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Permanent magnet synchronous motors are widely employed in new energy systems,
industrial drives, and electric transportation, where increasingly stringent requirements are
imposed on efficiency and loss control. However, under non-sinusoidal current and
magnetic field conditions, stator core loss (also known as iron loss) exhibits highly
nonlinear characteristics. Conventional core-loss models based on steady-state or
sinusoidal assumptions are therefore unable to accurately represent actual losses, which
limits the effectiveness of design optimization. In this study, an accurate stator core-loss
model was established based on time-domain magnetic field decomposition. A Kriging
surrogate model constructed using Latin hypercube sampling was integrated with a
controlled elitist non-dominated sorting multi-objective genetic algorithm for global
optimization. The optimization results indicate that stator core loss was reduced by 117.55
W, corresponding to a 47.6% decrease, while constraints on output power and efficiency
were simultaneously satisfied. These results demonstrate that the proposed modeling and
optimization framework provides an effective and reliable approach for addressing
complex nonlinear electromagnetic optimization problems in permanent magnet

synchronous motor design.

1. INTRODUCTION

With the rapid deployment of high-performance permanent
magnet synchronous motors in new energy systems, industrial
drive systems, and electric transportation, increasingly
stringent requirements have been imposed on motor efficiency
and loss reduction [1-3]. Consequently, higher levels of
accuracy and computational efficiency are required in motor
performance evaluation and design optimization. In
conventional practice, the Bertotti frequency-domain core-loss
model is commonly adopted to estimate motor core loss and to
support performance analysis and optimization [3]. However,
under practical operating conditions, permanent magnet
synchronous motors are often subjected to non-sinusoidal
current excitation and magnetic field waveforms. As a result,
stator core loss exhibits pronounced nonlinear characteristics,
and conventional core-loss models based on steady-state or
purely sinusoidal assumptions are unable to accurately
represent the actual loss behavior [4-8].

Meanwhile, permanent magnet synchronous motor design
involves a large number of structural parameters that exhibit
strong nonlinear coupling relationships. Traditional
optimization approaches therefore tend to become trapped in
local Pareto-optimal solutions, which limits the ability to
achieve coordinated multi-objective optimization [9-13]. At
present, the surrogate model—assisted Non-dominated Sorting
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Genetic Algorithm II is widely employed for multi-objective
optimization of electromagnetic devices. However, during the
environmental selection stage, a strict absolute elitism
preservation strategy is typically adopted. When applied to
complex solution spaces containing substantial subharmonic
and harmonic electromagnetic components, this mechanism
can easily lead to the loss of lateral population diversity,
causing the algorithm to become trapped in local Pareto-
optimal regions during the later stages of the search [14-16].

To address the aforementioned challenges, an accurate
stator core-loss modeling approach based on time-domain
magnetic field decomposition was developed. The proposed
framework was further integrated with a Kriging surrogate
model and a controlled elitist non-dominated sorting multi-
objective genetic algorithm to enable efficient global
optimization. Through this approach, stator core loss under
non-sinusoidal magnetic field conditions was accurately
characterized, while optimal design of structural parameters
was simultaneously achieved under constraints on output
power and efficiency. Optimization results demonstrate that
the proposed framework provided significant advantages in
reducing stator core loss and improving overall motor
performance. These findings further confirmed the
effectiveness and robustness of the proposed methodology for
complex nonlinear electromagnetic optimization problems in
permanent magnet synchronous motor design.
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2. ACCURATE CORE-LOSS MODELING
2.1 Classical frequency-domain core-loss model

The widely adopted Bertotti frequency-domain core-loss
model was originally proposed in 1988. Based on the physical
mechanisms responsible for core-loss generation, the total
core loss Pr. can be decomposed into three components when
the magnetic flux density waveform is assumed to be
sinusoidal:

P. =R +P.+P, =k, fB;

+k F2B2 +k, F°B1S O
where, P represents hysteresis loss, P. denotes eddy current
loss, and P. corresponds to excess loss, a is an empirical
coefficient, B,, denotes the amplitude of the magnetic flux
density, k; is the hysteresis-loss coefficient, k. is the eddy-
current-loss coefficient, and k. is the excess-loss coefficient.
Through analysis of the Bertotti core-loss separation model, it
can be observed that accurate estimation of core loss can be
achieved under sinusoidal, low-frequency unsaturated
magnetic fields. However, when the magnetic field becomes
non-sinusoidal, significant deviations may arise between the
calculated and actual core-loss values [17-19].

