
Academic Editor: Julian F Dunne

Received: 22 August 2026

Revised: 12 September 2026

Accepted: 17 September 2026

Published: 22 September 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Multi-Point Optimization of High-Speed EV Traction Motors
Considering Core Materials and Operating-Condition Sensitivity
Under the WLTP Driving Cycle
Jing Zhang 1, Shiqi Xu 1 , Shiwei Zhang 2, Jinhua Du 1,* and Jianing Wang 1

1 The State Key Laboratory of Electrical Insulation and Power Equipment, Xi’an Jiaotong University,
Xi’an 710049, China; zj0323@stu.xjtu.edu.cn (J.Z.); shiqixu@stu.xjtu.edu.cn (S.X.);
jianingwang@stu.xjtu.edu.cn (J.W.)

2 State Key Laboratory of Smart Power Distribution Equipment and System, Hebei University of Technology,
Tianjin 300130, China; 202211401003@stu.hebut.edu.cn

* Correspondence: jinhuadu@mail.xjtu.edu.cn

Abstract

This paper proposes a multi-point optimization method for a high-speed interior perma-
nent magnet synchronous motor (HIPMSM) used in electric vehicle (EV) traction under
the WLTP driving cycle. Representative operating points are first extracted from the WLTP
speed–torque distribution, and their energy weights are determined according to the energy
contribution of each operating region. The resulting operating points cover heavy-load
climbing, frequent start–stop, normal cruising, and high-speed cruising conditions, pro-
viding a basis for multi-condition motor design. The characteristics of different stator
core materials are then evaluated, and the amorphous magnetic alloy (AMA) motor is
selected for further optimization. To link material characteristics and operating conditions
with motor performance, four electromagnetic indicators are derived from the loss and
torque formulations. Their sensitivities to structural parameters are evaluated under the
representative conditions and mapped to efficiency, average torque, and torque ripple
to identify key design variables for multi-point optimization. Response surface models
and NSGA-II are then employed for multi-objective optimization. Compared with rated-
point optimization, the proposed multi-point method increases the high-efficiency area
from 64.5% to 69.2%. The average torque under the heavy-load condition is increased by
approximately 6.5%, while the torque ripple under the high-speed condition is reduced
from 17.9% to 12.6%. Finally, thermal validation further confirms that the optimized
motor maintains acceptable temperatures under severe high-speed operation. The re-
sults demonstrate that the proposed method achieves a more balanced improvement in
efficiency and torque performance over the WLTP operating range than conventional
rated-point optimization.

Keywords: permanent magnet synchronous motor; high-speed motor; amorphous magnetic
alloy; WLTP; multi-point optimization

1. Introduction
As the global energy challenge continues to grow, electric vehicles (EVs) have attracted

extensive attention because of their potential to reduce or eliminate tailpipe emissions
and alleviate environmental and energy-related pressures [1,2]. Among various traction-
machine technologies, interior permanent magnet synchronous motors (IPMSMs) are
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widely employed in EV applications owing to their high power density, favorable speed-
regulation capability, and reliable operation [3–6]. In recent years, EV traction motors have
increasingly developed toward higher rotational speeds and electrical frequencies [7], mak-
ing the design and performance improvement of high-speed interior permanent magnet
synchronous motors (HIPMSMs) increasingly important.

With increasing operating frequency, motor losses become more pronounced and may
lead to excessive temperature rise, reduced driving range, and deteriorated operational
reliability. These problems are closely associated with the electromagnetic characteristics of
conventional silicon-steel laminations. Consequently, the use of alternative magnetic mate-
rials provides an effective route for improving high-speed motor performance [8]. With
the development of advanced soft magnetic materials, amorphous magnetic alloy (AMA),
ultra-thin silicon steel (UTSS), grain-oriented silicon steel, and soft magnetic composites
have been increasingly investigated for high-performance electrical-machine cores [9].
AMA features extremely low core loss, although its brittleness and hardness increase the
difficulty of core manufacturing [10,11]. UTSS, generally referring to silicon-steel lamina-
tions with a thickness below 0.05 mm, is also attractive for high-speed motors because
of its relatively high saturation flux density, favorable manufacturability, and structural
reliability. Nevertheless, the electromagnetic properties of these emerging materials differ
considerably from those of conventional silicon steel. Therefore, direct material substitution
without corresponding structural redesign may not fully exploit their advantages. The
machine geometry should instead be adapted according to both design requirements and
material characteristics. Moreover, whether these advanced materials can maintain their
performance advantages throughout the entire operating range, rather than only under
high-speed conditions, still requires systematic comparison.

Efficient optimization is also essential for accommodating the different design require-
ments and electromagnetic characteristics introduced by new core materials. Electrical-
machine optimization usually involves several competing performance indices, including
loss, efficiency, and torque ripple, making multi-objective optimization necessary to obtain
a balanced design. Kriging models are frequently employed as surrogate models in such
optimization problems; however, their parameter estimation can become complicated as
the number of design variables increases, and some model settings may require additional
adjustment [12]. Genetic algorithms and particle swarm optimization have also been ap-
plied to multi-objective motor design, but their convergence behavior may deteriorate in
complex optimization spaces, increasing the possibility of premature convergence [13,14].
Therefore, the Non-dominated Sorting Genetic Algorithm II (NSGA-II) is employed in
this study. To further reduce the computational burden, a response surface (RS) surrogate
model is adopted. Simpson et al. [15] demonstrated that polynomial response surfaces
provide efficient and stable approximations for smooth engineering design problems.
Simpson et al. [16] further compared response-surface and Kriging models for engineering
design optimization. Forrester and Keane [17] reviewed the development and application
of surrogate-based optimization for computationally expensive engineering problems. Ac-
cordingly, the RS method provides an efficient and robust surrogate framework for the
multi-operating-point optimization considered in this study.

However, optimizing a motor at only one operating point may improve local perfor-
mance while degrading its behavior at other operating conditions [18]. For EV traction
applications, the optimization process should therefore account for the varying operating
states encountered throughout a driving cycle. Directly incorporating a large number of
driving-cycle operating points would, however, require extensive finite-element evalu-
ations and substantially increase the computational cost [19]. Achieving representative
coverage of the driving cycle with an acceptable computational burden is therefore an
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important issue in EV traction-motor optimization. In addition, conventional driving
cycles such as the New European Driving Cycle (NEDC) provide limited representation of
high-speed driving conditions and are consequently less suitable for evaluating modern
high-speed traction motors [20]. It is therefore necessary to employ a driving cycle that
better reflects realistic vehicle operation and provides sufficient coverage of high-speed
operating regions.

This paper aims to develop an efficient design framework for HIPMSMs that balances
efficiency, torque capability, and torque stability over the EV operating range. The main
contributions are as follows. Silicon steel, ultra-thin silicon steel (UTSS), and amorphous
magnetic alloy (AMA) are first evaluated in terms of magnetic characteristics and motor
performance, and AMA is selected for further optimization. Representative operating
points (RPs) are then extracted from the WLTP driving cycle using K-means clustering,
with energy-based weights introduced to retain the contribution of different operating
regions while reducing computational cost. To link material characteristics and operating
conditions with motor performance, four electromagnetic indicators are derived from the
loss and torque formulations. Their sensitivities to structural parameters are evaluated
under the representative conditions and mapped to efficiency, average torque, and torque
ripple to identify key design variables. Based on these results, response surface models and
NSGA-II are employed for multi-objective multi-point optimization, and the effectiveness
of the proposed method is evaluated against rated-point optimization. Finally, the thermal
performance of the optimized motor is verified under high-speed operation.

