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Abstract: With the increasing demand of driving range of new energy vehicle (NEV), design opti-
mization for energy efficiency of traction motors became more important. However, traction motor
design is complex since multiple objectives should be satisfied, such as the required torque-speed
operating range and package and thermal constraints. This dramatically increases the computation
time of the design optimization process, while the additional energy efficiency objective of the whole
driving cycle. This paper proposes an equivalent driving cycle points extraction method, based on
energy consumption equivalence to facilitate the design optimization of traction motors. This paper
presents necessary rules of multiobjective optimization methods, and then gives an optimization
process and proves the effectiveness.

Keywords: NEV; traction motor; energy efficiency; equivalent driving cycle points; multiobjective
optimization algorithm

1. Introduction

Traction motor design optimization is a technology which is supposed to achieve
high power density, good efficiency and excellent NVH by adjusting the motor winding
turns and stator shape and rotor shape and magnets dimension, etc. Traditional design
optimization only takes single motor parameter as optimizing variable remaining the other
parameters unchanged. Then performance of the new design is simulated and compared
to determine the value of the single variable. This dramatically increases the computation
time of the design optimization process, especially allowing for minimizing the total energy
loss over the whole driving cycle. This paper describes design optimization techniques
for NEV traction motors to achieve high energy efficiency over CLTC driving cycle while
satisfying the other required performance. Different multiobjective optimization algorithm
is discussed and improve the speed and effectiveness in motor design optimization.

Most of the optimization algorithm is based on the analysis and comparison of the
existing data to obtain the subsequent optimization direction, which is located in the stage
of machine learning. Because there are only dozens of targets in the optimization process
of motor-design, the operation quantity can be satisfied by using machine learning. Deep
learning is a higher-level optimization algorithm applied to image processing and sound
processing as shown in the Figure 1. Therefore, multiobjective optimization technology is
mostly used to improve the motor efficiency.

The multiobjective optimization technology including:

Artificial intelligence: the optimized data can be combined with the model of machine
learning training instead of CAE function of some motor simulation

Convenience: Through the integration and improvement of complex optimization
algorithm, the improved algorithm with high applicability and wide coverage is developed
to improve the usability.
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Figure 1. Difference between deep learning and machine learning.

High-speed: as the multiobjective optimization algorithm with the characteristic of
large calculation and large execution processes, it needs to improve the calculation speed.
Japan and Europe have begun to introduce supercomputing/cloud platform to support
the optimization process

Modeling: through optimizing the software solidification model, the vehicle factory
can develop driven motor based on this model. Because the model-based development
needs to be iterative repeatedly, the optimization software can greatly shorten the develop-
ment time.

Response surface methodology (RSM) instead of finite element: for some complex
motor structures, RSM can be obtained by optimization algorithm instead of finite element
calculation, greatly reducing the time. In addition, through the solidification of RSM for
future product development services.

Multioccasion collaborative optimization: multi physical fields have their own sim-
ulation platforms and interfaces. Optimization software can consider different factors
at the same time by integrating them for multiphysical fields or multiteam collaborative
optimization.

2. Driving Cycle of Traction Motors

Vehicle test cycle include new European standard driving cycle (NEDC), China light-
duty vehicle test cycle (CLTC), and Worldwide Harmonized Light Vehicles Test Cycle
(WLTC). NEDC is a kind of steady-state cycle determined with duration time of 1180 s,
driving distance of 11 km and maximum speed of 120 km/h. 66% of the whole cycle
is urban cycle, and the rest is suburban cycle. While the WLTC cycle duration time is
1800 s, the driving distance is increased to 23.25 km, and the maximum speed is 131 km/h.
CLTC is a standard condition defined based on the big data of 3832 vehicles in 41 cities in
China. Its duration is the same as that of WLTC, which is 1800 s. However, CLTC lacks the
definition of ultrahigh speed, and the maximum speed and average speed are lower than
the other two conditions. Generally, the acceleration ratio and deceleration ratio of WLTC
and CLTC are significantly higher than that of NEDC, and the total duration and driving
distance are greatly improved, so the harshness of WLTC and CLTC is higher than that
of NEDC. CLTC is the closest working condition to the actual traffic condition in China.
Based on the CLTC driving cycle, this paper carries out multiobjective optimization for the
motor.

