2076

IEEE TRANSACTIONS ON TRANSPORTATION ELECTRIFICATION, VOL. 11, NO. 1, FEBRUARY 2025

Multiobjective Optimization of Two-Motor and
Two-Speed System for Electric Vehicles
Considering Motor Characteristics

Kihan Kwon™, Member, IEEE, Dong-Min Kim™, Member, IEEE, Kyoung-Soo Cha™, Junhyeong Jo,
Myung-Seop Lim"™, Senior Member, IEEE, and Seungjae Min", Member, IEEE

Abstract— Multimotor and multispeed transmission systems
for electric vehicles (EVs) can outperform conventional systems
in energy efficiency and dynamic performance. Since motor
characteristics directly affect EV efficiency, they were analyzed
and verified by the simulation and experiment, respectively.
The efficiency and performance of the two-motor and two-
speed EV were evaluated using the motor characteristic results,
and the importance of the motor design parameters was
confirmed to improve them. To maximize both, a multiobjective
optimization problem, including the objectives representing
electricity consumption per 100 km (EC100) and acceleration
time, was formulated. As a solution to the excessive computational
burden arising from the optimization process, an artificial
neural network (ANN) model was proposed. The ANN-model-
based optimization was performed to find the optimal solutions,
and a Pareto front, indicating a trade-off between efficiency
and performance, was obtained. Furthermore, the results of
the optimal motor design values demonstrated the necessity
of accurate motor characteristic analysis according to changes
in motor design parameters. Finally, the optimization results
between various EV powertrain systems were compared to
confirm the superiority of two-motor and two-speed systems.
Especially, the EC100 and acceleration time were enhanced by up
to 11.7% and 14.1%, respectively, compared with a powertrain
system employing single-motor and single-speed.

Index Terms— Artificial neural network (ANN)-model-based
optimization, electric vehicles (EVs), energy efficiency, motor
efficiency characteristic, two-motor and two-speed powertrain.

I. INTRODUCTION

CURRENTLY, the need for reducing anthropogenic gas
emissions is widely recognized worldwide. As an
alternative to this problem, electric vehicles (EVs) have
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gained significant attention in various countries [1], and
automakers have increased the development of EVs to replace
internal combustion engine vehicles (ICEVs) [2]. Because
the primary difference between EVs and ICEVs is their
respective powertrain system configuration, the powertrain
system design should be elaborately performed to satisfy
the driving requirements of EVs. In general, the main
requirements for a powertrain system design are energy
efficiency and dynamic performance. In addition, the key
traction components of the powertrain system consist of a
motor and a transmission, especially electric motors directly
affect the efficiency and performance of the EV [3]; thus, it is
essential to design them appropriately to improve the energy
efficiency and dynamic performance of EVs.

Three key points for an optimal motor and transmission
design for improving the efficiency and performance of EVs
are identified from previous studies: 1) system configuration;
2) design parameters; and 3) optimization purpose. In general,
single-motor and multispeed or multimotor and multispeed
powertrain systems are more complex and have lower
transmission efficiency than the previous powertrain systems.
However, many studies have been conducted on the optimiza-
tion of such powertrain systems because of their potential to
enhance both EV efficiency and performance [4]. Moreover,
while these systems are more expensive to manufacture motors
and transmissions than conventional powertrain systems, they
can reduce battery capacity and charging costs by enhancing
EV energy efficiency, which can be advantageous in terms of
the overall electricity cost of EVs [5], [6].

Regarding single-motor and multispeed systems to improve
energy efficiency or dynamic performance, several studies
have been conducted on the design optimization of trans-
mission parameters, such as gear ratios (GRs) [7], [8],
[9], [10], [11], [12] and shift patterns (SPs) [7], [8], [9],
[11], [12], [13]; however, these studies have not considered
the motor design. In addition, optimizing both motor and
transmission parameters, such as maximum motor torque
and speed and transmission GRs, has also been studied to
improve efficiency and performance [14]. However, there
was no specific information regarding motor design for
efficiency characteristics, and only the motor torque and speed
characteristics were provided. It is worth noting that these
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characteristics were determined via detailed motor design
specifications, such as stack length, number of coil turns, and
stator and rotor shapes.

The superiority in terms of efficiency and performance
of multimotor and multispeed EVs compared with single-
motor and single-speed and multispeed EVs has been
demonstrated [15]. However, it is difficult to determine
its optimal design, because the powertrain system in that
study is more complex than other systems. To address this
problem, several previous studies have presented optimization
results for a multimotor and multispeed system for energy
efficiency improvement, including GRs [16], [17], [18] or
SPs [18], [19], [20], [21] optimization for transmissions and
torque distribution (TD) or maximum torque characteristic
optimization for motors [18], [19], [20], [21], [22]. However,
these results did not include specific information regarding
motor design for efficiency characteristics. A detailed review
of previous works related to EV powertrain system design
optimization is summarized in Table I.