The remainder of this paper is organized as follows. Section 2 determines the HIPMSM
topology and analyzes the loss and efficiency characteristics of conventional-speed and
high-speed motors. Section 3 extracts representative operating points and their energy
weights from the WLTP driving cycle. Section 4 evaluates different core materials and
establishes the electromagnetic indicators associated with core loss, average torque, and
torque ripple. Section 5 presents the sensitivity-guided multi-point optimization and
compares its performance with rated-point optimization. Section 6 verifies the temperature-
rise performance of the optimized motor under high-speed operation. Finally, Section 7
summarizes the main conclusions.

2. Structure of HIPMSM and Analysis of Loss and Efficiency
For HIPMSM, overcoming high-frequency losses is a common consensus. However,

focusing only on losses under high-speed conditions does not reflect the actual operating
conditions of EVs. Therefore, this section will analyze the loss and efficiency performance
of HIPMSM in different situations.

Selecting an appropriate electrical machine topology is crucial for ensuring the feasi-
bility and efficiency of the machine. In this paper, an IPMSM with an 8-pole 48-slot (48S8P)
configuration, featuring ∇-shape permanent magnets (PMs) and distributed windings, is
determined as the research subject. It is a commonly used topology, with numerous studies
attesting to the superior output performance of this topology [21,22]. Figure 1 illustrates
the main topology of the IPMSM.

To evaluate the loss and efficiency characteristics of HSM, a conventional-speed motor
(CSM) with the same peak power of 75 kW and rated power of 38 kW is designed for
comparison. Their main specifications are listed in Table 1, while the peak and rated
torque–speed characteristics are shown in Figure 2. The corresponding loss and efficiency
results are presented in Figure 3.
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Figure 1. Structure of HIPMSM. (a) Two-dimensional topology; (b) three-dimensional struc-
tural model.

Table 1. Technical specifications of CSM and HSM.

Item CSM HSM Unit

Peak Torque 240 90 Nm
Peak Power 75 75 kW

Maximum Speed 9000 20,000 rpm
Rated Speed 3000 8000 rpm
Rated Torque 120 45 Nm
Rated Power 38 38 kW

Maximum Torque at
Maximum Speed >50 >30 Nm

18,00012,0009000600030000 15,000

 

Figure 2. Torque–speed characteristic of CSM and HSM.

Compared with CSM, HSM exhibits higher overall losses because of its higher power
density. The dominant loss region shifts from the constant-torque region in CSM to the
constant-power region in HSM, where core loss becomes particularly significant. At higher
speeds, however, the increase in core loss is moderated by the increasing negative (id),
which weakens the stator magnetic field. These results indicate that core loss remains a key
limitation of HSM over a wide operating range, motivating the introduction of advanced
core materials in Section 4.
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(a)  (b) 

Figure 3. Losses and efficiency. (a) CSM, (b)HSM.

3. Representative Operating Points Extraction
The operating range of the drive motor is extensive, and design based only on the rated

operating point no longer meets actual requirements. However, the actual driving cycles
of EVs are often characterized by thousands of operating points, leading to an extremely
large computational load. Extracting RPs to reduce the number of operating points, it is
an effective method that has been explored in recent years to balance accuracy and time
cost [23]. The use of the K-clustering method can simplify data by modeling and statically
classifying data into different groups.

The WLTP speed sequence v(t) is sampled at ∆t = 1 s. A longitudinal vehicle
dynamics model is employed to calculate the traction force demand:

Ftrac(t) = ma(t) + mgCrr +
1
2

ρCd A f v(t)2 + mgsin θ, a(t) =
dv(t)

dt
(1)

The vehicle mass m is set to 1800 kg, and the effective wheel radius Rw is 0.31 m. The
rolling resistance coefficient Crr and aerodynamic drag coefficient Cd are assumed to be
0.010 and 0.28, respectively. The frontal area A f is 2.2 m2 and the air density ρ is taken as
1.225 kg/m3. A flat road condition is considered, i.e., the road slope angle θ = 0. The total
transmission ratio i is set to 12, and the drivetrain efficiency ηdl is assumed to be 0.95. The
wheel torque is

Tw(t) = Ftrac(t)Rw (2)

which is mapped to the motor side through the drivetrain:

ωm(t) =
v(t)
Rw

i, nm(t) = ωm(t)
60
2π

(3)

Tm(t) =
Tw(t)
iηdl

(4)

To prevent near-zero torque samples from biasing the clustering and weight calcula-
tion, operating points with | Tm(t) |< 1 N·m are excluded from the analysis.

To eliminate the influence of the different numerical scales of speed and torque, both
variables are normalized before K-means clustering as

x̃i,q =
xi,q − xmin

q

xmax
q − xmin

q
, q ∈ {n, T}, (5)

and the Euclidean distance is then calculated in the normalized speed–torque space. Set
the input sample dataset as X and the output clustering set as C. Select any k data points
from X to form the first generation of clustering center set A. Then, calculate the Euclidean
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distance between all samples and each clustering center, and assign the samples to the
corresponding clustering set based on the nearest distance criterion. The specific calculation
formula is as follows.

Ci
(t) = argmin

1≤j≤k
{∥xi − aj

(t)∥2} (6)

where xi is the ith sample, aj is the jth cluster center, Ci is the cluster set closest to aj, and
t is the number of iterations. Furthermore, calculate the mean of the sample data in each
clustering set to serve as the new generation of clustering centers, which can be given by

aj
(t+1) =

1

|Ci
(t)| ∑

xi∈Ci
(t)

xi (7)

Repeat the iteration until the change rate of the clustering centers is zero, and then
stop the iteration and output the clustering set and clustering centers.

To effectively reflect the diverse operating conditions of EV traction motors, the
Worldwide Harmonized Light Vehicles Test Procedure (WLTP) is adopted as the standard
driving cycle, as shown in Figure 4. The corresponding motor operating profile includes
both positive- and negative-torque intervals, where positive torque represents motoring
operation and negative torque corresponds to regenerative braking. Since the present study
focuses on traction-mode motor performance, only operating points with Tm(t) > 0 are
considered in the subsequent K-means clustering and energy-weighting process.

12,000

10,000

14,000

− 60

− 120

 

Figure 4. Motor speed and torque profiles under the WLTP driving cycle.

To reflect the contribution of each RP to the WLTP cycle, an energy-based weighting
scheme is introduced. The instantaneous mechanical power is

Pm(t) = Tm(t)ωm(t). (8)

For cluster i, the positive mechanical-energy contribution is calculated as

E+
i = ∑

t∈Ci
Tm(t)>0

Pm(t)∆t (9)

The normalized weight is

wi =
E+

i

∑k
j=1 E+

j

,
k

∑
i=1

wi = 1 (10)
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Thus, wi represents the positive mechanical-energy contribution of each motoring op-
erating region to the traction-energy demand considered in the subsequent multi-operating-
point evaluation and optimization.

To determine the appropriate number of clusters, a sensitivity analysis is performed
for k = 2–10. For each k, K-means with k-means++ initialization is repeated 20 times, and
the solution with the minimum within-cluster sum of squares (SSE) is retained, where

SSE =
k

∑
i=1

∑
xj∈Ci

∥xj − µi ∥2 (11)

The clustering quality is further evaluated using the mean silhouette coefficient

S =
1
N

N

∑
j=1

bj − aj

max(aj, bj)
, (12)

where aj and bj denote the intra-cluster and nearest-cluster distances, respectively.
As shown in Figure 5, SSE exhibits an elbow around k = 4, while the silhouette

coefficient reaches its maximum at k = 4. Therefore, k = 4 is selected considering both
compactness and separation criteria.