The energy consumption of the motor at any time can be described by the relationship
of the traction motor speed, torque, and power in CLTC cycle according to the vehicle
parameters which are defined in Table 1. The profile of motor speed, torque, and power in
single CLTC is shown in the Figures 2—4.

Table 1. Parameters of vehicle and electric drive.

Major Parameter Value
Vehicle Weight (kg) 1600

Tire Rolling Radius (m) 0.307
Peak Power (kW) 200
Peak Torque (Nm) 430

Gear Ratio 11.8
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Figure 4. Motor power versus time.

2.1. Equivalent Extraction Driving Points over CLTC

In the 1800 s duration of single CLTC, the motor speed is mostly concentrated in
2000—4000 rpm, the torque is mostly concentrated in 50 Nm, and the power is mostly about
20 kW. The energy consumption of the motor is distributed by hundreds of points within the
range of speed (0~10,000 rpm) torque (—150~150 Nm), power (—80~80 kW). An equivalent
driving cycle points extraction method is conducted to achieve some characteristic points
according to time weight and power weight over CLTC. These characteristic points work
for a long time and a large proportion power consumption. It follows the principle that
the energy consumption of the vehicle over CLTC. Typically, 9 characteristic points are
extracted as shown in Table 2.

Normally, too many optimization objectives make the algorithm difficult to converge.
Therefore, the number of characteristic points is reduced to three during optimization
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process. Empirically 3 points is well equivalent and improve the optimization effectiveness.
The energy efficiency over CLTC can be evaluated through 3 characteristic points as shown
in Table 3.

Table 2. 9 characteristic points.

Speed (rpm) Torque (Nm) Power Weight (%) Time Weight (%)
621 39 0.03 0.14
1491 34 0.10 0.22
2481 38 0.14 0.17
3513 32 0.17 0.16
4439 35 0.21 0.15
5414 34 0.10 0.06
6435 36 0.09 0.04
7486 40 0.06 0.02
8994 34 0.10 0.04

Table 3. 3 characteristic points.

Speed (rpm) Torque (Nm) Power Weight (%) Time Weight (%)
1784 36 0.34 0.60
4260 33 0.33 0.26
7000 36 0.33 0.14

In this paper, the basic principle of vehicle condition transformation is energy equiva-
lent method: the motor load spectrum is divided into several regions by means of regional
energy statistics; then, the characteristic speed, characteristic torque and energy (and time)
ratio are calculated for each region. The characteristic speed represents the regional speed
characteristics, the characteristic torque represents the regional load characteristics, and the
energy (and time) ratio represents the weight of the region. Considering the optimization
efficiency and accuracy, the three-point method is used for optimization, and the nine-point
method is the verification method after optimization. The method was verified by practice
and has strong practicability and accuracy.

2.2. Motor Loss and Efficiency over Driving Cycle

The power weight is almost same among 3 characteristic points and 4260 rpm 33 Nm
is chosen. The loss and efficiency of the motor under different loads at 4260 rpm are
theoretically analyzed. Torque 30 Nm is selected as the typical load, and the corresponding
magnetomotive force is 960 NA. The efficiency characteristics of the motor change by
optimizing the electromagnetic design variables, and the optimal match between the high
motor efficiency region and the vehicle driving cycle can be achieved.

mI20Npy Liurn ¥ 2% Lyym * m? % 2N,
aScu Qs*Asior * kit

Py = mI*R = (1)

where m is the number of motor phase, I is the current, R is the coil resistance, p is the
resistivity of coil, Ly, is the coil length per turn, Nph is the number of windings in series
per phase winding, a is the number of parallel branches, Qs is the number of stator slots,
Aglor 18 the stator slot area, and kg, is the stator slot fill factor [1].

