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ABSTRACT: As a new type of motor, axial flux permanent magnet synchronous motor has the advantages of compact structure and high
power density. It shows good application prospects in new energy vehicles, unmanned aerial vehicles, and other fields. However, axial
flux permanent magnet synchronous motor needs to consider the balance of multiple objectives during the design process, which makes
its optimal design a complex multi-objective optimization problem. Therefore, the study proposes a motor optimization method based
on multi-objective genetic algorithm. The method optimizes the rotor and stator parameters of the motor by establishing an analytical
model of the motor’s magnetic field and combining it with a multi-objective genetic algorithm. The experimental results indicated that
the optimized motor with multi-objective genetic algorithm reached 92% in terms of efficiency, 25% in terms of power density; energy
consumption was reduced to 2.5 kWh; failure rate was reduced to 1.5%; and noise level was reduced to 65 dB. In addition, the multi-
objective genetic algorithm significantly improved the control stability index, which increased to 98%, indicating a more stable motor
response under varying loads. The disturbance rejection capability was enhanced to 99%, demonstrating strong resistance to external
noise and parameter fluctuations. Furthermore, the system response frequency reached 100 Hz, reflecting a faster dynamic response to
input variations. It is indicated that the optimization method based on multi-objective genetic algorithm can effectively enhance the
comprehensive performance of axial flux permanent magnet synchronous motor and significantly improve its competitiveness in high
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power density and high efficiency applications.

1. INTRODUCTION

s energy consumption and environmental issues become

more serious, electric motors are increasingly valued for
their high efficiency, energy savings, and environmental friend-
liness as key driving devices in industry and transportation. The
traditional radial flux permanent magnet motor (RFPMM) has
long dominated the mainstream market due to its mature design
and wide range of applications. However, with the increasing
demands on motor performance, especially in terms of power
density (PD), size, and efficiency, axial flux permanent magnet
synchronous motor (AFPMSM) is gradually becoming a strong
candidate to replace the traditional RFPMM [1]. Compared to
conventional motors, AFPMSMs have a higher PD and a more
compact structure, and their unique axial flux path enables mo-
tors to realize more power in a smaller volume, especially at
low speed and high torque conditions, providing significant ad-
vantages. One of the key advantages of axial flux motors is
their compactness and efficient heat dissipation [2]. Since the
magnetic flux of a motor flows in the axial direction, the ro-
tor and stator are arranged in the axial direction, which reduces
the axial dimensions of the motor. Compared to conventional
motors, AFPMSMs can provide higher PD in a smaller space
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for applications with stringent size requirements. The axial ar-
rangement allows the air flow to contact the rotor and stator
more directly, which improves the cooling effect of the motor
and makes it suitable for long-term, high-load operation. How-
ever, AFPMSMs must balance multiple objectives such as PD,
efficiency, thermal management, and structural stability during
the design process. This makes their optimal design a com-
plex multi-objective optimization (MOO) problem. AFPMSMs
are widely used in industrial automation, electric vehicles, and
robotics due to their high PD, high energy efficiency, and good
dynamic response characteristics. Zhao et al. presented a ret-
rospective review in an attempt to facilitate a comprehensive
study of AFPMSMs. The article firstly introduced the basic
topology of AFPMSM and summarized the key points of de-
sign and control optimization. It was revealed that the current
state of development of efficiency-optimized control strategies
outlined problem-specific control strategies and discussed the
current difficulties and trends faced [3]. To increase the re-
silience and fault-tolerance of a six-phase AFPMSM in power
generation, Bouyahia et al. proposed a real-time fault-tolerant
approach based on a fuzzy logic controller. The results showed
that the strategy was independent of the system model and ef-
fective in dealing with model disturbances and parameter vari-
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ations. Compared with the classical proportional-integral (PI)
controller, it showed higher efficiency and robustness under
both health and fault conditions [4]. Jiang et al. proposed a
modulation method to optimize the sliding clamping strategy of
a five-phase open-wound permanent magnet synchronous mo-
tor (PMSM) driven by dual inverters and to reduce the effect
of harmonic voltages on the motor performance. The results
showed that the method effectively avoided the introduction of
additional harmonic components by limiting the reference volt-
age of the clamping inverter and sliding it in both directions. Its
effectiveness on resistive inductive loads and five-phase open-
winding PMSMs was experimentally verified [5]. To increase
the resilience of PMSM drives to parameter uncertainties and
load disturbances in electric vehicle applications, Bhattachar-
jee et al. proposed a sophisticated deep reinforcement learning-
based speed and current control method. The results showed
that the method effectively mitigated the disturbances caused
by parameter variations and load torque. Its performance was
also verified by real-time software in-loop tests, demonstrating
its superiority over adaptive proportional-integral control [6].