   
(a)  (b) 

Figure 5. Determination of the optimal number of clusters for K-means clustering: (a) elbow analysis
based on the within-cluster sum of squares (SSE); (b) silhouette coefficient analysis. SSE (also referred
to as WCSS) denotes the within-cluster sum of squares, and k denotes the number of clusters.

Based on the speed–torque characteristics of the data points in each cluster, the
four clusters are associated with climbing with heavy load, frequent start–stop, normal
cruise, and high-speed cruise conditions, respectively, as shown in Figure 6a. The cen-
troid of each cluster is initially taken as its representative operating point (RP). For the
normal-cruise cluster O3, the true centroid is located at 8241 rpm and 41.36 Nm, which is
close to the rated operating point of 8000 rpm and 45 Nm. As quantitatively compared
in Figure 6b, the relative deviations in speed, torque, and mechanical power are 3.01%,
8.09%, and 5.32%, respectively. To retain the rated operating point as a common reference
for the multi-point and single-rated-point optimization strategies, the rated operating point
is adopted to represent O3 in the subsequent optimization. The torque, speed, and energy
weight of each RP are summarized in Table 2.
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Figure 6. (a) K-means clustering results; (b) comparison of the O3 representative point.

Table 2. Torque–speed distributions of RPs.

RP Driving Conditions Speed/rpm Torque/Nm wi

O1 climbing with heavy load 4200 85 0.203
O2 frequent start–stop 2000 36 0.053
O3 normal cruise 8000 45 0.4
O4 high-speed cruise 17,000 20 0.344

Based on the motor control strategy, electrical parameters such as current density,
current advance angle, and voltage are extracted at each representative point (RP) for
subsequent machine analysis and design. As shown in Figure 7, the four driving conditions
identified from the WLTP cycle correspond to different control regions. The frequent
start/stop and heavy-load climbing conditions operate mainly in the maximum torque
per ampere (MTPA) region. As the speed increases, the control strategy shifts to field
weakening, with normal cruise located mainly in the first field-weakening region, while
high-speed cruise operates in the second field-weakening region under the maximum
torque per voltage (MTPV) strategy. Accordingly, the representative driving conditions are
mapped to their corresponding electrical inputs and design requirements, providing the
basis for subsequent multi-operating-point analysis and optimization.

(a) (b)

Driving cycle

Frequent start/stop;

Climbing with heavy load;

Normal cruise;

High speed cruise

Current densities;
Phase advance angles;
Voltage

Design requirement

High efficiency;

Low core loss;

High torque;

Low torque ripple

RPs’ electrical parametersSpeed-Torque distribution

K-means

MTPV

increasing T
MTPAVୱ ୫ୟ୶

ωୣL୯

െ
𝜓௠
𝐿ௗ

𝑖ௗ

𝑖௤

Current limit
 cycle

Voltage limit
 ellipse

a

b

d
e

c

increasing ω

Figure 7. Motor control and operating-condition-oriented design framework. (a) Control principle of
HIPMSM; (b) relationship among driving cycles, RPs, and design requirements.
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4. Application of Novel Materials
4.1. Introduction of Novel Core Materials

To experimentally characterize the magnetic properties of the three core materials,
the Epstein frame test system shown in Figure 8 is employed. The signal generator and
power amplifier provide the required sinusoidal excitation, while the excitation and in-
duced signals are recorded by the oscilloscope and capture card. The Epstein-frame strip
specimens have dimensions of 30 mm × 300 mm. The specimens correspond to the same
material grades and specifications adopted in the motor design, with lamination thick-
nesses of 0.35, 0.20, and 0.025 mm for silicon steel, UTSS, and AMA, respectively. The
Epstein-frame test is used for material characterization rather than to directly reproduce
the magnetic-field distribution of the actual stator. In the FEM model, the local magnetic
field and core-loss distribution are recalculated according to the actual stator geometry and
operating conditions.

 

Figure 8. Epstein frame test system.

Figure 9a compares the measured B–H curves of the three materials. AMA exhibits
a steeper magnetization curve in the low-field region, indicating higher magnetic perme-
ability, but reaches the nonlinear saturation region earlier and exhibits a lower saturation
flux density. In contrast, silicon steel provides the highest saturation capability, while
UTSS shows intermediate magnetic characteristics. Figure 9b shows the measured core-
loss characteristics at different frequencies and flux densities. Conventional silicon steel
exhibits a substantially steeper loss increase, whereas UTSS and AMA maintain signif-
icantly lower losses. The difference among the materials becomes increasingly evident
at high frequency, demonstrating the advantage of low-loss magnetic materials for high-
speed motor operation. The material comparison in this study focuses on the stator core
because the high-frequency core loss of the investigated HIPMSM is dominated by the
stator, particularly the tooth and yoke regions. Therefore, silicon steel, UTSS, and AMA
are applied only to the stator core, while the rotor-core material is kept unchanged. This
setting isolates the influence of the stator-core material on the electromagnetic performance
and maintains consistent rotor magnetic and high-speed mechanical conditions among the
three motors [24,25].
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(a)  (b) 

Figure 9. Characteristics of silicon sheet, UTSS, and AMA: (a) B-H curve; (b) measured core loss
curves under different frequencies.

Practical manufacturability and high-speed mechanical reliability are also considered.
Lamination thicknesses of 0.35, 0.20, and 0.025 mm and stacking factors of 0.97, 0.96, and
0.93 are adopted for silicon steel, UTSS, and AMA, respectively. Owing to the extremely
small ribbon thickness of AMA, the relative contribution of interlaminar insulation, bonding
layers, and small assembly gaps to the total core thickness becomes more significant, leading
to a lower effective stacking factor than that of conventional silicon-steel laminations. The
stacking factor adopted for the AMA material used in our laboratory is within the typical
range reported for AMA cores [26]. A minimum rotor bridge width of 1.6 mm is maintained,
and the centrifugal stress at 25,000 rpm remains below 50% of the material yield strength,
ensuring sufficient mechanical safety margin.

4.2. Initial Parameter Design

IPMSMs using silicon sheet, UTSS, and AMA for the stator are denoted as Si-HIPMSM,
UTSS-HIPMSM, and AMA-HIPMSM, respectively. When novel materials are used to
replace the silicon sheet as the stator material for the motor, it is necessary to adjust the
motor’s structural parameters to meet the technical requirements in Table 1. Figure 10
provides the main parameters of the IPMSM. Table 3 lists the initial dimensional parameters
of the three motors after adjustment. Compared with silicon steel, AMA has a lower
saturation flux density, which limits the allowable magnetic loading and causes the core to
enter the nonlinear saturation region earlier. A moderate increase in the motor diameter is
introduced for the AMA-HIPMSM to maintain the required torque and power capability
while avoiding excessive magnetic saturation. Although the AMA-HIPMSM has increased
in size, it does not have a disadvantage in terms of mass due to the relatively lower density
of the AMA. A 2D transient FEM model is employed. Local length-based mesh controls are
applied in the air-gap and tooth-tip regions. For the air-gap, the maximum element size is
set to 0.12 mm. Adaptive meshing is enabled, and mesh independence is verified by torque
convergence, where further refinement changes the average torque by less than 1%.
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Figure 10. Main design parameters of HIPMSM.

Table 3. Parameters of IPMSMs.