Pre = Py + P+ Po = (K fB? + Ko(Bf)* + K f'°B%) x v @)

where Py, P, and P, are the hysteresis loss, and eddy current loss and excess loss of the
motor respectively, f is the motor mechanical rotation frequency, B is the magnetic flux
density, V is the motor volume. K}, K. and K, are the hysteresis loss coefficient, eddy loss
coefficient and excess coefficient of motor core loss, respectively.
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Pgut:wA*TZWA*p*Nph*S*B*kT*I (3)

where w 4 is the mechanical angular speed, T is the output torque of motor, p is the number
of rotor poles, S is the pole area, and k7 is the toque coefficient.

_ Pout — kout
Pout + Pcy + Pre kout + kcopper * (Nph * I) + kcore/(Nph * I)

U )

where 7 is the motor efficiency, P, Pc,, and Pr, are the output power, copper loss and
core loss of motor respectively, kout, kcopper and keore are the coefficient of the Pyyt, Pc,, and
Pr,, respectively.

For electric vehicle motor, when the motor works near the base speed point, ignoring
the mechanical loss, it can be approximately considered that the iron loss is constant loss,
and the copper loss is variable loss. When the copper loss is equal to the iron loss, the
efficiency reaches the maximum. In the design of electric vehicle motor, the copper loss is
generally equal to the iron loss at the base speed point, the copper loss in the low-speed
area is greater than the iron loss, and the iron loss in the high-speed area is greater than the
copper loss as shown in the Figure 5 [2,3].
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Figure 5. Relationship between iron loss, copper loss, and efficiency distribution of motor.

3. Multiobjective Optimization of Traction Motor
3.1. Select of Multiobjective Optimization Algorithm

The derivation of optimization algorithm is mainly divided into three levels. The first
is the public algorithm such as multiobjective genetic algorithm (MOGA), multiobjective
simulated annealing algorithm (MOSA), etc., the next is the improved optimization algo-
rithm such as MOGA-II which the optimization speed is better, and the last is the new
optimization algorithm developed by major optimization software developers, which has
better optimization speed.

All the optimization algorithm based on the first level. The first level algorithm
mainly includes global optimization algorithm and local optimization algorithm. MOSA
is suitable for global and approximate global optimization with simple structure and no
need too precise for initial selection points. However, the spatial search ability of MOSA
is weak and the sampling times are large which lead the optimization process takes long
time. MOGA is a general self-adaptive algorithm with randomness and intelligence. The
algorithm performs the process of selection, hybridization, and mutation repeatedly as
shown in the Figure 6. Because of the less optimization design constraints, it is suitable
for global optimization, but the local search speed is slow [4]. The difference between
particle swarm optimization and genetic algorithm is no crossover and mutation, and it is
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relatively simple to search the global optimal solution by following the current optimal
value. However, the algorithm cannot achieve real optimization for the fitness value
is much higher than the average value of the current population in the early stage of
the algorithm, also is known as premature convergence [5]. Differential optimization
algorithm is different from genetic algorithm mutation. It achieves rapid convergence by
comparing the difference and searching for the minimum disturbance value randomly.
The adaptive ant colony algorithm has weak spatial search ability and long optimization
process. Taguchi method is an excellent optimization algorithm which differ from the
local optimization algorithms such as magnetic network method, simplex method and
mountain climbing method as shown in the Figure 7. The algorithm can greatly reduce the
number of experiments by using orthogonal experiment [6]. It is suitable for multiobjective
optimization while it has fast convergence speed. However, the algorithm is not suitable
for global optimization algorithm for it is especially dependent on the selection range of
initial points. The hybrid optimization algorithm of Taguchi method and genetic algorithm
combines the local optimization ability and the global optimization ability. It not only
overcomes the shortcomings of Taguchi method for the global optimization, but also solves
the slow convergence of genetic algorithm.
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Figure 6. MOGA optimization process.
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Figure 7. Taguchi method optimization process.
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3.2. Construction of Optimization Process

For the application of motor working conditions efficiency optimization, there is no
interaction between different working conditions. To improve the efficiency of algorithm
optimization, this paper adopts a multi strategy adaptive algorithm, which combines the
advantages of local search and global search and balances the relationship between the real
optimization of Pareto front search and the virtual optimization based on response surface
in an intelligent way. Even when dealing with complex output functions and constraints, it
provides excellent performance. So, it is usually recommended for multiobjective problems.