Tasoglu and Ilgin proposed a simulation-based genetic algo-
rithm (GA) method to simultaneously optimize the reverse lo-
gistics network design, disassembly line balancing, and disas-
sembly sequencing problems. The results of the study showed
that the method could achieve lower total cost of ownership and
improve process efficiency and customer satisfaction through
joint optimization and sequencing decisions [7]. Kumar et al.
proposed a hybrid GA and simulated annealing approach to
strategically determine the best location for plug-in electric ve-
hicle (PEV) charging stations in an effort to seamlessly inte-
grate them into a distribution grid with distributed photovoltaic
systems. The results showed that the method reduced power
losses, maintained acceptable voltage levels, and improved the
sustainability and reliability of the distribution grid [8]. Shen et
al. developed an optimization-based model and proposed an ac-
tive tensioned string beam structure to achieve active control
of the deflection of a beam string structure. The results of the
study showed that the integration of the hybrid GA control sys-
tem with a back-propagation neural network successfully re-
duced the deflection response by at least 80%. The effective-
ness and precision of the control framework were confirmed
by optimizing the internal forces of the beam and achieving a
maximum reduction in stress response about 60% [9].

In summary, there are numerous researchers who have ap-
plied various optimization algorithms to optimize the design of
AFPMSMs and achieved remarkable results. However, there
are still some challenges in MOO and handling complex pa-
rameter spaces, especially when the optimization effect is lim-
ited when considering multiple performance metrics. There-
fore, this study proposes a multi-objective GA approach for the
optimal design of AFPMSMs by analytically modeling the mo-
tor magnetic field (MF) and combining it with GA for global
search and optimization of motor parameters. The innovation
of the study is the use of multi-objective GA to optimize AF-
PMSM. It comprehensively optimizes several key performance
indexes, such as PD, efficiency, temperature rise, and torque
output. The design accuracy is improved by accurate analyti-
cal modeling of the MF. The study provides new design ideas
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and theoretical support for the engineering application of elec-
tric motors and enhances the feasibility of applying AFPMSM
technology in new energy vehicles and other high-performance
applications.

2. METHODS

The first subsection establishes the AFPMSM MF analytical
modeling. The second subsection addresses the problem of
MOO and uses GA to find the optimality of each objective.

2.1. Analytical Modeling of the AFPMSM Magnetic Field

AFPMSM is a newer type of PMSM with an axial flux path. It
has a compact structure and high PD compared to conventional
RFPMMs. Its rotor and stator are designed to be arranged along
the axial direction, which makes the motor smaller and suit-
able for space-constrained applications [10, 11]. Motor topol-
ogy refers to the layout and connection of the components in-
side the motor, and different topologies determine the operat-
ing principle and performance characteristics of the motor. The
main feature of the topology of an AFPMSM is that the mag-
netic flux flows along the axial direction of the motor, and the
rotor and stator arrangements are aligned along the axial direc-
tion. The rotor of an AFPMSM is usually composed of perma-
nent magnet (PM) material, which generates electric potential
to drive the load through the interaction of the MF with stator
windings [12, 13]. When the analytical model of the motor is
built, the three-dimensional structure AFPMSM needs to be ex-
panded along the radius to be equivalent to a two-dimensional
linear motor. The structure is shown in Fig. 1.
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FIGURE 1. 2D equivalent model of motor no-load magnetic field.