Parameters Si-HIPMSM UTSS-HIPMSM AMA-HIPMSM

Core material Silicon UTSS AMA
No. of stator slots 48 48 48

P 8 8 8
δ 1 1 1

Stator_out 107 107 110
Rotor_out 71 71 74
Rotor_in 22.5 22.5 24.5

bM 15 15 15
hM 5 5 5
θPM 17.5 17.5 17.5
P1 14 14 17
t1 7 7 7
hr 20 20 20
hj2 13 13 13
br 3.8 3.8 3.8
bo2 2.1 2.1 2.1
ho2 2.5 2.5 2.5

barrier 0.8 0.8 0.8
Mass (kg) 19.24 19.24 19.22

4.3. Performance Comparison

Based on the analysis in Section 2, the impact of core losses on motor efficiency is
particularly significant, especially in the high-speed range. Therefore, an analysis of core
losses for the three types of motors at O4 RP is conducted. Core losses are composed of
hysteresis losses, eddy current losses, and additional losses. The calculation of motor core
losses using the classical three-term model is as follows:

P(i)
Fe,m = P(i)

h,m + P(i)
e,m + P(i)

a,m

= kh,m

(︂
B(i)

m

)︂βm
fi + ke,m

(︂
B(i)

m

)︂2
f 2
i + ka,m

(︂
B(i)

m

)︂1.5
f 1.5
i

≈ kh,m

(︂
B(i)

eq,m

)︂βm
fi + ke,m

(︂
B(i)

eq,m

)︂2
f 2
i + ka,m

(︂
B(i)

eq,m

)︂1.5
f 1.5
i

= kh,m

[︃(︂
1 − S(i)

sat,m

)︂(︂
B(i)

m

)︂2
+ S(i)

sat,mB2
sat,m

]︃βm/2
fi

+ke,m

[︃(︂
1 − S(i)

sat,m

)︂(︂
B(i)

m

)︂2
+ S(i)

sat,mB2
sat,m

]︃2

i

+ka,m

[︃(︂
1 − S(i)

sat,m

)︂(︂
B(i)

m

)︂2
+ S(i)

sat,mB2
sat,m

]︃0.75
f 1.5
i .

(13)
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where m denotes the core material. Based on the measured core-loss data shown in
Figure 9b, kh, ke, and kα are identified by minimizing the discrepancy between the mea-
sured and regression loss data:

θ∗m = arg min
θm

N f

∑
j=1

NB
∑

l=1

[︂
pexp

m,jl − pFe,m
(︁

Bl , f j; θm
)︁]︂2

, θm = [kh,m, ke,m, kα,m]
T. (14)

The resulting coefficients for the three core materials are summarized in Table 4. The
saturation-corrected equivalent flux density and saturation factor are defined as⎧⎪⎨⎪⎩

(︂
B(i)

eq,m

)︂2
=
(︂

1 − S(i)
sat,m

)︂(︂
B(i)

m

)︂2
+ S(i)

sat,mB2
sat,m

S(i)
sat,m =

B(i)
m −Bk,m

Bsat,m−Bk,m

(15)

where Bm
(i) is the operating flux density of material m at the ith operating point, and Bk,m

and Bsat,m are the knee-point and saturation flux densities obtained from the corresponding
B-H curve, respectively. The saturation factor Ssat,m

(i) is bounded within [0, 1].

Table 4. Core-loss coefficients of the three core materials.

Core Material kh ke ka

Silicon steel 0.0234037 4.90677 × 10−5 3.43282 × 10−5

UTSS 0.0178204 1.79774 × 10−6 1.68777 × 10−4

AMA 0.00801258 0 1.76901 × 10−4

Figure 11 illustrates the core losses of the three electrical machines at O4. The average
core losses for Si-HIPMSM, UTSS-HIPMSM, and AMA-HIPMSM are 2241 W, 474 W, and
302 W, respectively. Figure 12 shows the distribution of loss density for the stator cores made
of silicon sheet, UTSS and AMA. The stator core losses are predominantly concentrated in
the stator teeth, which aligns closely with the distribution of magnetic flux density.

   
(a)  (b) 

Figure 11. Core losses at O4: (a) Si-HIPMSM, (b) UTSS-HIPMSM, and AMA-HIPMSM.

Efficiency is an important indicator for evaluating the performance of the motor, and
the motor efficiency can be expressed as

η =
Pout

Pout + Pcopper + PFe + Peddy + Pmech
× 100% (16)

Figure 13 displays efficiency maps for the Si-IPMSM, UTSS-HIPMSM, and AMA-
HIPMSM. The efficiency map can be divided into three speed ranges: low (0–3000 rpm),
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medium (3000–10,000 rpm), and high (10,000–20,000 rpm). The corresponding efficiency-
map distribution characteristics of the three HIPMSMs are summarized in Table 5.

 
(a)  (b) 

 
(c) 

Figure 12. Core loss density distributions at O4: (a) Si-HIPMSM, (b) UTSS-HIPMSM, (c) AMA-HIPMSM.

   
(a)  (b) 

 
(c) 

Figure 13. Efficiency maps: (a) Si-HIPMSM, (b) UTSS-HIPMSM, (c) AMA-HIPMSM.
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Table 5. Efficiency map distribution characteristics of three HIPMSMs.

Speed Range (0 rpm, 20,000 rpm)

HIPMSM Si UTSS AMA

Max efficiency 96.7% 97.7% 97.9%
Efficiency above 96% area 15.0% 21.0% 22.4%
Efficiency above 92% area 32.2% 61.6% 65.8%
Efficiency above 88% area 71.6% 97.6% 98.3%

The torque characteristics of the electrical machine under different operating con-
ditions directly reflect its ability to start, accelerate, and climb slopes. According to the
Maxwell stress tensor, the tangential electromagnetic stress and instantaneous electromag-
netic torque can be expressed as

Te(t) =
Lefr2

g
µ0

∫︁ 2π
0 Br(θ, t)Bt(θ, t)dθ

=
2πLefr2

g
µ0

M(t)

=
2πLefr2

g
µ0

[︂
MT + ∑N

h=1 Mhcos(hωet + φh)
]︂
.

(17)

Br and Bt are the radial and tangential air-gap flux densities, respectively; Lef is the
effective core length; rg is the air-gap radius; MT is the average component of the torque-
producing magnetic field; and Mh denotes its hth harmonic component. Accordingly, the
average torque-producing magnetic-field factor and harmonic field index are defined as⎧⎨⎩MT = 1

Te

∫︁ Te
0 M(t)dt

Hg =

√︂
∑N

h=1 M2
h

|MT |

(18)

Therefore, the average electromagnetic torque can be directly expressed as

Tavg =
2πLefr2

g

µ0
MT (19)

while Hg characterizes the harmonic fluctuation of the torque-producing magnetic field.
The torque ripple is calculated by

Tripple =
Tmax − Tmin

Tavg
× 100% (20)

Figure 14 shows the torque characteristics of the three motors at RPs. To compare
the torque ripple of the motors, it can be represented as follows: Table 6 presents the
average torque and torque ripple for the Si-HIPMSM, UTSS-HIPMSM, and AMA-HIPMSM
under RPs.

To quantitatively evaluate the overall performance of the three motors over the WLTP
operating range, the efficiency, average torque, and torque ripple are normalized to the
range of 0–1. The normalized score of the qth performance index for the mth motor at the
ith RP is defined as

sm
i,q =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

xm
i,q−xmin

i,q

xmax
i,q −xmin

i,q
, q = η

xmax
i,q −xm

i,q

xmax
i,q −xmin

i,q
, q = Tripple,

1 − |Tm
i −Ti,ref|

Ti,ref
, q = T

(21)
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The normalized scores are further weighted according to the energy contribution of
each RP, and the comprehensive score is calculated as⎧⎪⎨⎪⎩

Sm
q = ∑4

i=1 wism
i,q, w = [0.203, 0.053, 0.400, 0.344],

Sm
total =

1
3

(︂
Sm

η + Sm
T + Sm

Tripple

)︂
.

