trade-off between competing objectives, such as minimizing armature coil heat
generation and improving heat dissipation capability. During the optimization process,
candidate solutions are iteratively updated according to the MOPSO strategy, and infeasible
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solutions that violate predefined constraints are discarded or penalized to ensure physical
realizability and engineering feasibility.

In the post-processing and verification stage, the obtained Pareto-optimal solutions
were further analyzed. From the Pareto front, parameter sets that are suitable for practical
manufacturing, exhibit reasonable geometric proportions, and satisfy engineering experi-
ence are selected. These selected parameter combinations are then evaluated using finite
element simulations to assess thermal performance under rated operating conditions. Key
indicators such as temperature distribution, peak temperature of the armature coil, and
thermal gradients are examined to verify the effectiveness and robustness of the optimized
design. By comparing the simulation results before and after optimization, the advantages
of the proposed optimization strategy in reducing heat generation and improving thermal
performance can be quantitatively demonstrated.

The complete optimization design workflow, encompassing preliminary design,
multi-objective parameter optimization, and numerical verification, is summarized in
the flowchart shown in Figure 5.

Figure 5. Design optimization procedure of electrodynamic vibrator.

In the present workflow, the dynamic requirements of the electrodynamic vibrator,
such as rated force, loading-frequency range, moving-system configuration, and resonance
margin, are regarded as system-level design conditions rather than optimization objectives
of the armature-coil thermal design. This is because the dynamic behavior of the vibrator
depends not only on the armature coil, but also on the shaker table, suspension, fixture,
payload, and overall structural stiffness. Therefore, in the present pre-design-stage coil
optimization, the rated propulsive force and geometric envelope are prescribed, and the
optimization focuses on reducing Joule heat generation and improving cooling capability
within these constraints. Dynamic performance will be considered separately in the overall
vibrator system design.
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5. Optimization Case Study and Finite Element Verification
Following the multi-objective parameter optimization design procedure described in

Section 4, a multi-objective optimization of the armature coil is conducted for the electrody-
namic vibrator under a prescribed propulsive force requirement. The optimization focuses
on two thermal design objectives: reducing Joule heat generation in the armature coil and
maintaining a suitable balance between the cooling-water-channel area and the conductive
cross-sectional area. Prior to optimization, the armature coil assembly and vibrator structure
are preliminarily designed to determine the constraints of the optimization problem.

According to the requirements of the vibrator platen, the average diameter of the
armature coil is set to 1146 mm, with a total coil thickness of 38 mm. The number of coil
layers considered is limited to no more than two, and for multilayer configurations, the
number of turns in each layer is assumed to be equal. In addition, the total height of the
armature coil is constrained to be less than 350 mm. The grid size of length parameters,
including b and t, is set to be 0.5 mm. These conditions define the geometric and physical
feasibility boundaries for the optimization problem. The design propulsive force Fp of the
vibrator is 106 N. The current in the armature coil could then be obtained with Equation (3).

The numerical implementation of MOPSO is given in Table 1.

Table 1. MOPSO parameter values.

Parameter Population Size
Np

Maximum Iteration
Niter

Repository Size
NREP

Grid Number
ngrid

Cognitive Factor
c1

Social Factor
c2

Value 50 200 100 12 1.5 1.5

In the present implementation, the maximum iteration number was used as the main
termination criterion. The convergence curves of J1 and J2 were then examined to confirm
that the repository solutions became stable before the final iteration. The inertia weight was
set as w = 0.8, and the cognitive and social factors were set as c1 = c2 = 1.5. The repository
size was 100, and the adaptive grid number was 12. Infeasible particles violating geometric
constraints, including negative cooling-channel dimensions, excessive total coil height,
and nonmanufacturable discrete dimensions, were rejected during the objective-function
evaluation. The geometric parameters b and t are discretized using a 0.5 mm grid to reflect
manufacturability.

By applying the multi-objective optimization procedure described previously, a set of
Pareto-optimal solutions satisfying the optimization objectives was obtained, as shown in
Figure 6.

Figure 6. Pareto solutions of armature coil optimization.
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The convergence history of the two objective functions is shown in Figure 7.

Figure 7. Convergence history curve of (a) J1 (b) J2.

Figure 7 shows that both J1 and J2 converge within 200 iterations. J1 converges
more rapidly than J2. Figure 6 shows the conflict between the two objectives J1 and J2.
The distribution of the nondominated solutions clearly indicates a trade-off between the
two objectives. A decrease in J1, corresponding to a better balance between the cooling-
water channel area and the conductive cross-section, is accompanied by an increase in
J2. Conversely, reducing Joule heat requires a larger deviation of the sectional balance.
This confirms that the armature-coil design problem is inherently multi-objective and
that a single-objective optimization strategy may lead to a biased design. A preliminary
sensitivity analysis was also performed by varying the population size, inertia weight,
learning factors, and grid number. The obtained Pareto fronts showed similar distributions
within the tested parameter ranges, indicating that the main trade-off trend between J1 and
J2 was not strongly dependent on a single MOPSO parameter setting.