This review of the existing literature suggests the following.
Unlike previous research trends, several studies have been
recently conducted on EVs using multimotor and multispeed
systems as much as single-motor and multispeed systems.
In addition, GRs and SPs have been commonly adopted in the
optimization of transmission design; however, although motors
generally have various design parameters compared with
transmissions, design variables for motor optimization have
not been considered as diverse as transmissions. Moreover,
the transmission characteristics represented by them are
sufficiently appropriate for EV efficiency and performance
analysis; however, while motor characteristics that affect EV
efficiency and performance, such as motor efficiency and
maximum motor torque curve, are determined via detailed
motor design specifications, previous studies on EV system
optimization have not considered specific motor designs for
these motor characteristics. Therefore, to enhance the practical
use of design optimization results, the optimization including
the specific motor design for the powertrain system should be
performed.

Among multimotor and multispeed powertrain systems for
EVs, nonshifting powertrain systems, which have the same
number of motors and gear sets, have advantages over shifting
powertrain systems. In the case of shifting systems for
EVs, the torque interruption during gear shifting causes poor
drivability issues, and the additional components for gear
shifting, such as the clutch and actuator, contribute to low
transmission efficiency [23]. However, nonshifting systems
enable no torque interruption by connecting each motor to
each speed gear and achieve high transmission efficiency,
because there are no separate shifting devices [15]. Therefore,
this study focused on a two-motor and two-speed powertrain
system to represent multimotor and multispeed powertrain
systems for EVs.

Based on the literature review, it is effective to select the
TD between motors and the GRs as the design variables for
the system optimization. Furthermore, there is a limitation
that previous studies failed to focus on specific motor designs
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and only utilized predefined motor characteristics. Therefore,
the detailed motor design specifications, such as stack length,
number of coil turns, and stator and rotor shapes, should be
reflected in the analysis of motor characteristics to propose
a practical and suitable motor design. In this respect, several
studies have been conducted to improve the energy efficiency
of EVs by optimizing specific aspects of motor design, such as
the permanent-magnet motor topologies [24], the size of stator
core and permanent magnet [25], and the slot and magnet
dimensions [26]. However, these studies only considered the
motor optimization, without including the transmission, and
focused on single-motor and single-speed EVs. In summary,
it is desirable to simultaneously consider the motor TD,
GRs, and specific motor design as the design variables for
optimizing multimotor and multispeed powertrain systems.
In addition, it is worth noting that the SPs were not considered
in the nonshifting system, which has the same number of
motors and gear sets in this study.

An optimal design solution should provide excellent effi-
ciency and performance. Unfortunately, because of the trade-
off relationship between efficiency and performance [27],
it is challenging to improve them both. Accordingly, it is
necessary to obtain various design solutions optimized for
each stipulated requirement. Previous studies show the results
of optimizing multimotor and multispeed powertrains for EV
efficiency and performance. However, these studies provided
different optimal design solutions for each objective [28],
or the solutions were obtained using the fixed weight factors
for efficiency and performance [8], [14]. Therefore, it is
appropriate to implement a multiobjective optimization for
handling the trade-off relationship by providing a Pareto
front, which contains diverse optimal design solutions [29],
[30]. However, because multiobjective optimization typically
requires excessive computational effort, multiobjective opti-
mization methods using surrogate models have been suggested
for reducing the computational cost in the various vehicle
design fields, including the gears for power split device [31],
the hydropneumatic suspension [32], and the beam structure
for crashworthiness [33]. Among various surrogate models,
artificial neural networks (ANNs) using adaptive modeling
methods have advantages in ensuring the accuracy and
efficiency of ANN models [34].

To address these issues, this study proposes a multiobjective
optimization method for a nonshifting EV with a two-motor
and two-speed powertrain system, considering a specific motor
design. For the analysis of motor characteristics, a finite-
element analysis (FEA) was performed using a high-fidelity
motor model. The motor analysis model was validated by
comparing the FEA and experimental results of the motor
efficiency. Using these motor characteristics, a two-motor and
two-speed EV model was built to analyze the quantitative
measures of EV efficiency and performance. In addition,
to improve these objective measures, a multiobjective opti-
mization problem was formulated, including design variables,
such as stack length, number of coil turns, and TD coefficient
for two motors, and the GR of each speed for two-
speed transmission. To effectively solve this optimization
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TABLE I

PREVIOUS RESEARCH ON EV MOTOR AND TRANSMISSION SYSTEM OPTIMIZATION (TC: MAXIMUM TORQUE CHARACTERISTIC,
TD: TORQUE DISTRIBUTION, GR: GEAR RATIO, AND SP: SHIFT PATTERN)

System Optimization

Reference Year Motor  Speed Variable _ _ Objectivei
Motor  Transmission  Efficiency  Performance