In Fig. 1, the three-dimensional structure of the AFPMSM
is expanded into a two-dimensional model, and it can be as-
sumed that the magnetic flux flows along the axial direction of
the motor, while the relative motions of the stator and rotor can
be described by a two-dimensional plane model. In practical
analysis, it can be assumed that the MF is uniformly distributed
in the axial direction or behaves in the form of plane wave prop-
agation in some specific regions [14, 15]. Since the flux direc-
tion of an axial flux motor is the same as the axial direction of
the motor, when equating it to a two-dimensional linear motor,
it can be assumed that the MF and current distribution of the
motor are analyzed in a two-dimensional plane. The expres-
sion for the magnetic flux density (MFD) at the motor air gap
(AG) is shown in Equation (1).

Bl :[L()Hl (1)
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According to this equation, By denotes the MFD at the AG
of the motor. B; denotes the MF strength in the AG region. p
denotes the vacuum permeability. The expression of MFD at
the PM is shown in Equation (2).

By = B, + pHy = poM + poprHa (2)

Let B denote the MFD at the PM, H, the MF strength in the
region of the PM, and M the magnetization strength of the PM.
The magnetization strength of the PM is shown in Equation (3).

n=1,3,5...

My(z) = Z M, cos(u,x) 3)

From Equation (3), n can be expressed as the number of spa-
tial harmonics of the MF; M,, can be expressed as the coef-
ficient of each term in the level, which represents the compo-
nents of the magnetization intensity of each order; u,, can be
expressed as the coefficient of variation of the magnetization
strength in space. Considering stator slotting, the expression
of AG flux density at no load of the motor is shown in Equa-
tion (4).

B,s = B;,Re()\) — By, Im(\) :
{ Bys = By,Re(A) + By, Im(}) @

In the above equation, B, and B, are the components of the
MFD in the AG in x and y directions. The real and imaginary
components are represented by Re(\) and Im(\), respectively.
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FIGURE 2. Structure of two-dimensional equivalent model of motor
armature reaction magnetic field.

In Fig. 2, in a motor, the armature windings are located in
the stator slots. Due to the complex distribution of the wind-
ings, the problem of calculating the armature reactive MF is
often simplified by equating the windings to current sheets uni-
formly distributed in the slots. In this way, the current density
of the armature can be approximated as uniformly distributed
in a two-dimensional plane [16]. In this simplified model, the
current sheet is assumed to be uniformly distributed in a plane
of the stator. This plane is usually parallel to the axial direction
of the motor, so the distribution of the armature reactive MF can
be described by a two-dimensional planar model. The current
distribution of the current sheet usually takes into account the
current-carrying situation of the motor, such as DC current or
AC current. In a two-dimensional model, the MF generated by
the current sheet can then be described by a MF source model.
The stator three-phase winding currents of the motor are shown
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in Equation (5).

k
in =y I sin(k2m ft)
(o)

ip = Zk:Ik sin [k(27 ft — 27 /3)] (3)

ic = zk:Ik sin [k(27 ft + 27/3)]

From Equation (5), ia, 78, and ic represent the A, B, and
C phase currents, respectively; I is the amplitude of the kth
harmonic; f is the operating frequency of the motor; ¢ is the
time; k is the serial number of the harmonic. When the mo-
tor rotor rotates, the MF generated by the PMs cuts through the
stator windings, thereby inducing an electromotive force in ac-
cordance with Faraday’s law of electromagnetic induction. The
reverse electromotive force, or voltage, is induced in the stator
winding in accordance with Faraday’s law of electromagnetic
induction [17]. Under no-load conditions, no current flows in
the stator windings, so the induced voltage is caused entirely
by the rotor motion and is called the no-load back electromo-
tive force. The distribution of the unit motor windings is shown
in Fig. 3.