Among these Pareto solutions, a two-layer coil configuration is selected as a representa-
tive optimal design with FEM verification. Since cooling efficiency is of great importance in
long-time operation of an electrodynamic vibrator, the compromise solution x∗ is selected
for J1 ≤ 0.04 with x∗ = argmin

x∈P
J2(x), as shown in Figure 6. The corresponding design

parameters are listed in Table 2.

Table 2. Optimized design parameters of the armature coil.

Parameter a
(mm)

b
(mm)

t
(mm) S1/S2

Effective Length Laeff
(m)

Value 19 32 3.5 0.97 70

To verify the effectiveness of the proposed multi-objective optimization method, finite
element simulations are performed to evaluate the temperature distribution of the armature
coil under the maximum propulsive force condition. In the simulations, the electrodynamic
vibrator is simplified as an axisymmetric model, which significantly reduces computational
cost while preserving the dominant thermal and electromagnetic characteristics of the
system. Several representative parameter sets are selected as comparison cases, including
both single-layer and double-layer coil configurations, as summarized in Table 3. Case 3 is
the obtained optimal parameter set.
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Table 3. Comparison of armature coil design parameters for finite element simulations.

Parameter
Set Case No. 1 2 3

(Optimal) 4 5 6

Coil layers Single Double Double Double Double Double

a (mm) 38 19 19 19 19 19

b (mm) 24.5 20 32 40 32 32

t (mm) 3.5 3.5 3.5 3.5 2.5 4.5

S1
(
mm2) 542.5 156 300 396 378 230

S2
(
mm2) 388.5 224 308 364 230 378

S1/S2 1.4 0.7 0.97 1.09 1.64 0.61

Number of
turns 13 16 10 8 10 10

Le f f (m) 48 118 70 59 70 70

The finite element thermal simulations were performed using COMSOL Multiphysics
(Version 6.1). To reduce the computational cost while retaining the dominant radial–axial
heat-transfer characteristics of the vibrator, an axisymmetric model was adopted. This
simplification is reasonable because the excitation coils, armature coil, magnetic circuit,
and cooling channel are approximately annular in the main working region. The Joule
heat generated in the armature coil was applied as the internal heat source according to
the calculated electrical power under the rated propulsive-force condition. The cooling of
the armature coil was modeled by prescribing a water-flow inlet boundary condition. The
total cooling-water flow rate of the moving coil was approximately 110 L/min. The inlet
velocity was calculated from the cooling-channel cross-sectional area as vin = Q

S1total
, where

Q is the volume flow rate and S1total is the total cross-sectional area of the cooling-water
channel. The inlet water temperature was set to 25 ◦C. The material of the coils is copper,
and that of the vibrator body is steel. The heat source is the Joule heat under Fp = 106 N.
A mesh-independence check was also performed by comparing the peak armature-coil
temperature under different mesh densities. The variation in peak temperature between
the adopted mesh and a finer mesh is less than 1%, indicating that the adopted mesh was
sufficient for the comparative thermal analysis.

It should be noted that the axisymmetric model neglects local three-dimensional effects,
such as coil lead-out regions, inlet and outlet details of the cooling channel, circumferential
non-uniformity of water flow, and manufacturing asymmetry. Therefore, the present FEM
model is used for comparative numerical verification at the pre-design stage, whereas a
full three-dimensional coupled electromagnetic–thermal–fluid model will be needed for
final engineering validation.

The temperature fields of the armature coil under maximum propulsive force condi-
tions for the above parameter sets are compared, as shown in Figure 8.

By comparing the results of the single-layer and double-layer armature coil designs
(Figure 8a,c), it can be observed that the double-layer configuration significantly increases the
effective coil length, enabling the required design propulsive force to be achieved with lower
driving current. As a result, both the peak temperature and the overall temperature level of
the double-layer coil are substantially lower than those of the single-layer configuration.
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Figure 8. Cont.
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Figure 8. Temperature field inside electrodynamic vibrator for different parameter cases: (a) Case 1,
(b) Case 2, (c) Case 3, (d) Case 4, (e) Case 5 and (f) Case 6.

Among the double-layer coil designs with different geometric parameters, Parameter
Set 3 (Figure 8c), which corresponds to the solution obtained from the multi-objective
optimization, exhibits a moderate effective length. Although the driving current under
rated propulsive force is not the minimum among all design cases, the optimized balance
between cooling water channel area and electrical heat generation enables Parameter Set
3 to achieve the lowest maximum coil temperature and the lowest overall temperature
distribution among all of the simulated cases.