(22)

where wi denotes the energy weight of the ith RP. A higher score indicates better overall
performance, and the three performance indices are equally weighted in the comprehensive
evaluation. The calculated comprehensive evaluation results are summarized in Table 7.
As shown in the table, the WLTP-oriented comprehensive evaluation gives the AMA-
HIPMSM the highest score of 0.883, which is selected as the baseline motor for subsequent
multi-point optimization.

 
(a)  (b) 

   
(c)  (d) 

Figure 14. Torque characteristics of four RPs: (a) O1, (b) O2, (c) O3, (d) O4.

Table 6. Values of average torque and torque ripple at each RP.

RP Performance Si-HIPMSM UTSS-HIPMSM AMA-HIPMSM

O1
avg(Torque)/Nm 84.84 84.26 83.51

Tripple (%) 9.50 10.35 4.50

O2
avg(Torque)/Nm 35.90 36.21 35.75

Tripple (%) 8.26 10.48 5.46

O3
avg(Torque)/Nm 45.83 46.10 45.32

Tripple (%) 7.26 11.4 5.02

O4
avg(Torque)/Nm 20.12 20.80 19.94

Tripple (%) 15.17 16.74 21.36

Table 7. Comprehensive performance scores of the three motors.

Motor Si-HIPMSM UTSS-HIPMSM AMA-HIPMSM

Score 0.549 0.701 0.883

5. Multi-Point Optimization
5.1. Optimization Process

To reduce the computational load of design while enhancing the global performance of
the electrical machine, a multi-point design approach integrating new material introduction
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and topological parameter optimization is proposed. The overall optimization procedure is
summarized as follows.

Firstly, based on the torque–speed distribution of driving cycles, four RPs are selected
by the k-means clustering method. Then, based on the performance comparison of elec-
trical machines with different core materials, the optimization target is determined as
AMA-HIPMSM. Next, the motor parameters to be optimized are selected, and based on
the driving requirements for RPs and the analysis results in Section 4, the optimization
objectives and weight factors are determined. Furthermore, to account for the variation in
electromagnetic behavior among different operating conditions, an operating-condition-
dependent sensitivity analysis is performed based on the electromagnetic characteristic
quantities derived from the loss and torque mechanisms to identify key design variables
and reduce the optimization dimension. Finally, NSGA-II is employed to generate a 3D
Pareto front, establishing the optimized parameters. To validate the superiority of the
proposed approach, a performance comparison is made between the motor based on
multi-point optimization and the motor based on the rated operating point optimization.

5.1.1. Design Parameters and Optimization Objectives

According to the existing design experience of the conventional IPMSM machine, four
permanent magnet parameters, four stator tooth parameters, one stator yoke parameter,
and the length of the air gap are chosen for the multi-point optimization. Table 8 provides
the initial values and the range of optimization for the selected ten parameters.

Table 8. Ranges and initial values of design variables.

Parameter Range Initial Value

θth/deg [5.8, 7] 6.4
hr/mm [17, 25] 20
t1/mm [8, 12] 10

bM/mm [10, 18] 15
P1/mm [15, 20] 17
h1 mm [2.8, 4] 3
δ/mm [0.6, 1.5] 1

hj2/mm [11, 14] 13
hM/mm [4, 7.5] 5
θPM/deg [16, 22] 17.5

The determination of optimization objectives requires considering both the actual
driving condition and the result of the initial motor performance analysis. From the
perspective of motor requirements, under different driving conditions, the drive motor
has multiple objectives such as high efficiency, high torque, and low torque ripple. Due
to the strong coupling of the motor, different optimization objectives are correlated under
the same RP, but each optimization objective is independent under different RPs due to
the different working states of the motor. To incorporate the contributions of different
WLTP operating regions without introducing additional objective-specific weighting factors,
the positive-energy weights determined in Section 3 are directly used to aggregate each
performance index over the four representative operating points:⎧⎪⎪⎪⎨⎪⎪⎪⎩

ηcom(x)= ∑4
i=1 wiηi(x),

Tcom(x)= ∑4
i=1 wiTi(x), w = [0.203, 0.053, 0.400, 0.344], ∑4

i=1 wi = 1

Tripple,com(x)= ∑4
i=1 wiTripple,i(x),

(23)
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where ηi, Torquei, and Tripple_i are the efficiency, torque, and torque ripple at the ith RP,
respectively. The weights wi characterize the positive-energy contributions of O1–O4 to
the WLTP driving cycle. Accordingly, the proposed multi-point optimization and the
conventional rated-point reference optimization are formulated consistently as

FMP(x) =

⎡⎢⎣ −ηcom(x)
−Tcom(x)

Tripple,com(x)

⎤⎥⎦ (24)

FRP(x) =

⎡⎢⎣ −ηrated(x)
−Trated(x)

Tripple,rated(x)

⎤⎥⎦ (25)

The negative signs applied to efficiency and average torque convert their maximization
into the minimization form used in the NSGA-II implementation, whereas torque ripple is
minimized directly. Importantly, the three components of F remain independent objectives
throughout the Pareto search and are not combined into a single scalar fitness function.

To ensure a consistent and physically feasible comparison, the same geometric and
performance constraints are imposed on both optimization strategies:

s.t.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

c1(x)= bMhM − CPM = 0,

c2(x)= t1hr − Cw = 0,

c3(x)= h1 + hr + hj2 + δ − 37 = 0,

g1(x)= 0.97 − ηrated(x) ≤ 0,

g2(x)= Tripple,rated(x)− 5% ≤ 0,

g3(x)= 90 − Tmax(x) ≤ 0,

xmin
j ≤ xj ≤ xmax

j , j = 1, . . . , 10.

(26)

where CPM and Cw are constants determined from the initial design to preserve the pre-
scribed permanent-magnet and winding-related geometric quantities. The third equality
constraint maintains the specified radial dimensional relationship of the motor. The in-
equality constraints require the rated-point efficiency to remain no lower than 97%, the
rated-point torque ripple not to exceed 5%, and the maximum torque capability to remain
no lower than 90 Nm.

5.1.2. Sensitivity Analysis

The influence of structural parameters varies with the electromagnetic operating
state. Therefore, the sensitivities are evaluated separately at the four representative op-
erating points. For the ith operating point, the electromagnetic characteristic quantity is
expressed as

z(i) =

⎡⎢⎢⎢⎢⎣
B(i)

eq

S(i)
sat

M(i)
T

H(i)
g

⎤⎥⎥⎥⎥⎦ = F(x; ui, m), ui =
[︂
ni id,i iq,i Ui βi · · ·

]︂T
, xj ∈

[︁
xj,min, xj,max

]︁
, i = 1, . . . , 4 (27)

and m denotes the AMA magnetic properties. During sensitivity analysis, the operating-
state variables of each representative point are fixed, while the structural parameters
vary within the ranges listed in Table 8. Response-surface models are established for the
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four electromagnetic characteristic quantities. At the sth design sample, the normalized
sensitivity of zk to structural parameter xj is defined as

κ
(i,s)
k,j =

∆xj

∆z(i)k

∂
^
z
(i)

k
∂xj

⃓⃓⃓⃓
⃓⃓⃓
x=x(s)

(28)

where ∆xj and ∆zk
(i) are their variation ranges. The overall electromagnetic sensitivity

within the design space is calculated by

S(i)
k,j =

√︄
1

Ns
∑Ns

s=1

(︂
κ
(i,s)
k,j

)︂2
(29)

The resulting sensitivities of Beq, Ssat, MT, and Hg under O1–O4 are compared in
Figure 15. As shown, different structural parameters act on different electromagnetic
characteristics. For example, at O4, θth shows a stronger influence on Hg, whereas δ mainly
affects Beq and MT. Meanwhile, the effect of the same parameter varies considerably with
the operating condition. The sensitivity of θth to Ssat is relatively high at O1 but decreases
markedly at O4, mainly due to the change from heavy magnetic loading to high-speed field-
weakening operation. These results demonstrate that the influence of structural parameters
is strongly operating-condition-dependent and is transmitted to the final performance
objectives through different electromagnetic mechanisms.