In Fig. 3, this image shows a two-dimensional planar cross-
section of a three-phase PMSM. The blue-green region in the
center is the stator and contains multiple slots. Each slot is em-
bedded with a rectangle of a different color to represent the ar-
mature windings. The windings are labeled as “C+”, “C—",
“A+47, “A=", “B+7, “B—", corresponding to the positive and
negative polarities of the three-phase winding, and is period-
ically arranged. The expression for the reverse electromotive
force is shown in Equation (6).

E=k, w (6)

In the above equation, k. is the reverse electromotive force
constant, w the rotor mechanical angular velocity, and E the
counter electromotive force, which is directly related to the
electromagnetic characteristics of the motor.

2.2. Optimization Study of AFPMSM Based on Multi-Objective
GA

After building the analytical model of AFPMSM MF, its pa-
rameters are optimized by GA. The GA used in the study is an
improved version of the classic GA. Unlike traditional genetic
algorithms that use standard fitness functions and crossover
mutation processes, this algorithm introduces adaptive mu-
tation rates and dynamic selection pressure to improve con-
vergence speed and avoid local optima. The core modifica-
tions are as follows: firstly, the adaptive mutation probabil-
ity changes with the iteration process; secondly, a mixed se-
lection strategy integrates tournament selection and ranking
based selection; and finally, an elite retention mechanism re-
tains high-performance individuals to enhance global search
capabilities. These improvements make the proposed genetic
algorithm more suitable for solving multi-objective optimiza-
tion problems in AFPMSM. The GA deals with candidate so-
Iutions in the form of populations, each of which is called an
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FIGURE 3. Distribution of unit motor windings.

“individual” and is represented by a code. The algorithm ap-
proximates the optimal solution step by step by simulating the
genetic, selection, crossover, and mutation operations of bio-
logical evolution. In the optimization process, it is necessary
to first clarify the key motor design parameters and their ini-
tial values to ensure that the optimization algorithm can effec-
tively search for the optimal solution. The selected parameters
include permanent magnet thickness (2.5—8.0 mm), rotor outer
layer thickness (1.0-5.0 mm), stator slot height (5.0—-15.0 mm),
stator tooth width (2.0—-10.0 mm), air gap length (0.5-2.5 mm),
and stator slot width (2.5-8.0 mm). For parameter adjustment
in the optimization process, adaptive mutation probability is
first adopted, with an initial mutation probability set at 0.1,
gradually decreasing with increasing iteration times to avoid
premature convergence problems. Secondly, adopting an elite
retention strategy, the top 5% of individuals with the highest fit-
ness are retained in each generation to ensure that excellent so-
lutions are not eliminated. In terms of crossover operator selec-
tion, combining single point crossover and uniform crossover,
the initial crossover probability is set to 0.9 and reduced in the
later stage to improve local search ability. In addition, a con-
straint violation penalty function is introduced to reduce the fit-
ness of solutions that exceed the set limit, in order to ensure that

Start

Define parameters

v Variation
Generate initial

Y
Calculate fitness Select Copy

Y

Sort by fitness
size

Does it meet the
requirements?

FIGURE 4. GA flow.
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the final result meets engineering constraints. The structure of
the algorithm is shown in Fig. 4.

In Fig. 4, first, the algorithm starts by encoding the parameter
set. After initializing the population, a predetermined number
of potential solutions are chosen at random to serve as the ini-
tial individuals. After that, it moves on to the adaptation eval-
uation phase, which determines each person’s adaptation value
based on the objective function, taking into account both their
strengths and weaknesses. After the evaluation is completed,
the algorithm determines whether the stopping rule is satisfied.
If the stopping condition is not satisfied, genetic operations are
performed, including selection, crossover, and mutation. Based
on fitness, selection is the process of choosing the best individ-
uals from the population to reproduce. To increase the diver-
sity of the population, crossover is the process of creating new
individuals by combining some of the genes of two individu-
als. Mutation is the random alteration of certain genes to avoid
falling into a local optimum. After generating a new genera-
tion of population through genetic manipulation, it returns to
the evaluation phase, forming an iterative loop. If the stopping
condition is satisfied, the algorithm ends, and the final opti-
mized solution or optimal individual is output. MOO is a class
of optimization problems that simultaneously optimize multiple
objective functions. GA is the foundation of the study, which
aims to optimize the AFPMSM design.