Li et al. [14] 2020 1 2 TC GR O O
Ahssan et al. [7] 2020 1 2 GR,SP O O
Sun et al. [8] 2021 1 2 GR,SP O O
Kwon et al. [9] 2021 1 2 GR,SP O O
Wu et al. [10] 2022 1 3 GR O O
Liu et al. [13] 2022 1 2 Sp O
Zhang et al. [11] 2022 1 2 GR,SP O
Kwon et al. [12] 2023 1 2 GR,SP O O
Zhao et al. [19] 2019 2 2 TD SP O
Kwon et al. [16] 2020 2 2 D GR O O
Nguyen et al. [22] 2021 2 4 TD Sp O
Nguyen et al. [17] 2022 2 2 GR O O
Yu et al. [20] 2022 2 4 TD SP O
Kwon et al. [18] 2023 2 2,34 TD GR,SP O O
Yu et al. [21] 2023 2 2 TD SP O

problem, an ANN model for EV efficiency and performance
was developed. From the ANN-model-based optimization
results, the Pareto optimal solutions were obtained. The
design solutions in the Pareto front exhibited a trade-off
between efficiency and performance and provided specific
optimal motor designs. In addition, the optimization results
present an improvement in both efficiency and performance
compared with reference vehicles, which consist of single-
motor and single-speed or multispeed powertrain systems.
Finally, a comparison between the computational effort and
error of the ANN and vehicle models demonstrates the validity
of multiobjective optimization using the ANN model. The
main contributions of this study are summarized as follows.

1) Although the motor characteristics based on the motor
design analysis significantly affect EV efficiency and
performance, previous studies on optimizing multimo-
tor and multispeed EVs have not considered their
importance. To address this point, this study analyzed
the motor characteristics and the effect of motor
design parameters to demonstrate the importance of
considering specific motor design parameters for the
design optimization of EVs.

Unlike the previous studies, this study considered the
specific motor design parameters as the design variables
in the multiobjective optimization process. In addition,
the comparison according to the optimization of
motor and transmission was presented to highlight
the effectiveness of motor design optimization in the
multimotor and multispeed EVs.

To compare the optimization results among the
various EV powertrain systems, the optimizations of
these systems were performed using the ANN-based
multiobjective optimization process. The comparison of
efficiency and performance quantitatively demonstrates
the superiority of two-motor and two-speed EVs,

2)

3)
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Fig. 1. Reference motor design (1/8 model).

and the distribution results of motor design solutions
exhibit the importance of the design considering motor
characteristics.

II. ANALYSIS MODEL

For an analysis of the energy efficiency and dynamic
performance of the EV, this study adopted an EV powertrain
system, including two-motor and two-speed transmission. The
motor and EV analyses are performed using a high-fidelity
finite-element model (by JMAG) and a 1-D functional model
(by MATLAB/Simulink), respectively. The details of the motor
and EV models are presented next.

A. Motor Model

To consider a specific motor design, the FEA-based high-
fidelity motor model was developed. This model calculates
the motor torque and efficiency according to the design
specifications. The reference motor is an interior permanent-
magnet synchronous motor IPMSM) based on a commercial
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TABLE I
REFERENCE MOTOR SPECIFICATIONS

Item Specification
Pole/Slot number 8/48
Stator/Rotor diameter 200/126 mm
Stack length 150 mm
Coil turns 18
Nominal voltage 360 V
Maximum power 80 kW
Maximum torque 270 Nm

2700/10000 RPM

& Efficiency (%)
s Max. torque (Nm)!

Base/Maximum speed

300

Torque (Nm)
z

100

8000

4000
Speed (RPM)

0 2000 6000 10000

Fig. 2. Reference motor operational characteristics.

motor employed in the Nissan Leaf EV; the motor is shown
in Fig. 1, and its specifications are summarized in Table II.
The motor torque (7;,) is expressed as follows:

T = pal$riq + (La — Lq)iaiy] )

where p, is the number of pole pairs, ¢, is the flux linkage
by field, L, and i; are the d-axis inductance and current,
respectively, and L, and i, are the g-axis inductance and
current, respectively. Here, the ¢4, Ly, and L, are determined
from the FEA result, and the iy and i, are defined by the
motor voltage equations of the d- and g-axes [35].

Then, the motor efficiency (7,,) is determined using the
copper (W) and iron (W;) losses as follows:

_ T
T Taom+ W.+ W,

where w,, is the motor speed. Here, W; is derived from the
FEA result, and W, is expressed as follows:

M 2

We = Ry, (ig +i2) 3)

where R,, is the motor winding resistance. From (1) and (2),
the maximum motor torque curve and efficiency map are
obtained, as shown in Fig. 2.

To verify the analytical results, the experimental setup for
the fabricated motor was prepared, as shown in Fig. 3. The
dynamometer and the test motor were coupled to an in-line
torque sensor from Kistler at both ends. The test motor
was connected to an inverter supplied by a driver command

Oscilloscope E
==/ S 72"; l‘

Fig. 3. Configuration for the motor experiment.