(a) (b) (c) (d)

Figure 15. Operating-condition-dependent sensitivities of electromagnetic characteristic quantities to
design parameters: (a) O1; (b) O2; (c) O3; (d) O4.

The sensitivity of structural parameter xj to objective yq is obtained through the
chain rule:

κ
(i,s)
q,j = ∑k

⎛⎝∆z(i)k

∆y(i)q

∂ŷ(i)q

∂zk

⎞⎠(︄ ∆xj

∆z(i)k

∂ẑ(i)k
∂xj

)︄
(30)

where the summation includes Beq and Ssat for efficiency, MT for average torque, and Hg

for torque ripple.
The objective sensitivity at the ith operating point is calculated as

S(i)
q,j = sgn

(︃
1

Ns
∑Ns

s=1 κ
(i,s)
q,j

)︃√︄
1

Ns
∑Ns

s=1

(︂
κ
(i,s)
q,j

)︂2
(31)
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Considering the energy contribution and objective importance of each representative
operating point, the driving-cycle sensitivity is

Sq,j =
∑4

i=1 wiαi,qS(i)
q,j

∑4
i=1 wiαi,q

(32)

where wi is the energy weight and αi,q is the objective weight at the corresponding operating
point. The comprehensive sensitivity of the jth structural parameter is defined as

Scom,j =
∑N

k=1 S(xjk)

N
(33)

The objective-oriented and comprehensive sensitivities are shown in Figure 16. High-
sensitivity parameters are retained for subsequent multi-objective optimization, while
low-sensitivity parameters are fixed at their initial values.

− 0.8

− 0.6

− 0.4

− 0.2

0.8

0.6

 0.4

0.2

0.0

 

Figure 16. Sensitivity of design parameters. The red dashed line indicates the threshold for distin-
guishing high- and low-sensitivity parameters.

5.1.3. Multi-Objective Optimization

To reduce the computational cost of repeated FEM evaluations, the RS models are used
to predict the objective responses of candidate designs during the optimization. NSGA-II is
then applied to the constrained three-objective problems defined in Section 5.1.1. The three
objective components are treated independently throughout the Pareto search and are not
combined into a scalar fitness function.

For two feasible candidate designs xa and xb, xa is considered to dominate xb if

xa ≺ xb ⇐⇒
[︂

fm(xa) ≤ fm(xb), ∀m = 1, 2, 3
]︂
∧
[︂
∃r ∈ {1, 2, 3} : fr(xa) < fr(xb)

]︂
(34)

Based on this dominance relation, the population is divided successively into non-
dominated fronts F1,F2,. . ., and each candidate is assigned a non-dominated rank. To
maintain the diversity of solutions within the same front, the normalized crowding distance
of the jth solution is calculated as

Dj =
3

∑
m=1

f j+1
m − f j−1

m

f max
m − f min

m
(35)

where the solutions are sorted according to the mth objective. Boundary solutions are
assigned an infinite crowding distance. During binary-tournament selection, a solution
with a lower non-dominated rank is preferred; for solutions with the same rank, the one
with the larger crowding distance is retained.
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The selected parent solutions generate offspring through simulated binary crossover
(SBX) and polynomial mutation. In this study, the population size is N = 100, the maximum
number of generations is Gmax = 150, the crossover probability is pc = 0.90, and the mutation
probability is pm = 0.10. The distribution indices for crossover and mutation are both
set to 20.

An elitist strategy is employed to preserve high-quality solutions between successive
generations. At generation t, the parent population Pt and offspring population Qt are
combined as

Rt = Pt ∪ Qt, Pt+1 = SelectN(Rt; r, D) (36)

where the combined population is first sorted according to the non-dominated rank r. If the
final accepted front cannot be retained completely, solutions with larger crowding distances
D are selected preferentially until the population size reaches N. This procedure is repeated
until G = Gmax, yielding the final Pareto solution set. The numerical parameters used in the
NSGA-II implementation are summarized in Table 9.

The overall optimization procedure is summarized in Figure 17. As the Pareto set
comprises non-dominated solutions, three candidates are identified, namely A, B, and
C. Candidate B is the solution obtained by assigning equal weights to efficiency, average
torque, and torque ripple. Candidate B in Figure 18a corresponds to the multi-point opti-
mized motor M2, while candidate B in Figure 18b corresponds to the rated-point optimized
motor M1. Given the necessity for EVs to balance economic efficiency, driving comfort
and high-power output, all objectives are deemed equally significant. Consequently, both
methodologies select candidate B as the optimal solution.

STEP 2: Sensitivity analysis and parameter reduction

STEP 1: Optimization problem
definition

(1) Design variables
x=[θth,P1,hr,δ,t1,

hj2,hM,bM,θPM,h1]
T

(3) Constraints
ηrated

Tripple,rated

Tmax

≥ 97 %
≤ 5 %

≥ 90 Nm

STEP 3: NSGA-II optimization

fixed at initial values

(1) Initialization (2) Objective evaluation (RS) (3) Pareto ranking (4) Crowding distance (5) Selection and variation (6) Elitist population update

N=100
Gmax=150
x(0) ∈ Ω

Retained variables
encoded

F(x)=

[−ηcom(x), −Tcom(x),
Tripple,com(x)]T

RS models predict
objective responses

iffa bx x  
( ) ( )a b

m mf x f x , m, 
and : ( ) ( )a b

m m m f x f x 

fast non-dominated
sorting

3

1m
Dj


 

1 1

max min

j j
m m

m m

f f

f f

 


diversity preservation

Binary tournament
selection

SBX:pc=0.9,ηc=20

Polynomial mutation:
pm=0.1,ηm=20

t t tR P Q 

1 ( )t N tP Select R ;r,D 

rank + crowding-based
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t = Gmax ?
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Pareto front and candidate solutions
compromise design + FEM verification

End
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(B) Electromagnetic
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Figure 17. Overall workflow of the proposed optimization method.
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(a)  (b) 

Figure 18. Pareto fronts: (a) multi-point optimization, (b) rated operating point optimization. (Red
dots represent Pareto-optimal solutions; A, B, and C denote three representative candidate solutions,
highlighted in green, orange, and blue, respectively).

Table 9. NSGA-II parameter settings.

Parameter Setting Parameter Setting Parameter Setting

Population size, N 100 Mutation operator Polynomial
mutation

Termination
criterion G = Gmax

Maximum
generations, Gmax

150 Mutation probability,
pm

0.10 Crossover operator Simulated binary
crossover (SBX)

Crossover
probability, pc

0.9 Crossover distribution
index ηc = 20 Number of

objectives, M 3

Selection method Binary
tournament

Mutation distribution
index, ηm

20 Environmental
selection

Non-dominated rank +
crowding distance

5.2. Optimization Result

The motor optimized based on a single rated point is M1 and the motor optimized by
multi-point optimization is M2. Following optimization, the final M1 and M2 designs are
reconstructed and re-evaluated using FEM to obtain their final performance results. Table 10
displays the parameters of the best candidate solutions for the two motors. The efficiency
maps of M1 and M2 are analyzed and compared, as shown in Figure 19. The distribution
of efficiency maps for the initial motor (M0), M1, and M2 can be seen in Table 11.