In Fig. 5, first, the design requirements and optimization ob-
jectives are determined, and the parameters and objective func-
tions to be optimized are specified. Next, the key parameters
in the optimized design are selected as optimization variables,

Select optimization
objectives

!
RE@

Meet the design Global
requirements?  optimization

Start Set constraints

Optimal
Results

FIGURE 5. Optimized design flowchart.
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and the objective function and constraints are set at the same
time. Subsequently, the appropriate optimization algorithm is
selected, and tools are used to perform global optimization cal-
culations. During the optimization process, it is necessary to
determine whether the design meets the requirements. If it does
not satisfy the requirements, the design parameters and opti-
mization algorithm are adjusted, and the optimization iteration
is repeated. If it meets the design requirements, it will conduct
a multi-indicator comparison analysis to ensure the feasibility
and effectiveness of the optimization scheme. Finally, the re-
sults of the optimization design are output to form a complete
optimization scheme. The study selects efficiency and PD as
the optimization objectives, whose expressions are shown in
Equation (7).

n= phep x 100%
P _ Pa ™)
= Do

Wy

Let P, denote the motor output power, 7 the motor efficiency,
P, the PD, and W, the effective material weight of the motor.
The parameters to be optimized in the motor part are shown in
Fig. 6.

— -

FIGURE 6. Parameters to be optimized for the motor.

In Fig. 6, h,,, denotes the thickness of the PM, which deter-
mines the magnitude of magnetic flux and rotor magnetic per-
formance; h,, denotes the thickness of the outer layer of the
rotor, which affects the mechanical strength and thermal per-
formance of the rotor; hj, denotes the height of the stator slots,
which affects the filling factor of the windings and the electro-
magnetic performance of the motor; i, denotes the height of the
stator teeth, which determines the effectiveness of the magnetic
circuit and the stator strength; b, denotes the stator slot width,
which affects the wiring space of the windings and the current
density; b; denotes the stator tooth width, which determines the
flux distribution and the saturation characteristics of the stator
magnetic circuit; by denotes the slot width, which affects the
AG magnetic density distribution and the harmonic character-
istics of the motor. The optimization of AFPMSM is expressed
as a multi-objective optimization problem that involves maxi-
mizing efficiency and power density while minimizing energy
loss and failure rate. The mathematical model is established as
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shown in Equation (8).

h = ptes x 100%

.
Pa= ®
E = Bron + Pcnpper + Pfriction + Peddy
F=f(T,B,V)

In Equation (8), h represents the efficiency, Py the power
density, E the energy loss, F’ the failure rate, 7" the torque, B the
magnetic flux density, and V' the voltage stress. The constraint
conditions are shown in Equation (9).

Tnax < 120°C
V <400V
Boax < 12T

)

In Equation (9), Tiax represents the thermal constraint, V'
the voltage constraint, and Bp,x the magnetic saturation con-
straint. Use MOGA to solve this optimization problem. The
initial population is generated based on Latin hypercube sam-
pling to ensure diversity. The optimization process includes fit-
ness assessment, selection, crossover, mutation, and elite reten-
tion. The optimization termination condition is that the change
in Pareto front is less than 1% within 10 generations.

3. RESULTS

The first subsection sets the parameters of the GA and then
compares its performance. The second subsection analyzes the
effect of AFPMSM optimization.