The selection of optimization objectives is important, and the main traction motor
performance requirements are determined by vehicle requirements and traction motor
product positioning. Based on the project requirements of this paper, the objectives of the
optimization process are followed:

e  Maximize the motor torque. Torque represents motor power and vehicle acceleration.
Under the same current condition, the torque per unit volume of the motor represents
the torque density of the motor and the cost advantage of the motor.

e  Minimize the torque ripple. Motor torque ripple affects motor power output stability,
which is caused by the harmonic of the motor magnetic field. Small harmonic content
is beneficial to the performance of motor [7].

e  Maximize the operating efficiency of motor. The efficiency of motor working condition
can be obtained by processing the efficiency of three typical working points of equiva-
lent conversion. The higher efficiency of the motor, the lower energy consumption,
and the higher driving range.

e  Better motor NVH performance. NVH noise comes from the radial electromagnetic
force of the motor. The excitation source of the motor can be reduced by reducing the
order harmonics of the main electromagnetic force which is beneficial to suppress the
noise of the motor.

It is important to select appropriate optimization factors for they have a decisive
impact on the optimization results in the optimization process and are the key in the whole
optimization process. The performance of the electric drive is related to the parameters of
the stator and rotor, while it is difficult to take all the geometric parameters as the input
variables of the optimization process considering the workload and calculation time of
the whole optimization. So, the optimization factors selection should satisfy the following
principles:

e  The number of optimization factors should be suitable. With the increase of optimiza-
tion factors, these factors are arranged and combined with each other, and all possible
processes grow exponentially. The amount of optimization calculation is huge, the
optimization results are difficult to converge. However, if the selection of optimization
factors is not comprehensive, the process will be optimized in a local area.

The optimization factors are independent. Ensure that they do not affect each other.

The optimization results are closely related to the selected optimization factors, and

there is an optimal combination of optimization factors to achieve the optimization

objective.

e  The value of the optimization factor should be suitable. The geometric dimension
will interference and the majority of models is wrong in the process if the range is too
large. Meanwhile, if the range is too small, the optimal result is local.

3.3. Rules of Multiobjective Optimization Methods

The motor multiobjective optimization algorithm is a method used to analyze, process,
and iterate based on finite element analysis (FEA), while the optimization process needs
repeated iteration and thousands of FEA calculations are required, which takes more time.
Therefore, response surface methodology (RSM) [8] needs to replace the FEA calculation
model to reduce the optimization time.
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The following rules should be followed to establish the response surface (RSM) algo-
rithm based on iterative results:

e  The optimization objective must be transformed into a mathematical model, and the
relationship between the optimization objective and the optimization factor can be
concluded by calculation function.

e  The results of iteration should be accurate, and the assumptions and the calculation
boundary should be consistent.

e  The sampling data is not allowed to be extrapolated, and the sampling points should
be evenly distributed.

e  Sampling points should be random.

The rules can characterize the relationship between the optimization results and the
optimization factors well, and greatly shorten the calculation time although the RSM
established has no physical meaning. In addition, the RSM model based on the test can be
used to predict the results. Facing the complex and time-consuming computing situation,
the feasibility of optimizing process can be greatly improved by replacing RSM model,
which can be used in the coupling of multiple physical fields optimization [9].

4. Multiobjective Optimization Design
4.1. Optimization Factor

A motor is designed based on the performance requirements which are defined in
Table 4. The parametric model of rotor is shown in Figure 8, which is a double-layer
V-shaped magnetic structure, including motor parameters with the angle between magnet
and D-axis and Q-axis, the magnet width, the air gap size, and the rotor outer diameter.
The optimization factor value range is shown in Table 5. The optimization process obtains
different rotor magnetic structure via the combination of parameters and expend the
optimization space.

Table 4. Performance requirement of motor.