300 ‘ ; > ¢ ;

Torque (Nm)
&

100 Main operation area
50
0 ‘ ‘ | | ,
0 1000 2000 3000 4000 5000 6000
Speed (RPM)

Fig. 4. Efficiency error between the FEA and experiment results.

(DC) power source, and the motor input power was measured
by connecting YOKOGAWA’s power analyzer WT3000 in a
three-phase four-wire method. The water jacket of the motor
was supplied as cooling water using a hose connected with
a chiller to the water pump to maintain the test conditions.
Based on this test bench, the motor efficiency measurement
was conducted in the following procedure.

1) Rotating the dynamometer as desired test speed.

2) Input three-phase current to the test motor to output

desired test torque.

3) Measure the input power and torque through the power

meter and torque sensor, respectively.

4) Step up the desired test speed and torque and

repeat 1)-3).

5) Calculate the efficiency of all the test points based on

the measured input power, torque, and speed.

Fig. 4 shows the efficiency error between the motor FEA
and experimental results. Because the overall error in the main
operation area under standard driving cycles (e.g., UDDS,
NEDC, or WLTP) is less than 0.5%, the utilized FEA model
is suitable for analyzing the motor characteristics. Therefore,
to analyze the two-motor and two-speed EVs, the maximum
torque, speed, and efficiency of each motor were calculated
using the FEA model. Each motor characteristic was used for
the vehicle model described in Section II-B.

B. Vehicle Model

From the input DC, the vehicle model calculates the
electricity consumption per 100 km (EC100) and vehicle speed
to evaluate the energy efficiency and dynamic performance,
respectively. The DC value is determined to be within =£1,
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and a positive or negative DC value indicates the vehicle
acceleration or braking, respectively. Under the vehicle
acceleration conditions (DC > 0), the output torque request
(Treq) is expressed as follows:

Treq = (Tmaxlrl + Tmax2r2) -DC (4)

where Tiax1 and Tiaxo are the maximum torque of each motor,
which depends on the motor speed, and r; and r, are the total
GRs for each speed, the values of which are calculated by
multiplying the speed GR by the final GR. The vehicle power
request (Prq) is determined using T.q and v as follows:

Treq

Preqg = R, v &)

where R, is the effective tire radius and v is the vehicle speed.
Because the summation of each motor power, which is defined
by multiplying the motor speed by its torque, should be equal
t0 Preq, each motor torque (77 and T) is determined using the
TD coefficient (c,,) as follows:

Tl =Cn Tmaxl
P, — T1w1
H=—— (6)
(©%)
where w; and w, represent the speed of each motor. Here,
¢, 1s determined so as to maximize both motor efficiencies
and ranges from O to 1; ¢,, = 0 or 1 means that the first
motor torque is zero or maximum, respectively. When each
motor torque is determined, the output torque (7,,) can be
calculated as follows:

Tow = n;(Tiry + Tora) @)

where 7, is the transmission efficiency. In general, the
transmission efficiency varies with input torque and speed.
However, almost all transmission losses occur from the gear-
shift devices. Since the transmission structure employed in
this study is a nonshift device type, the transmission efficiency
variation is slight compared with the motor efficiency variation
according to torque and speed. Therefore, 1, is considered a
constant value. To calculate the vehicle speed, the resistance
and braking torque, as well as the output torque, should be
analyzed. First, the resistance torque (7is) is derived by the
air, rolling, and climbing resistances as follows:

1
Toes = —[Ecdpsz + Mg(u, cosf + sin 9)j|R, (8)

where c; is the drag coefficient, p is the air density, A is the
frontal area, M is the total vehicle mass, g is the gravitational
acceleration, pu, is the rolling friction coefficient, and 6 is
the road gradient. Second, the braking torque consists of the
mechanical and regenerative torque. Under the vehicle braking
conditions (DC < 0), the braking torque (Tiy) is expressed as
follows:

Tork = Corc - DC 9)

where Cpy is the maximum braking torque capacity. When
the motors are regenerated, Ty is divided into the mechanical
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braking torque (Tyk.,), and both regeneration motor torques
as follows:

Tork = Torkm + (T + Tora). (10)

Here, both motor torques (77 and 75) are determined using (6).
From Toy, Tres, and Tp, the wheel speed (wywpy) is determined
as follows:

Tout + Tres + Tbrk

Jes an

Oyhl =
where Jq is the equivalent vehicle inertia, which consists of
the powertrain, wheel, and vehicle mass inertias. From wyy,
v is expressed to evaluate the dynamic performance of the

vehicle as follows:
V= R,/d)whldt.