3.1. Performance Analysis of Model Training Based on Multi-
Objective GA

The CPU used for the experimental hardware configuration
is Intel Core i15-13490KF. The GPU is NVIDIA Geforce
GTX3080Ti with 8 GB of video memory and 16 GB of RAM.
The dataset used is the PMSM Motor Design Data open dataset
and IEEE open dataset. The PMSM Motor Design Data dataset
contains geometrical, electrical, and performance parameters
of the motor including speed, output torque, current, efficiency,
power, voltage, number of pole pairs, and number of slots in
the stator. The study selected Particle Swarm Optimization
(PSO) and Ant Colony Optimization (ACO) as comparative
algorithms. The basic principles for selecting these algorithms
are as follows. PSO is a widely used swarm intelligence
algorithm that simulates the social behavior of particles in a
search space. It has been successfully applied to continuous
optimization problems and demonstrated strong convergence
in motor parameter optimization. ACO is a heuristic algorithm
inspired by ant foraging behavior. It is particularly effective
in discrete optimization problems, making it suitable for
optimizing motor topology and structural parameters. PSO
and ACO are commonly used in engineering optimization and
share similarities with GA in terms of population-based search
mechanisms. Comparing genetic algorithm with particle
swarm algorithm and ant colony algorithm can provide a
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deeper understanding of the advantages and disadvantages of
different evolutionary and swarm intelligence based optimiza-
tion strategies. The parameters of GA are first explored, and
the results are shown in Fig. 7.

Figures 7(a) and 7(b) present the effect of three different
population sizes (PSs) and crossover rates (CRs) on the perfor-
mance of the algorithm. In Fig. 7(a), the error of the algorithm
gradually decreases, and the convergence speed increases as the
PS increases. Specifically, the curve with a PS of 50 is com-
pared to PSs of 10 and 30. It shows a lower error in the early
iteration stage, and the overall decreasing trend is smoother and
more sustained. In Fig. 7(b), the case with a CR of 0.9 has the
fastest and most pronounced decrease in error throughout the it-
eration. In contrast, the case with a CR of 0.7 has a smaller rate
and magnitude of decline and performs the worst. This is be-
cause a higher CR promotes the mixing and transfer of superior
genes, increasing the global search capability of the algorithm.
GA and swarm intelligence algorithms, such as PSO and ACO,
are both based on swarm optimization techniques. GA imitates
natural selection, where individuals undergo crossover, muta-
tion, and selection to evolve better solutions. The inspiration
for PSO comes from social behavior in nature, where particles
update their positions based on individual and global best solu-
tions. ACO relies on pheromone updates to guide ants towards
better paths, making them more suitable for combinatorial op-
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timization problems. Unlike PSO and ACO, GA combines ge-
netic diversity and recombination, making it more effective in
exploring complex multimodal search spaces. In contrast, PSO
and ACO typically converge faster, but are prone to local op-
tima. Given these characteristics, comparing GA with PSO and
ACO can help evaluate the trade-off between multi-objective
motor optimization methods based on genetic evolution and
swarm intelligence [18]. This allows for more efficient explo-
ration of the solution space, which leads to faster achievement
of lower errors. The low CR limits this mixing and slows down
the convergence of the algorithm.

Figure 8(a) presents the change in loss function value of each
algorithm as the size of the dataset increases. Fig. 8(b) presents
the change in accuracy of each algorithm as the dataset size
increases. In Fig. 8(a), the loss function value of GA decreases
significantly with increasing dataset size and decreases most
rapidly and significantly among all the algorithms. Although
the loss function values of PSO and ACO also decrease with
the increase of dataset size, the decrease is not as large and fast
as that of GA. At dataset size of 900, the loss function value of
GA is close to 0.1; the loss function value of PSO is slightly
higher than 0.1; and the loss function value of ACO is around
0.15. In Fig. 8(b), GA shows the most significant improvement
in accuracy over the entire range of dataset sizes and reaches
a high accuracy close to 1.0 in large datasets. The accuracy of
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TABLE 1. Comprehensive model performance analysis.

Model Training error ~ Validation error ~ Final loss  Accuracy = Computation time
GA 0.05 0.08 0.10 0.98 200 ms
PSO 0.10 0.12 0.12 0.95 250 ms
ACO 0.15 0.18 0.15 0.93 300 ms
Unoptimized GA 0.20 0.25 0.30 0.8 450 ms
Model F1 score AUC Recall Precision  False positive rate
GA 0.97 0.99 0.98 0.99 0.01
PSO 0.94 0.96 0.94 0.96 0.05
ACO 0.92 0.92 0.91 0.94 0.07
Unoptimized GA 0.75 0.85 0.70 0.85 0.15
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FIGURE 9. Comparison of motor line no-load back electromotive force and total loss. (a) Comparison of no-load back electromotive force of motor

wires. (b) Energy loss comparison.