Major Parameter Value
Motor type IrM
Voltage (V) 396
Peak power (kW) 200
Duration of peak power (s) 60
Peak torque (Nm) 410
Peak current (Arms) 600
Continuous power (kW) 90
Duration of continuous power (min) 30
Max. output speed (rpm) 16,500
Max. outer diameter of motor (mm) 220
Cooling condition Water-cooling

Table 5. Optimization factor value range.

Design Variables Symbol Value Range Value Interval
D-axis Angle of Magnet I (°) maglAngle [60-120] 0.4
Q-axis Angle of Magnet I (°) maglrib [3-13] 0.2

Width of Magnet I (mm) maglwid [14-18] 0.2
D-axis Angle of Magnet II (°) mag2Angle [80-140] 0.4
Q-axis Angle of Magnet II (°) mag?2rib [18-29] 0.2

Width of Magnet II (mm) mag2wid [8-11] 0.2

Rotor outer diameter (mm) D2 [70-75] 0.5

Air gap (mm) gap [0.6-0.8] 0.05
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Figure 8. Parametric model of rotor.

According to the above design parameters, the following principles should be satisfied
when establish rotor structure:

Ensure that no interference between two layers magnet;

Ensure that design parameters are independent;

The value of design parameters in a reasonable range to ensure the optimization space;
Avoid the parametric combination against the principle of electromagnetic field theory.

4.2. Optimization Flow

Firstly, confirm the range of each optimization factor by orthogonal test to determine
the appropriate optimization factors and value. Then group the optimization objectives
including initial optimization objectives and deep optimization objectives. The initial
optimization objectives are the output torque, torque ripple, no-load back EMF peak to
peak and cogging torque. The process that the initial optimization objective satisfies
can be further optimized. The deep optimization objectives include working efficiency
and harmonic content of electromagnetic force in typical working conditions. To meet
the requires of both the initial optimization goal and the deep optimization goal, the
optimization process iterates repeatedly. It will not stop until the process convergences
to the best performance or reaches the calculation times. The multistrategy adaptive
optimization algorithm flow is shown in Figure 9. If the algorithm fails to converge
or to find the optimal performance process for a long time, it is important to change
the optimization space by expanding the optimization factor range and changing the
optimization factors.

4.3. Evaluation of Optimization Result

Analyze the contribution of optimization factors to design objectives including average
torque, torque ripple and 48th electromagnetic force, and confirm the optimization factor
and weight. The sequence of the optimization factor contribution on the average torque
from high to low is: D-axis Angle of Magnet I, Q-axis Angle of Magnet I, D-axis Angle of
Magnet II, the sequence of the influence on the torque ripple is: Q-axis Angle of Magnet II,
Q-axis Angle of Magnet I, D-axis Angle of Magnet II, and the sequence of the contribution
on 48th electromagnetic force is: Q-axis Angle of Magnet II, Q-axis Angle of Magnet
I, Width of Magnet I as shown in the Figures 10-12 respectively. Y-axis represents the
contribution of x-axis variables to torque, torque fluctuation and 48th order electromagnetic
force, without unit. The larger the value, the greater the influence of x-axis variables on
the optimization results. This makes the optimization analysis more clearly, especially the
selection of optimization factors and the corresponding relationship between optimization
objectives and optimization factors.
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Multiobjective optimization algorithm includes more than two optimization objectives,
which has mutual coupling effect, different from traditional objective optimization. The
average torque and torque ripple are two relatively independent optimization objectives.
In the optimization process, the results which do not meet the performance requirements
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cannot be judged by direct screening and sorting of big data, such as high average torque
while large torque ripple and small torque ripple while low average torque. Traditional
optimization process analyzes optimal objectives separately and combines the multiple
objective functions by single superposition. If the coupling degree between objectives is
deep, it cannot be optimized respectively. For complex multiobjective optimization process,
it is necessary to make a Pareto evaluation on the optimization objectives of motor [10].
The process with the maximum average torque and the minimum torque ripple converges
along the red line in Figure 13. Therefore, the multiobjective optimization direction can be
judged.
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mag2rib mag1lrib maglth maglAngle mag2Angle

Figure 12. 48th electromagnetic force-optimal factor contribution.
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Figure 13. Average torque-torque ripple pareto front.