To measure EC100, which represents energy efficiency, the
value of the battery state of charge (SOC) is used. First,
the SOC consumption (ASOC) is calculated using a battery
equivalent circuit model as follows:

12)

V, =V, — R, 13)

where V, and V, are the battery and open-circuit voltages,
respectively; R; is the internal resistance, and I, is the battery
current. Here, I, is derived using each motor power according
to the battery charging or discharging condition as follows:

T\w Trw 1
( I 2)
N n )iV
mTio; + n2Tho,
Vi

if Ty > O (discharging)

ni if Tow < O (charging)
(14)

where 7, and 7, represent the efficiency of each motor, which
depends on the motor torque and speed, and »; is the constant
inverter efficiency. This study considers an ideal inverter model
that regularly supplies ac to the motor and has a constant
efficiency, because the variation in the motor efficiency is
significantly larger than that of the inverter. Then, ASOC can
be determined by integrating I, as follows:

/Ibdt
ASOC =

bat

15)

where Cp, 1S the energy capacity of the battery. The value
of EC100, meaning the electricity consumption per 100 km
of EVs, can be determined using the value of ASOC under
standard driving cycles as follows:

Cpat - ASOC

EC100 = x 100 (16)

cyc
where d.y. is the distance of the standard driving cycle (km).
The parameter values of the reference EV used in this study
are summarized in Table III [36].
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TABLE III
REFERENCE VEHICLE SPECIFICATIONS

Item Specification
Vehicle mass 1,600 kg
Frontal area 227 m?
Drag coefficient 0.29
Rolling friction coefficient 0.01
Tire radius 0.31 m
Total gear ratio 7.940
Battery Voltag-e 360 V
Capacity 24 kWh

III. EFFECT OF MOTOR DESIGN PARAMETERS ON
MOTOR CHARACTERISTICS

Although high motor torque and efficiency provide the
advantages of improved EV driving performance and energy
efficiency, respectively, it is difficult to achieve both
characteristics in motor design. Therefore, it is necessary
to analyze the effect of motor design parameters on
motor characteristics to determine the optimal motor design.
In particular, the maximum motor torque and efficiency
characteristics, as shown in Fig. 2, directly affect EV
performance and efficiency. Moreover, these characteristics
vary with the motor design parameters, such as stack length,
number of coil turns, and stator and rotor shape. In practical
motor design, the stack length and number of coil turns are
easier to modify in the original motor design than the stator
and rotor shape. Accordingly, this study analyzes the motor
characteristics according to the variations in stack length and
number of coil turns.

To analyze the effect of stack length and number of coil
turns on the motor characteristics, it is necessary to determine
the available design range of both parameters. In terms of
stack length, a long length can ensure a high maximum
motor torque; however, it increases the motor cost and mass.
Because the stack length of the reference motor is 150 mm,
as shown in Table II, the sum of the lengths of the two
motors is limited to this value. Conversely, an excessively
short length causes durability and manufacturing problems.
In addition, end leakage flux occurs largely in small shape
ratio motors [37]. It means that the torque density can be
reduced if the stack length is too short with the same cross-
sectional area. Therefore, too short stack length results in a
small shape ratio, which should be avoided. For this reason,
this study considers the minimum stack length of the motor
to be 50 mm. This means that the stack length should range
between 50 and 100 mm. An example of the stack length for
each motor is shown in Fig. 5.

In terms of the number of coil turns, an increase in turns
can reduce the line current when maintaining magnetomotive
force from the armature. In addition, it can increase the line-
to-line voltage; however, this leads to a decrease in motor
efficiency from flux weakening control for the high-speed
operation region. Fig. 6 shows the analysis results of the motor
torque and line current along to the coil turns at the motor base
speed (2700 RPM). To guarantee the maximum motor power
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Motor 2
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Fig. 5. Example of stack length for a single- and dual-motor.
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A
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Fig. 6. Analysis result of motor torque and line current at a base speed
of 2700 RPM.

and to be less than the limited line current, the coil turns
should range from 14 to 38 turns. At this time, base speed
is the maximum speed at which maximum torque can be
produced, and at the same time, it is the minimum speed at
which the line-to-line voltage is used to its maximum value,
and at the same time, it is the speed at which maximum output
begins to be produced. Therefore, we investigated the motor
characteristics for the base speed and determined the range of
the number of coil turns.

Based on these design ranges, the effect of design
parameters on the motor characteristics, such as the maximum
torque curve and efficiency map, was analyzed, as shown in
Fig. 7. The motor characteristics analysis was performed up
to 15000 RPM to consider a wide range of motor operation
conditions despite the decrease in motor power at extremely
high speeds. As a result, first, the stack length and coil turns
directly affect the maximum motor torque. Because the stack
length is proportional to the amount of flux linkage, it is
related to the magnetic flux within the motor. In addition,
an increase in coil turns increases the magnetomotive force
within the motor. Therefore, the maximum motor torque is
proportional to the stack length and coil turns. Second, the
coil turns have a significant effect on the motor efficiency
compared with the stack length. An increase in coil turns
leads to a large amount of current within the motor, resulting
in a large copper loss in the overall motor operating area.
Therefore, the average motor efficiency depends on the coil
turns. In addition, the stack length can vary the distribution of
motor efficiency, because it affects the resistance of the motor.
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X-axis: Speed [RPM], Y-axis: Torque [Nm]