2.2 Accurate core-loss modeling under non-sinusoidal
magnetic fields

Analysis of the Bertotti core-loss separation model indicates
that the formulation in Eq. (1) is derived under the assumption
that the magnetic flux density waveform is sinusoidal.
However, in practical electrical machines, the magnetic flux
density in the air gap and the induced flux within the stator
core are rarely purely sinusoidal. This behavior arises from
factors such as the magnetization direction of permanent
magnets and slotting effects. Consequently, the resulting
magnetic field contains significant harmonic components.
When core loss is evaluated using a time-domain approach, the
instantaneous waveform of the induced magnetic field can be
directly processed without decomposing it into a sinusoidal
fundamental component and its harmonic components. This
strategy eliminates errors introduced by harmonic
approximation or truncation, thereby enabling more accurate
characterization of stator core loss under non-sinusoidal
excitation conditions.

To accurately quantify core loss under complex magnetic
field conditions, the magnetic flux density vector B(f) at an
arbitrary spatial position is decomposed into radial and
tangential components, denoted as B,(¢) and By(¢), respectively,
within an orthogonal coordinate system. Assuming that the
magnetic material exhibits isotropic properties, the total core
loss can be expressed as the nonlinear superposition of losses
generated by alternating magnetic fields along the two
orthogonal directions.

Hysteresis loss arises from the continuous reorientation of
magnetic domains in ferromagnetic materials under an
alternating magnetic field, which results in irreversible energy
dissipation. The rainflow counting method is employed to
evaluate the hysteresis loops generated by the fundamental
magnetic field component, allowing the reconstruction of
hysteresis loss. Accordingly, the hysteresis-loss formulation is
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modified as follows [20]:

kh ZIAB” |a +ZS:IAB(9] |a

)

where, N, and Ny denote the effective numbers of local
hysteresis loops extracted from the radial and tangential
magnetic flux density components, respectively.

The time-domain integral expressions for classical eddy-
current loss and excess loss can be derived based on the law of
electromagnetic induction and statistical loss theory.
According to these principles, classical eddy-current loss is
proportional to the square of the rate of change of magnetic
flux density, whereas excess loss is proportional to the 1.5
power of the rate of change of magnetic flux density. By
substituting the orthogonally decomposed magnetic flux
density components into the time-domain integral formulation,
the expressions below can be obtained.

The time-domain classical eddy-current loss P. is given by:

ke (T|( 9B, (dB,0)Y
= + dt
¢ 2x?T .[o [ dt dt ®)
The time-domain excess loss P, is expressed as:
dB (t)| NEACI
P, = dt
78 76T I ¢ | T | @

Accordingly, the accurate time-domain stator core-loss
model under non-sinusoidal magnetic field conditions can be
expressed as follows:

P =R+ +P,

k N, Ny
= 2B "+ IAB, ; |
T i=1 j=1

. kcz ITHdBr(t)j +(d89(t)j }dt
27°T 0|\ dt dt
Lk [ 4B, O, |dB, [ |,
8.76T Yo || dt |

dt |

Based on the preceding calculations, it can be observed that
the suppression of high-order harmonic components
responsible for increased hysteresis loss is essential. At the
same time, the distribution of leakage magnetic flux and the
saturation level near the stator tooth tips must be regulated in
order to further mitigate harmonic distortion. Under these
considerations, the optimization of key structural
parameters—including the permanent magnet pole arc
coefficient, air-gap length, slot opening width, and permanent
magnet thickness—is identified as an effective approach.
Accordingly, a sensitivity analysis was conducted for the
above parameters. Subsequently, multi-objective optimization
was performed by taking stator core loss and motor
performance indicators, including efficiency and output torque,
as the objective functions.