PSO and ACO, while also increasing with the dataset, ends up
at a lower level of accuracy than GA. At a dataset size of 900,
the accuracy of GA is close to 1.0, and the accuracy of PSO is
slightly lower than 1.0, at around 0.95. The accuracy of ACO
is also close to 0.95 but slightly lower than PSO. The suggested
multi-objective GA model performs reasonably well, according
to the experimental data. Each model’s overall performance is
examined, and Table 1 displays the findings.

In Table 1, the training error of the GA model is 0.05, and the
validation error is 0.08, both significantly lower than PSO and
ACO. Moreover, the final loss function value is 0.10, which is
the lowest. This indicates that GA exhibits good fitting ability
during the training phase. The accuracy of GA is 0.98, which is
better than the 0.95 and 0.93 of PSO and ACO, while the unop-
timized GA accuracy is only 0.80. GA also performs the best in
terms of computation time, only requiring 200 ms, while PSO
and ACO require 250 ms and 300 ms, respectively. The unop-
timized GA takes the longest time, at 450 ms. The F1 score
of GA is 0.97; area under the curve (AUC) is 0.99; and recall
rate is 0.98. It also has advantages in these aspects, reflecting
its strongest comprehensive performance in classification tasks.
The F1 scores of PSO and ACO are 0.94 and 0.92, respectively,
and the AUC is 0.96 and 0.92. Although the accuracy is high,
the recall rate and false positive rate are relatively low. It indi-
cates that they may not be able to effectively identify all pos-
itive class samples in certain situations. The unoptimized GA
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performs poorly, with an F1 score of 0.75 and an AUC of 0.85.
The recall and accuracy are significantly lower than those of
the optimized GA.

3.2. Analysis of AFPMSM Optimization Effects

The study uses different models to optimize the PMSM and se-
lects the motor line no-load back electromotive force and total
loss as indicators. The results are shown in Fig. 9.

Figure 9(a) presents the effect of different algorithms on the
motor line no-load back electromotive force. Fig. 9(a) presents
the comparison of energy losses of the motor before and af-
ter applying the algorithms. In Fig. 9(a), all the optimiza-
tion algorithms reduce the fluctuation of back electromotive
force. The waveforms of GA, PSO, and ACO are smoother
than pre-optimization, while GA shows the least fluctuation.
The peak value before optimization is about between +400V
and —400V, and after optimization GA may reduce this am-
plitude to about +350V and —350 V. In Fig. 9(b), the energy
loss of the motor increases gradually after all algorithms are
processed, but the optimized energy consumption is lower than
that of the unoptimized state. Among them, GA exhibits the
lowest energy consumption growth rate, followed by PSO and
ACO. The energy consumption of the unoptimized model in-
creases to about 2.6 kVt, and the energy consumption of the
GA increases only to about 2.4kVt. The results show that the
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TABLE 2. Comprehensive performance analysis of the motor after each optimization model.

Model Unoptimized GA PSO ACO ANSYS[19]
Efficiency (%) 85 92 90 89 87
Maximum power (kW) 200 250 240 235 233
Average energy consumption (kWh) 3 2.5 2.7 2.8 2.8
Failure rate (%) 5 1.5 2 3 1.3
Noise level (dB) 70 65 68 67 62
Energy loss (kWh) 0.5 03 035 038 0.42
Control stability 60 98 88 85 84
Disturbance resistance 62 99 95 84 89
Noise sensitivity 68 97 96 85 81
System response frequency (Hz) 50 100 85 80 82
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FIGURE 10. Loss analysis after optimization of each model. (a) Test 1. (b) Test 2.

proposed method exhibits high efficiency in these optimization
metrics, which effectively reduces the energy consumption and
the electromotive force fluctuation, and improves the overall
performance of the motor. Iron consumption, copper consump-
tion, PM eddy current loss, bearing friction loss, and air friction
loss are selected as the indicators, which are named as losses 1
to 5, respectively.