150
100
50

0 e

0 000 10000

o 0
15000 0

350 350
@D Efficiency (%) | Lg: 100 mm

300 [ |==——Max. torque (Nm)| 300

250 250

200 200

150 150§/

100 100 |
& 50 ey 50 =
d| e N
,ﬁj 0 5000 10000 15000 0 5000 10000 15000
= 350 350 350
b Ly 75 mm Lg 75 mm Lg: 75 mm
— 300 N 14 300 300 T
d ¢ c!
[5) 250 250
8
o 200 200
g 150 150
% 100 P55 100

- o B
5 0 T = 30 ] e om
0 Fas e 0 o— o

'5 0 5000 10000 15000 0 5000 10000 15000

350 - 350

Lg: 50 mm Lg: 50 mm Lg: 50 mm

300 Ng: 14 300

250 250

200 200

e ——

5000

10000 15000

= 0 i =il
10000 15000 0 5000

>

Increase in Coil Turns (N¢)

Fig. 7. Effect of design parameters on motor characteristics.

Accordingly, both parameters are significantly related to the
motor characteristics.

These motor characteristics are directly involved in the
energy efficiency and dynamic performance of the EV.
Moreover, in two-motor and two-speed powertrain systems,
the TD between the two motors and the GRs can adjust the
motor operating points and multiply the motor torque [16].
Therefore, these parameters should be appropriately deter-
mined to operate the motors in the high-efficiency area and to
output a high traction force. In summary, to maximize both EV
efficiency and performance, the motor design parameters, such
as stack length and number of coil turns, should be determined
by considering the optimal TD and GRs.

IV. MULTIOBJECTIVE OPTIMIZATION PROCESS

To evaluate the design requirements of EV, a requirement
quantification should be determined. This study used the
EC100 from the WLTP driving cycle for the energy efficiency
and the acceleration time (f,c.) of 0—100 km/h under maximum
accelerating condition for the dynamic performance. Details of
the optimization process are presented next.

A. Optimization Problem Formulation

In the EV design optimization process, using multiobjective
optimization method is more appropriate than single-objective
optimization, because it can handle the trade-off between
the efficiency and performance of EVs. For the design

optimization of two-motor and two-speed transmission EVs,
the design variables are the stack length, number of coil turns,
and TD coefficient for motors, and the GR of each speed for
transmission. Considering this, the multiobjective optimization
problem can be formulated as follows:

minimize f(x) = f(EC100, fyec)

s. t. xe Q.

where x =[L,N,r, C] (17)

where L = [L!, L] and N = [N}, N?] are the stack length
and number of coil turns sets, respectively; r = [ry, ;] is the
GR set, C is the matrix of the optimal TD coefficients (c,,)
depending on the vehicle speed (v) and DC, and €2, represents
the design variable constraints, such as the upper and lower
bounds of the stack length and the number of coil turns and the
dynamic constraints of the GRs. Here, because a coil should
be paired with another coil and the coil turns are an integer
value, the design variable N is accepted as an even number
within the optimization process. Therefore, L, C, and r are
the continuous variables, while N is the discrete variable in
this optimization.

To update C for each iteration, the optimization process
involves a suboptimization process that optimizes the TD
coefficients [16]. For a certain combination of design variables
(L,N, and r), the TD coefficients can be optimized for
minimizing energy consumption. Therefore, to solve (17),
the optimization is performed separately for C and for the
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other design variables (L, N, and r). To derive the optimal

TD coefficients, a suboptimization problem is formulated as

follows:

Ty (cm)wy n Th(cm)wn
N1 )

Tla)l + T2w2 = Preq(va DC)

minimize f(c,) =
Cm

s. t. (18)

For the motor design, L and N constraints are as follows:

50 <L <100

ZL:I5O

14 <N < 38. (19)

To determine the feasible region of each GR (r; and r),
the dynamic constraints should be considered so as to meet
the basic driving requirements of EVs [9]. Because the
dynamic performance objective is 0-100-km/h acceleration,
both motors are required to drive until the vehicle is
accelerated to 100 km/h. Therefore, the maximum value of
the first GR (7 1max) is determined by considering the maximum
motor speed (wmax) as follows:

- @Wmax * Rt 20

Fimax = 100/36 ( )
Since the first GR is always greater than the second GR
(r1 > rp), when driving at the maximum speed of the EV, the
second motor is only operating. Therefore, the maximum value
of the second GR (7»max) can be determined by considering the
demanded maximum vehicle speed (Vmax) and the maximum
motor speed (wmax) as follows:

Wmax - Ry

ﬁmax/3-6' (21)

r 2max —
Here, the vy« is set to 150 km/h considering the reference
vehicle specifications. Furthermore, the traction force at
maximum vehicle speed should be greater than the resistance
force induced by air and rolling drag. For this reason, the
minimum second GR (72min) is determined by considering the
resistance force as follows:

1 -
R (uMg + 5capAvy,,)

Fomin = .
TmaxZ

(22)

Here, the value of Ty, is the torque at the maximum motor
speed for a motor designed with the maximum stack length
and the number of coil turns (Ly = 100 and N, = 38), because
such conditions output the minimum torque at the maximum
motor speed among all motor design candidates, as shown in
Fig. 7.