)




3. SENSITIVITY ANALYSIS OF CORE-LOSS

INFLUENCING PARAMETERS
3.1 Optimized motor configuration

A 10 kW permanent magnet direct-drive synchronous
generator with 48 pole pairs and 87 stator slots was selected as
the research object. The rotor magnetic circuit adopts a
surface-mounted permanent magnet structure. The principal
design parameters of the machine are summarized in Table 1.

Table 1. Main parameters of the investigated machine

Parameter Value Unit Parameter Value Unit

Rated power 10 kW Allr-gap 25  mm
ength
Slot opening

Rated speed 120 rpm width 3 mm
Number of = yg _ Slotdepth  47.1  mm

pole pairs

Number of Pole-arc

stator slots 87 ) coefficient 0.86 .

Permanent

magnet 7 mm
thickness

3.2 Sensitivity analysis of design parameters

A finite element parametric sweep was performed to
evaluate the sensitivity of the selected design parameters and
to determine their corresponding optimization effectiveness
and feasible design boundaries. The sweep range was defined
by taking the initial electromagnetic design obtained from the
magnetic circuit calculation as the central reference point, with
the parameter values gradually expanded toward both upper
and lower limits. During the analysis, each design parameter
was varied independently, while all remaining parameters
were kept constant. The results are illustrated in Figure 1.
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Figure 1. Variation curves of stator core loss with respect to
key motor parameters

As illustrated in Figure 1, stator core loss varies with
changes in the five parameters. However, the degree of
influence exerted by each parameter on stator core loss is
different. In addition to reducing stator core loss, it is essential
to ensure that the electromagnetic performance of the motor
remains optimized during the design process. Therefore,
efficiency and output torque were selected as additional
performance indicators for evaluation. Parametric sweep
calculations were further conducted for each design variable.
The sensitivity of each parameter was then quantified. The
sensitivity calculation was performed using the formulation
given in Eq. (6), and the resulting sensitivity distributions are
presented in Figure 2.

s - [f(xtAX)— f(xo)]/f(x0)|
Al T |

HAX, /X

(6)

where, Sy denotes the sensitivity of each parameter. By
summing the calculated sensitivity values, it is observed that



the slot opening width exhibits relatively low sensitivity.
Consequently, the permanent magnet pole-arc coefficient, slot
depth, air-gap length, and permanent magnet thickness were
selected as the primary design variables for subsequent
optimization.

I Output torque 8 Efficicncy B8 Output torque

Sensitivity factor

Permanent Slot o_ato s

i s Pole-sitt g depth  Alr-gap
magne Opening  coefficient length
thickness width

Figure 2. Sensitivity analysis of key parameters

4. OPTIMIZATION OF STATOR CORE LOSS

Currently, optimization approaches for improving motor
performance can generally be classified into two categories.
The first category consists of analytical optimization methods,
whereas the second category involves design-of-experiments-
based optimization methods. Optimization methods based on
experimental design can be further divided into three main
types: the Taguchi method, direct optimization based on
intelligent  algorithms, and surrogate model-based
optimization methods. Among these approaches, surrogate
model-based optimization has high computational efficiency
and strong predictive capability. The fundamental principle of
surrogate model-based optimization is to construct a model
that describes the relationship between input design
parameters and output performance indicators using a limited
number of finite element simulation samples. This approach
can provide a basis for subsequent optimization of additional
motor performance indicators. In this study, a surrogate
model-based optimization framework was employed to
minimize stator core loss in the permanent magnet
synchronous motor, thereby improving the overall
electromagnetic performance of the machine.

4.1 Finite element sampling

Prior to constructing the surrogate model, samples must first
be generated within the design space defined by the
optimization ranges of the selected parameters, and
corresponding finite element simulations must be performed.
This process is commonly referred to as sampling. The
selection of the sampling strategy has a significant influence
on the result of the generated sample set. In this study, the
Latin hypercube sampling method was adopted. Latin
hypercube sampling, also known as stratified random
sampling, allows the global distribution of design variables to
be effectively represented using a relatively small number of
samples. Consequently, the sampling efficiency of the

optimization process can be significantly improved. The
sampled design parameters include the pole-arc coefficient,
air-gap length, slot depth, and permanent magnet thickness.
The generated sample data are summarized in Table 2.