A comparison of Parameter Sets 2 (Figure 8b), 3 (Figure 8c), and 4 (Figure 8d) shows
that, with the coil thickness t held constant, variations in the coil cross-sectional dimensions
significantly affect the cooling water channel area. This, in turn, alters the driving current
required to achieve rated propulsive force and ultimately influences the coil temperature
compared to the optimal design (Parameter Set 3).

Parameter Set 2 reduces the height of each coil layer, thereby increasing the effective
coil length and reducing the required current at rated propulsive force. However, the
accompanying reduction in the cooling water channel area weakens heat dissipation,
resulting in a higher coil temperature than that of Parameter Set 3.

Similarly, for Parameter Set 4, although the enlarged cooling water channel area
enhances cooling capability, the increased height of each coil layer reduces the effective coil
length and increases the required current at the rated propulsive force. This leads to higher
electrical heat generation, causing the overall coil temperature to exceed that of Parameter
Set 3.

Compared with Parameter Set 3, Parameter set 5 (Figure 8e) and set 6 (Figure 8f) vary
the coil thickness while maintaining the overall coil cross-sectional dimensions. Although
Case 5 increases the cooling water channel area, the reduction in conductive cross-sectional
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area raises electrical resistance and heat generation, resulting in a higher coil temperature
than that of Parameter Set 3. Similarly, for Parameter Set 6, smaller cooling water channel
area reduces the cooling efficiency. The reduction in heat release brought about by the
decrease in resistance cannot compensate for the reduction in cooling efficiency. As a result,
the temperatures of Case 5 and Case 6 are both higher than the optimal case.

The peak temperature of each case and the reduction in Case 3 are given in Table 4.

Table 4. Peak temperature comparison of different cases.

Case Peak Temperature (◦C) Relative Reduction in Case 3

1 86.6 27.9%

2 77.1 19.1%

3 62.4 -

4 98.5 36.6%

5 75.3 17.1%

6 69.1 9.7%

The results in Table 4 show that the selected Pareto-optimal design does not sim-
ply maximize the cooling-channel area or minimize the current. Instead, it provides a
compromise between conductor area, cooling-channel area, effective length, and electri-
cal resistance.

From an engineering perspective, the optimized variables correspond to directly
manufacturable coil parameters, including winding configuration, conductor dimensions,
wall thickness, and number of turns. The 0.5 mm discretization of b and t reflects the
selection of practical dimensions during preliminary design. The proposed optimization
procedure can reduce repeated FEM trial-and-error calculations by screening feasible coil
geometries analytically before numerical verification. For larger or smaller electrodynamic
vibrators, the same framework can be applied by updating the prescribed propulsive
force, average coil diameter, magnetic flux density, allowable coil height, and cooling-
flow conditions.

Through the comparative analysis of these parameter cases, the reliability and effective-
ness of the proposed multi-objective optimization design method are verified. The results
demonstrate that the optimization strategy successfully balances competing objectives:
cooling performance and electrical heat generation. The proposed multi-objective design
procedure leads to a design with superior thermal performance under high-propulsive-
force operating conditions.

6. Conclusions and Discussion
This study investigates the parameter optimization of directly coupled electrodynamic

vibrators under high propulsive force requirements, focusing on the trade-off between
electrical heat generation and water-cooling performance in armature coil design. Based on
theoretical analysis, quantitative objective functions are established to characterize circuit
heat dissipation and cooling effectiveness, and a MOPSO framework is developed to solve
the resulting optimization problem. By estimating the driving current required for a given
propulsive force and evaluating coil resistance using material properties, the electrical heat
generation of the armature coil is quantitatively modeled. In parallel, the ratio between
the conductive cross-sectional area and the cooling water channel area is introduced as
an indicator of cooling performance. These objectives are jointly optimized to balance
competing thermal and electromagnetic requirements. Finite element simulations under
identical propulsive force conditions demonstrate that the optimized coil parameters yield
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the lowest peak and overall temperatures among the evaluated designs, verifying the
effectiveness of the proposed optimization approach. The method significantly reduces
reliance on exhaustive finite element analyses and improves design efficiency. Moreover,
the proposed framework can be extended to other vibrator parameter design problems
involving conflicting objectives.

The present study is limited by the simplified magnetic field assumption, steady-state
thermal analysis, and numerical verification without experimental temperature measure-
ments. In addition, this work focuses on armature-coil thermal pre-design under prescribed
system-level requirements; dynamic indicators such as moving mass, loading-frequency
range, and resonance margin are considered separately in the overall vibrator system design.
Future work will incorporate experimental validation, transient electromagnetic–thermal–
fluid coupling, and system-level dynamic criteria to further improve the applicability of
the proposed framework.
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