Table 10. Optimized design parameters of M1 and M2.

Method Parameter Value Parameter Value

M1

θth/deg 5.8 P1/mm 18.74
hr/mm 20 δ/mm 1.2
t1/mm 10 hj2/mm 13

bM/mm 11.7 hM/mm 6.4
θPM/deg 16.7 h1/mm 2.84

M2

θth/deg 6.1 P1/mm 17
hr/mm 20 δ/mm 0.8
t1/mm 10 hj2/mm 12.5

bM/mm 17.8 hM/mm 4.2
θPM/deg 18.6 h1/mm 3.6
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(a)  (b) 

Figure 19. Efficiency maps: (a) M1, (b) M2.

Table 11. Efficiency comparison of M0, M1, and M2.

Performance Parameter M0 M1 M2

Max efficiency 97.89% 98.22% 97.98%
Efficiency above 96% area 22.45% 19.74% 24.6%
Efficiency above 92% area 65.8% 64.5% 69.2%
Efficiency above 88% area 98.3% 98.6% 99.1%

It can be observed that the rated-point optimization (M1) slightly increases the effi-
ciency at the rated operating point by 0.33% compared with the initial motor. However,
this localized improvement is accompanied by a reduction in the high-efficiency operating
region. In contrast, the motor optimized using the proposed multi-point method (M2)
achieves a significantly broader high-efficiency distribution across the speed–torque plane.
Specifically, the area with efficiency above 96% increases from 19.74% in M1 to 24.6% in
M2, corresponding to an improvement of approximately 4.86 percentage points. Similarly,
the area with efficiency above 92% increases from 64.5% to 69.2%, indicating a noticeable
enhancement of global efficiency performance. These results demonstrate that multi-point
optimization improves the overall efficiency distribution rather than only maximizing
efficiency at a single operating point.

The torque performance after optimization is presented in Table 12. Compared with
M1, the multi-point optimized motor (M2) exhibits improved torque characteristics at
several representative operating points. For example, at O1, the average torque increases
from 87.4 Nm to 93.1 Nm, representing an improvement of approximately 6.5%. In addi-
tion, Figure 20 presents the torque-ripple difference between M2 and M0 under different
speeds and current densities. A negative value indicates that the torque ripple is reduced
after multi-point optimization, and a more negative value represents a greater reduction.
The results show that the reduction becomes more pronounced as the speed increases,
particularly in the high-speed region, demonstrating the effectiveness of the proposed
multi-point optimization in suppressing high-speed torque ripple.

In addition, to further evaluate the influence of replacing the true O3 centroid with
the rated operating point, the multi-point optimization is repeated using the true centroid
(8241 rpm, 41.36 Nm), as shown in Figure 21. Compared with the optimization using the
rated point, the relative differences in the high-efficiency area, O1 average torque, O3
torque ripple, O4 torque ripple, and optimized design variables are 0.12%, 0.09%, 0.59%,
0.24%, and 0.42%, respectively. The maximum deviation is 0.59%, demonstrating that the
replacement has negligible influence on the optimization results.
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Table 12. Torque performance of M1 and M2 at the four RPs.

RP Performance M1 M2

O1
avg(Torque)/Nm 87.4 93.1

Tripple (%) 4.2 3.15

O2
avg(Torque)/Nm 36.55 37.6

Tripple (%) 5.3 4.88

O3
avg(Torque)/Nm 48.9 48.3

Tripple (%) 3.21 3.4

O4
avg(Torque)/Nm 20.84 21.8

Tripple (%) 17.9 12.6
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Figure 20. The difference in torque ripple before and after optimization.

 

Figure 21. Revalidation results using the true O3 centroid.

To evaluate the prediction accuracy of the RS models in the optimized design region,
the RS predictions are directly compared with the corresponding FEM results. The WLTP-
weighted efficiency, comprehensive average torque, and comprehensive torque ripple
correspond to the three performance quantities used in the multi-point optimization, while
the maximum efficiency and the area with efficiency above 92% are additionally included
to assess the consistency of the predicted efficiency-map characteristics. The absolute
deviations and relative errors between the RS and FEM results are summarized in Table 13.
As shown in Table 13, the relative errors of the WLTP-weighted efficiency, maximum
efficiency, high-efficiency-area ratio, comprehensive average torque, and comprehensive
torque ripple are 1.16%, 0.07%, 1.73%, 0.53%, and 2.85%, respectively. All deviations remain
below 3%, which demonstrates that the RS models maintain sufficient prediction accuracy
around the selected optimized design.
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Table 13. RS–FEM validation results.

Performance Index RS Prediction FEM Result Absolute Deviation Relative Error (%)

WLTP-weighted efficiency, ηcom 95.24% 94.15% 1.09–pt 1.16%
Maximum efficiency, ηmax 98.05% 97.98% 0.07–pt 0.07%

Area with η > 92% 68.0% 69.20% 1.20–pt 1.73%
Comprehensive average torque, Tcom 47.46 Nm 47.711 Nm 0.251 Nm 0.53%

Comprehensive torque ripple, Tripple,com 6.78% 6.592% 0.188–pt 2.85%

Furthermore, following the RS–FEM accuracy validation, the optimized motor is
benchmarked against representative EV traction motor designs reported in the literature,
as summarized in Table 14. As shown in Table 14, the proposed motor exhibits distinct
advantages when compared individually with the reported designs. Relative to the driving-
cycle multi-point designs in [27,28], the maximum operating speed is extended from
5000–6000 rpm to 20,000 rpm, while the maximum efficiency increases to 97.98%. At the
reported 20 Nm condition, the torque ripple is reduced from approximately 20% at 5500 rpm
in [27] to 12.6% at 17,000 rpm in the proposed motor. Compared with the low-speed single-
point optimized motor in [29], the proposed design maintains similarly low torque ripple
at O1–O3 while extending the operating speed range substantially. Compared with the
4.5 kW AMA-core motor in [30], the proposed motor retains a comparable maximum
efficiency while increasing the power and torque capability to 75 kW and 90 Nm. Overall,
the proposed design combines a substantially wider operating range with a broad high-
efficiency region and favorable torque-ripple performance over the representative operating
points, demonstrating its suitability for high-speed EV traction operation.

Table 14. Performance comparison with representative EV traction motor designs.