B. ANN Modeling

In general, multiobjective optimization entails a high cal-
culation burden, as opposed to single-objective optimization.
To address this problem, ANN-based multiobjective optimiza-
tion has been performed to decrease the computational burden
in the optimization of various vehicle designs. ANN models
can predict complex and nonlinear relationships between
system input and output [38]. Therefore, this study employs an
ANN model built using the neural network toolbox available

2083
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Fig. 8. ANN model configuration.

TABLE IV
ANN MODEL PARAMETERS

Parameter Setting
Training 70%
Sample percentage  Validation 15%
Testing 15%
Initial hidden layer nodes 10
Output layer nodes 2
Activation function Sigmoid

Training algorithm Bayesian regularization

in MATLAB. For the ANN model construction, the design
variables (L, N, and r) and objective functions (EC100 and
tacc) Were selected as model inputs and outputs, respectively.
The ANN model configuration is as shown in Fig. 8, and the
parameter settings are summarized in Table IV.

The ANN model should achieve high model accuracy with
as little computational effort as possible [39]. To improve
model accuracy, in addition to increasing the number
of samples, a large number of hidden layer nodes are
required within the ANN model; however, increasing the
number of samples can be a burden to build the ANN
model, and increasing the number of nodes can lead to
overfitting problems and excessive training times. Accordingly,
it is acceptable to use the least possible samples and
nodes to ensure target model accuracy in the ANN-based
modeling process. To determine the suitable number of
samples and nodes, this study utilizes an effective modeling
method that continuously validates the model accuracy while
reconstructing the ANN model and gradually increasing the
number of samples and nodes [34].

The ANN modeling process is shown in Fig. 9. First,
the initial samples are selected using the optimal Latin
hypercube design (OLHD) [40], and the ANN model for
the objective functions is constructed. To quantify the model
accuracy, the normalized root-mean-square error (NRMSE) is
utilized by performing a cross-validation-based comparison
between the objective function values from the vehicle and
ANN models. Next, if the calculated NRMSE of the ANN
model is greater than the demanded NRMSE, a new set of
samples is appended to the current samples. In this stage,
the number of hidden layer nodes can increase when the rate
of difference in NRMSE between the current and previous
values is significantly low to improve the prediction accuracy
of the ANN model. In addition, the new sample points are
determined to evenly encompass the feasible design regions
using the maximin distance design (MDD) [41]. Whenever
the number of samples and nodes increases, this process
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Fig. 10. Pareto front solutions.

repeatedly computes the NRMSE and is terminated when the
new NRMSE is less than 0.1%. Finally, an ANN model is
developed using the samples and nodes from the current step.
As a result of applying this process, the ANN model for the
objective functions (EC100 and #,..) was constructed using
178 samples with 20 nodes.

V. OPTIMIZATION RESULTS

Based on the ANN model of the objective functions
representing EC100 and #,., the optimization problem formu-
lated in (17) was solved using the NSGA-II algorithm [42],
which has advantages in solving nonlinear functions and
multiobjective optimization problems, and obtained the
optimization results. The initial design parameters were
employed as follows: the stack length for each motor is the
same as 75 mm without optimal TD, the number of coil turns
for each motor is the same as 18 by referring to Table II,
and the GRs for each speed are 11.91 and 7.94 for the
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first- and second-speed, respectively, using the GR of the
reference vehicle (Table III) and 1.5 step ratio. A Pareto
front, comprising of 70 optimal solutions for EC100 and
tace, 18 shown in Fig. 10. This result indicates a balanced
relationship between the two objectives, representing a trade-
off between EV efficiency and performance. In addition,
a comparison of results between the initial design and the
Pareto optimal solutions exhibits that EC100 and 7, can be
improved by up to 3.0% and 5.8%, respectively.