Figure 10(a) presents the comparison of motor losses under
different optimization algorithms in the first test. Fig. 10(b)
presents the comparison of motor losses under different op-
timization algorithms in the second test. In Fig. 10(a), the
unoptimized state has the highest loss and exhibits an energy
consumption about 4500 W. After optimization, especially with
GA, the losses are significantly reduced to a lower level, indi-
cating that GA is most effective in reducing iron consumption.
The energy losses under PSO and ACO are also reduced but not
as significantly as those under GA. In Fig. 10(b), GA usually
achieves the lowest energy loss in all loss types. The exper-
imental results show that the optimization algorithms such as
GA can significantly improve the energy efficiency of the mo-
tor, especially in reducing the critical losses such as iron loss
and PM eddy current loss. The overall performance of the mo-
tor optimized by each model is analyzed, and the results are
shown in Table 2.

92

According to Table 2, the GA optimization performs best in
terms of efficiency, reaching 92%, which is significantly higher
than the unoptimized 85%, indicating that the GA can effec-
tively improve the energy efficiency of the motor and reduce
the energy loss. In terms of maximum power output, GA also
leads, increasing to 250 kW, which is 25% higher than the un-
optimized state, reflecting the improved output capability of
the motor after GA optimization. In terms of average energy
consumption, GA reduces it to 2.5kWh, which is a signifi-
cant improvement compared to the unoptimized 3 kWh, indi-
cating that the optimization algorithm effectively reduces the
energy consumption during motor operation. The failure rate
has decreased from 5% before optimization to 1.5% after GA
optimization, indicating that the optimization significantly im-
proves the reliability of the motor and reduces the probability
of failure. The noise level has also been reduced from 70 dB
to 65 dB, improving the comfort of the operating environment.
The control stability, disturbance resistance, noise sensitivity,
and system response frequency have also been significantly im-
proved. Especially, under GA optimization, the control sta-
bility increases from 60 to 98, and the disturbance resistance
and noise sensitivity are also close to perfect, reaching 99 and
97, respectively. Moreover, the system response frequency in-
creases from 50 Hz to 100 Hz. They are significantly better than
the model proposed by Wang et al. [19].
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4. CONCLUSION

To address the design challenges of AFPMSMs in high PD and
high efficiency applications, the key design parameters were
investigated to be optimized by multi-objective GA. A two-
dimensional equivalent model was used to perform a detailed
analysis of the motor MF and armature response, which was
combined with a GA for MOO to improve the efficiency and PD
of the motor. The experimental results indicated that the opti-
mized motor efficiency reached 92%, and the PD was increased
by 25%. Its energy consumption was reduced to 2.5 kWh, the
failure rate reduced to 1.5%, and the noise level reduced to
65 dB, which was significantly better than the traditional PSO
and ACO algorithms. In addition, the GA optimization also
performed well in terms of control stability, disturbance resis-
tance, and system response frequency, which were improved to
98, 99, and 100 Hz, respectively, further verifying the advan-
tages of GA in MOO. The research results indicated that the
optimization method based on multi-objective GA could effec-
tively enhance the comprehensive performance of AFPMSM
and significantly improve its competitiveness in high PD and
high efficiency applications. However, there are also some
shortcomings in the research. For example, the parameter se-
lection of optimization algorithms has a significant impact on
the results, high algorithm complexity, and long computation
time. Future research will focus on further optimizing the pa-
rameter settings of GA to reduce the computational complex-
ity. By introducing automatic adjustment techniques such as
Bayesian optimization, the dynamic adjustment of optimiza-
tion algorithm parameters can be achieved, thereby improving
the adaptability of the algorithm, reducing the dependence on
manual parameter adjustment, and reducing the volatility of op-
timization results.
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