Table 2. Sample data

Permanent Pole-Arc Slot Air-Gap
Sample Magnet Thickness . Depth Length
Coefficient

(mm) (mm) (mm)
Sample 1 7.0 0.84 42.95 2.92
Sample 2 7.2 0.89 48.60 2.84
Sample 3 6.3 0.86 50.11 2.36
Sample n 7.11 0.93 47.47 2.76

4.2 Surrogate model comparison

The Kriging model exhibits high prediction accuracy and
computational efficiency. In addition, it is well suited for
addressing complex nonlinear optimization problems, such as
those encountered in electromagnetic design of electrical
machines. Compared with artificial intelligence—based models
such as neural networks, the Kriging model requires
significantly fewer training samples. The Kriging surrogate
model can be expressed as:

y(¥) =) +2(x) ()

where, x denotes the design parameter, y(x) represents the
approximated response function, f{x) represents the global
approximation model of the polynomial response surface, and
z(x) corresponds to the local deviation term.

In Eq. (7), the term z(x) is modeled as a stationary Gaussian
random process with a mean value of zero and covariance o2

covz(x), z(x;)] = o’ R[R(X;, X;)] (8)

where, R[] denotes the correlation matrix, and R(x;x))
represents the correlation function between two sample points.
The Gaussian correlation function of R(x;,x;) can be written as:

R(%,X;) = eXp(—zkmzlﬁk | X =X, 1) ©)

where, m denotes the number of design variables, and 6
represents the unknown correlation coefficient of the
approximated surrogate model. The estimated value of y(x) at
the point x can be expressed as follows:

§=p+r" (R (y-f4) (10)

where, y denotes an n-dimensional unit column vector, and 77
represents the correlation vector.

r() =[R(x %), R %)+ R(X, X, )]

N 11

ﬂ:(fTR_lf)_lfTR_ly ( )
The variance estimation can be written as:

6_2=(y_fB)T R_l(y_fﬁ) (12)

n



The maximum likelihood estimation for fitting the Kriging

model can be expressed as:

nin(é*)+In|R|

By solving the #k-dimensional nonlinear optimization
problem, the Kriging model can be obtained (Figure 3).
Figure 3 presents the three-dimensional Kriging surrogate
model relationships between stator core loss and the optimized

max d(6,) = 5 (13) structural parameters.
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Figure 3. Kriging surrogate model of stator core loss

4.3 Model validation

The input parameters of the sampled dataset consisted of the
pole-arc coefficient, air-gap length, slot depth, and permanent
magnet thickness, while the output parameters included the
stator core loss under no-load conditions, as well as the output
power and efficiency under generator operating conditions.
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The Kriging surrogate model constructed using Latin
hypercube sampling was trained with 300 sample points. The
resulting model was capable of accurately capturing both the
global and local characteristics of the relationship between the
input design variables and the output performance indicators.
To evaluate the predictive accuracy of the surrogate model, the
coefficient of determination (R?) was employed as the



validation metric:

R? =1_M
zizl(yi - 7,)

where, N denotes the number of testing points, y; represents
the actual value of the i-th testing point, §; denotes the
predicted value of the i-th testing point, and y; represents the
mean value of the observed data for N testing points. A value
of R? closer to 1 indicates higher predictive accuracy of the
surrogate model. The calculated prediction coefficients are
presented in Figure 4, which demonstrates that the constructed
surrogate model achieves a high degree of fitting accuracy.

(14)
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Figure 4. Prediction accuracy of the Kriging surrogate model
for stator core loss (the coefficient of determination R?)

The calculated coefficient of determination for the Kriging
surrogate model of stator core loss is 0.98, indicating that the
constructed surrogate model achieves high prediction
accuracy.