Fig. 11 shows the optimal solution distributions for the
optimal design solutions at the Pareto front. The Pareto
front and optimal design solutions were displayed using the
gradation effect to match the design solutions corresponding
to the objective function values. The solution close to the
blue or light-greed color means that it is beneficial to
efficiency or performance, respectively. The effect of each
design variable on the objective functions can be identified
from the results of the design solutions. For stack length,
a similar length for each motor is advantageous in terms of
energy efficiency. Conversely, a long first motor length (and
a short second motor length) is advantageous in terms of
acceleration performance. Because the GR with the first motor
is large and the stack length is proportional to the maximum
torque, the first motor length affects the acceleration time
more than the second motor length. For the number of coil
turns, a small or large number of turns is advantageous in
terms of efficiency or performance, respectively. As shown
in Fig. 7, a small and large number of coil turns offer
advantages in terms of motor efficiency and maximum torque,
respectively. In particular, the first motor is significantly
related to acceleration time, because a large number of coil
turns are in the range of small acceleration times, whereas
the second motor is more significantly related to energy
efficiency than the first motor. For the GRs, small or large
ratios are desirable for efficiency or performance, respectively.
Because superior energy efficiency and dynamic performance
rely on the combination of motors and GRs, the effect of
GR on the objectives should be analyzed considering the
motor characteristics, such as the efficiency distribution and
maximum motor torque. Accordingly, because the various
design variables, such as stack length, number of coil turns,
TD, and GRs, affect both objectives, an effective optimization
method should be implemented to achieve maximum efficiency
and performance of EVs. In addition, these results, including
the various design solutions for each weighted objective,
demonstrate the importance of multiobjective optimization to
obtain the most appropriate design solutions depending on
each engineer’s requirements.

To confirm the importance of considering motor design
parameters that affect motor characteristics, the system
optimization results are compared, as shown in Fig. 12:
1) including motor design variables and 2) fixed motor
design parameters (see Table II, L = 75 and N = 18).
These results demonstrate the effectiveness of the system
optimization, including motor design parameters, because
the EC100 and f,. are further improved. Therefore, the
optimization considering specific motor designs is appropriate
in the design of multimotor and multispeed powertrain systems
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to enhance EV efficiency and performance. To confirm
the effectiveness of the two-motor and two-speed EV, the
optimization results are compared with a reference (single-
motor and single-speed EV) and a single-motor and two-speed
EV, as shown in Fig. 13. For the optimization of the single-
motor and two-speed EV, the GRs and shifting patterns are
considered the optimization variables. Here, the optimal GRs
and SPs were determined using the method proposed by
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Fig. 14. Comparison of the results between the vehicle and ANN models.

Kwon et al. [9]. These results clearly demonstrate that the
two-motor and two-speed EV outperforms other EVs in terms
of dynamic performance and energy efficiency. In addition, the
ECI100 variation of the Pareto solutions for the single-motor
and two-speed EV was significantly greater than that of the
two-motor and two-speed EV. Therefore, the two-motor and
two-speed EV can enable a more robust design in terms of
energy efficiency, because the motor efficiency at the operating
points can be improved in a given design through the optimal
motor TD, despite the different motor and GR designs. Two-

motor and two-speed powertrain systems can achieve excellent

performance on EVs; however, they can increase cost and

system complexity compared with other powertrain systems.

Therefore, the development of multimotor and multispeed
powertrain systems requires a comprehensive evaluation of
EVs, including these points.

To avoid an excessive computational effort, these optimal
design solutions were obtained using the ANN model.
Therefore, the prediction accuracy of the constructed ANN
model needs to be validated. For the objective functions
(EC100 and t,.), this study compared the output values of
the vehicle and ANN models for 100 randomly selected design
variables in the feasible region, as shown in Fig. 14. Here, the
vehicle model results were analyzed using the FEA results

Authorized licensed use limited to: Hanyang University. Downloaded on March 18,2025 at 08:15:05 UTC from IEEE Xplore. Restrictions apply.

2085



2086

for each motor design variable combination. Since the overall
errors for EC100 and ¢, are approximately 0.06% and 0.09%,
respectively, the accuracy values of the ANN models are
considered highly reliable. In addition, approximately 50 000
calculations were required to obtain the Pareto solutions.
Therefore, if we directly utilize the motor FEA results to
optimize this powertrain system, a required computational time
would be expected as 350 days in our computing environment.
However, the ANN model enables the calculation of the
objective function values without the motor FEA results. It is
possible to rapidly calculate the objective function values for
repeatedly updated design variables during the multiobjective
optimization process. When utilizing the constructed ANN
models, the time required to obtain the optimal solutions
was only approximately 40 h:36 h for constructing the ANN
model and the rest for the optimization. In summary, using the
ANN models is highly effective for solving the multiobjective
optimization problem for complex vehicle systems.

VI. CONCLUSION

This article proposed an effective system optimization
method for a two-motor and two-speed powertrain EV.
The results of the motor parameter effect analysis showed
the importance of the specific design of the motor in a
multimotor powertrain system. In addition, the optimization
results indicated the necessity of optimization considering
the effect of specific motor designs on motor characteristics
for the powertrain system design of EVs. A comparison of
the efficiency and performance results between the reference,
single-motor and two-speed, and two-motor and two-speed
EVs clearly demonstrated the superiority of the two-motor
and two-speed EVs. In future work, the proposed optimization
method will be applied to the other EVs, such as three-
motor and four-wheel independent drive powertrain systems,
to improve the efficiency and performance of EVs, and detailed
motor design parameters, such as air gap, magnet dimension,
and size of core and armature, will be addressed to further
improve EV efficiency and performance.
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