Method Power/Operating
Characteristics

Maximum
Speed

Maximum
Torque Efficiency Torque Ripple

Driving-cycle multi-point
optimization [27]

—/medium-speed EV
traction 6000 rpm ≈100 Nm Max. ≈ 95.7% 20% at 5500

rpm/20 Nm

Driving-cycle multi-point +
metamodel optimization [28]

40 kW/medium-speed
EV traction 5000 rpm ≈251 Nm 96.56% at

optimized MOPs
8.93% at 1575
rpm/248 Nm

single-point optimization [29] 130 kW/low-speed
high-torque traction 3000 rpm ≈900 Nm Max. ≈ 96.9% 3.84% at 1500

rpm/900 Nm

AMA-core material design [30] 4.5 kW/high-speed
low-torque motor 18,900 rpm 11.1 Nm Max. 98.1% __

Proposed AMA + WLTP
multi-point optimization

75 kW/high-speed EV
traction over a wide

operating range
20,000 rpm 90 Nm

η > 92% area:
64.5% → 69.2%;
max. η = 97.98%

O1: 3.15% at 4200
rpm/85 Nm;

O2: 4.88% at 2000
rpm/36 Nm;

O3: 3.40% at 8000
rpm/45 Nm;

O4: 12.6% at 17,000
rpm/20 Nm

For multi-operating-point optimization, K-means clustering first reduces the WLTP
operating space to four representative points, sensitivity analysis reduces the number of
active design variables from 10 to 5, and the subsequent sensitivity evaluation and NSGA-II
search are performed using the RS models rather than repeated FEM calculations. The
computational cost of each stage is summarized in Table 15. As shown in Table 15, the DOE
stage requires 120 designs evaluated at four RPs, corresponding to 480 FEM evaluations,
while 10 additional validation designs require 40 FEM evaluations. The subsequent sensi-
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tivity analysis and NSGA-II optimization are conducted using the surrogate models and
therefore introduce only a small additional computational cost. The total computational
time of the proposed method is approximately 1.7 h. By comparison, direct FEM-based
NSGA-II optimization would require approximately 15,000 FEM evaluations for a single
operating point and 60,000 FEM evaluations for four operating points, corresponding to
approximately 46.9 h and 187.5 h, respectively. Therefore, although the proposed frame-
work contains several processing stages, it substantially reduces the overall FEM burden
and makes driving-cycle-oriented multi-point optimization computationally feasible.

Table 15. Computational cost comparison of different optimization methods.

Stage Method Design
Variables No. of Evaluations FEM Mesh

Elements
Estimated
Total Time

DOE sample
generation 2-D transient FEM 10 120 designs × 4 RPs ~80,000 ~1.5 h

RS model
construction Quadratic RS 10 120 samples – <1 min

RS validation FEM + RS 10 10 designs × 4 RPs ~80,000 ~0.13 h

Sensitivity analysis RS-based 10 → 5 ~10,000 surrogate evaluations – ~0.3 min

NSGA-II
optimization RS-based 5 100 × 150 candidates – ~3 min

Proposed method FEM + RS +
NSGA-II 10 → 5 – – ~1.7 h

Single-point FEM
optimization FEM + NSGA-II 10 15,000 FEM evaluations ~80,000 ~46.9 h

Multi-point FEM
optimization FEM + NSGA-II 10 60,000 FEM evaluations ~80,000 ~187.5 h

6. Thermal Constraint Verification
To verify the thermal feasibility of the optimized motor, thermal analysis is performed

under a high-speed limiting operating condition. The coolant inlet temperature is set to
40 C, with an inlet velocity of 1.43 m/s, corresponding to a volumetric flow rate of 12 L/min
through a 10 × 14 mm inlet. The ambient-air temperature is also set to 40 C, and an external
airflow velocity of 0.5 m/s is applied to account for external convective cooling. The
computational domain is discretized into approximately 15.8 million cells, with a minimum
orthogonal quality of 0.154, exceeding the minimum requirement of 0.1 and indicating
acceptable mesh quality. Anisotropic thermal conductivity is assigned to the laminated
stator core to account for the directional heat-transfer characteristics of the stacked lamina-
tions. The allowable temperatures used to assess thermal feasibility are set to 155 C for the
winding insulation and 150 C for the permanent magnets, according to the adopted Class-F
insulation system and SH-grade NdFeB permanent magnets. The permanent magnets are
modeled as separate solid regions (ρ = 7872 kg/m3, cp = 420 J/(kg * K), k = 8.9 W/(m * K));
thus, the rotor-temperature contour reflects the thermal state of the entire rotating assem-
bly, including the magnets. The temperature distributions before and after multi-point
optimization are shown in Figure 22, and the corresponding temperature ranges of the
winding, stator core, and rotor are summarized in Table 16.

As shown in Figure 22 and Table 16, the maximum winding temperature decreases
slightly from 133.7 ◦C to 132.8 ◦C after optimization, while the maximum stator-core temper-
ature decreases from 132.8 ◦C to 130.9 ◦C. A more pronounced reduction is observed in the
rotor, where the maximum temperature decreases from 128.4 ◦C to 121.6 ◦C. The maximum
cooling-water temperature decreases slightly from 45.75 ◦C to 45.32 ◦C. The temperature
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levels of all key components remain within the prescribed thermal limits, indicating that the
optimized design satisfies the thermal constraints under severe high-speed operation. The
thermal improvement is mainly attributed to the reduction in electromagnetic losses after
optimization. In particular, under high-frequency operation, the reduced core loss lowers
the heat generation in the stator and consequently alleviates the overall thermal load of
the motor. Meanwhile, the redistribution and reduction in high-frequency electromagnetic
losses also contribute to the lower rotor temperature. Therefore, the proposed multi-point
optimization improves the electromagnetic performance without introducing additional
thermal risk and maintains sufficient thermal margin under high-speed operation.

       
(a)  (b)  (c)  (d) 

       
(e)  (f)  (g)  (h) 

Figure 22. Temperature distributions before and after multi-point optimization at O4 (17,000 rpm,
20 Nm): (a) winding of M0; (b) stator core of M0; (c) rotor of M0; (d) cooling-water channel of M0;
(e) winding of M2; (f) stator core of M2; (g) rotor of M2; (h) cooling-water channel of M2.

Table 16. Temperature ranges of key components before and after multi-point optimization.

Components Winding Stator Core Rotor Cooling-Water

M0 128.2–133.7 ◦C 104.5–132.8 ◦C 96.88–128.4 ◦C 40–45.75 ◦C
M2 127.2–132.8 ◦C 96.5–130.9 ◦C 88.11–121.6 ◦C 40–45.32 ◦C

7. Conclusions
This study proposes a WLTP-oriented multi-point optimization framework for high-speed

IPMSMs by integrating advanced core materials, driving-cycle-based representative operating
points, and NSGA-II multi-objective optimization. A coupled material–operation–optimization
design paradigm is established to evaluate machine performance from a global driving-
cycle perspective rather than conventional rated-point conditions. The main conclusions
are summarized as follows:

1. The performance advantages of advanced core materials are operating-condition
dependent. Their effectiveness is jointly determined by the material magnetic char-
acteristics, magnetic loading, and electrical frequency, rather than by the core-loss
property alone.

2. Rated-point efficiency is not representative of driving-cycle efficiency, and optimiza-
tion based solely on rated conditions may lead to misleading performance evaluation
for EV traction applications.
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3. Torque ripple behavior is strongly dependent on magnetic saturation state, which
varies with operating conditions, leading to different performance characteristics
across the driving cycle.

4. The influence of structural parameters is strongly dependent on the operating con-
dition and is transferred to the final performance objectives through different elec-
tromagnetic mechanisms. Therefore, parameter importance cannot be regarded as
invariant over the entire operating range.

5. Rated-point optimization leads to localized performance improvement but sacri-
fices global performance distribution, whereas multi-point optimization achieves
a more balanced efficiency map and improved torque characteristics across the
operating range.

Overall, the results reveal that the performance of high-speed EV traction motors is
governed by the coupling between material properties, operating-condition distribution,
and optimization strategy. Achieving globally optimal performance requires coordinated
design across these dimensions, rather than isolated enhancement of a single objective.

Although the present study focuses primarily on electromagnetic performance and
multi-operating-point optimization, the practical manufacturability of AMA stator cores
remains an important engineering issue. Future work will investigate AMA core fab-
rication in cooperation with motor manufacturers, with particular attention to cutting,
stacking/bonding, segmentation, and manufacturing-induced stress, as well as their influ-
ence on the magnetic properties and final motor performance.
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