4.4 Surrogate model-Assisted optimization

In the multidimensional parameter optimization of
permanent magnet synchronous generators, conventional
heuristic optimization algorithms are prone to becoming
trapped in local Pareto-optimal regions during the later stages
of the search process. To address this limitation, a non-
dominated sorting multi-objective genetic algorithm based on
the controlled elitism strategy (controlled-elitism Non-
dominated Sorting Genetic Algorithm II, a multi-objective

genetic algorithm) was adopted to perform global optimization.

In the traditional Non-dominated Sorting Genetic
Algorithm II algorithm, environmental selection is performed
strictly according to the non-dominated sorting rank of the
Pareto fronts (Front i) and the crowding distance. When the
number of non-dominated individuals in the first front (Front
1) exceeds the predefined population size N, individuals
belonging to inferior fronts (Front 2, Front 3, ...) are
completely excluded by the algorithm. To maintain the spatial
exploration capability of the population, the multi-objective
genetic algorithm introduces a controlled elitism strategy, in
which the number of individuals allowed to enter the next
generation from each Pareto front is strictly constrained
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according to a geometrically decreasing distribution.
Assuming that the population size is N and the current
population is divided into K non-dominated fronts, the
controlled elitism strategy specifies that the maximum number
of individuals allowed to enter the next generation from the i-
th front, denoted as n;, follows the geometric sequence:
n=r-n_ (15)
where, 7 represents the hierarchical decay coefficient, with »<1.
Meanwhile, the total number of individuals retained from all
Pareto fronts must satisfy the population size constraint, which
can be expressed as:

(16)

By jointly solving the above equations, the retention quotas
for each Pareto front level, ranging from the globally optimal
solutions to relatively inferior solutions, can be determined
with precision. The Pareto solution set obtained for stator core
loss using the multi-objective genetic algorithm is illustrated
in Figure 5.

i

i
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Output torque
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501 .

119 120
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Figure 5. Pareto solution set of stator core loss and output
torque for the motor

Based on the obtained Pareto solution set, the final
optimized parameters can be selected and are summarized in

Table 3.

Table 3. Optimal design parameters

Parameter Value
Permanent magnet thickness (mm) 6.3
Pole-arc coefficient 0.77
Slot depth (mm) 424
Air-gap length (mm) 3.8

To verify the effectiveness of the optimization strategy, the
optimized parameters were applied to the motor model and
evaluated. The results were then compared with those of the
initial design, as summarized in Table 4. The results indicate
that, after optimization, stator core loss is reduced by 117.55
W, corresponding to a reduction of 47.6%. Meanwhile, the



motor efficiency increases from 92.4% to 95.6%. The output
torque decreases slightly from 506.88 N'm to 501.58 N-m,
which does not significantly affect the overall output
performance of the motor.

Table 4. Performance comparison between the initial design
and the optimized design

Performance Indicator Initial Design Optimized Design
Stator core loss (W) 226.19 118.64
Output torque (N-m) 506.88 501.58

Efficiency (%) 924 95.6
5. CONCLUSION

A time-domain stator core-loss model based on magnetic
field decomposition was introduced to accurately characterize
core loss under non-sinusoidal magnetic field conditions.
Based on the proposed model, several key motor design
parameters closely related to stator core loss were identified.
A Kriging surrogate model constructed using Latin hypercube
sampling was subsequently developed, and a controlled-elitist
non-dominated sorting multi-objective genetic algorithm was
employed to achieve efficient global optimization. The results
demonstrate that the constructed Kriging surrogate model
exhibits high predictive accuracy, and its integration with the
multi-objective genetic algorithm effectively can overcome
the tendency of conventional optimization methods to become
trapped in local Pareto-optimal solutions. Under the
constraints of output power and efficiency, the optimized
motor structure reduced stator core loss by 117.55 W,
corresponding to a reduction of 47.6%, while significantly
improving overall motor performance. These results confirm
that the proposed stator core-loss model and optimization
strategy provide an effective and reliable approach for
addressing complex nonlinear electromagnetic optimization
problems in permanent magnet synchronous machine design.
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