4.4. Comparison of Design

The air gap, stator inner diameter, rotor outer diameter and angle of magnet have
changed after the optimization as shown in Table 6. As shown in the Figure 14, the
rotor outer diameter of the is reduced, and the arrangement of the magnet is optimized,
especially the Q-axis Angle of Magnet I and II are greatly changed. The rotor magnetic
field distribution of the two-model change with the rotor structure.

Then, efficiency map simulation analysis is conducted, and the efficiency contour of
96% moves to the low torque and low speed direction after the multiobjective optimization.
The red region accounts for a large proportion in CLTC cycle, which speed range is
2000 rpm-5000 rpm and torque range is 20 Nm-75 Nm. As shown in the Figure 15, the
high-efficiency contour moves in this direction, and the CLTC efficiency is improved.

Taking the working condition efficiency as the main optimization objective and the
dynamic performance as the secondary optimization objective and observation item, modi-
fying the electromagnetic parameters and screening the optimization model, the external
characteristics of the electromagnetic scheme are likely to be reduced. In addition, through
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the vehicle verification, the reduced performance still meets the vehicle requirements, so
the optimization scheme can be accepted.

Table 6. Comparison of design parameters.

Parameter Initial Model Optimized Model
Winding form Flat wire Flat wire
Pole/slot 8/48 8/48
Gap structure Uniform air gap Uniform air gap
Stator outer diameter/inner diameter (mm) 220/149.4 220/143.6
Length of stator core (mm) 150 140
Length of stator assembly (mm) 200 190
Air gap (mm) 0.7 0.8
Width of Magnet I (mm) 14.5 15
D-axis Angle of Magnet I (°) 82 82
Q-axis Angle of Magnet I (°) 8.3 2.3
Center distance of Magnet I (mm) 10 10
Width of Magnet II (mm) 10 10
D-axis Angle of Magnet II (°) 103 131
Q-axis Angle of Magnet II (°) 224 18.4
Center distance of Magnet II (mm) 4 4
Rotor outer diameter (mm) 74 71
Cost Factor 1 0.92

Magnetic Flux Density ( <Slioe
Contour Plot: T
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Figure 14. Comparison of magnetic field distribution. (a) Initial model; (b) optimized model.
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Figure 15. Comparison of efficiency map.

The CLTC efficiency is calculated through 9 characteristic points derived above. The
result indicates that the efficiency increases from 95.0% to 95.6% as shown in the Table 7,
which meets the established optimization objective. While the copper loss is not changed,
the iron loss is reduced by 27%, 33%, and 35% as shown in the Table 8, which makes the high
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efficiency region overlaps with the CLTC cycle. The iron loss of motor is mainly produced in
the stator and the magnetic density in tooth and yoke are optimized respectively below 1.4T
and 1.6T, which reduces the stator iron loss. On the other hand, magnetic field harmonics
in air gap are optimized, which reduces rotor iron loss.

Table 7. Comparison of CLTC efficiency.

Motor Data CLTC Efficiency
Initial model 95.0%
Optimized model 95.6%

Table 8. Comparison of typical point losses of motor.

Optimized Model Initial Model
Typical Working Point
Copl()‘e;)Loss Iron Loss (W) COPI():J)LOSS Iron Loss (W)
36 Nm@1784 rpm 191 98 191 139
33 Nm@4260 rpm 209 326 209 486
36 Nm@7000 rpm 251 712 252 1093

5. Experimental Result

The optimized motor is fabricated, and electromagnetic structure of the prototype
motor is shown in Figure 16. The efficiency map of the optimized motor is measured
through bench test, as shown in Figure 17. The CLTC efficiency calculated based on the
energy equivalent 9-point method is shown in Table 9.

Figure 16. Electromagnetic structure of prototype motor.

Table 9. Comparison of CLTC efficiency.

Motor Data CLTC Efficiency
Simulation 95.6%
Measurement 94.8%

Considering that temperature of the motor is not exactly same between simulation
and test condition, the measured CLTC efficiency is 94.8%, which differs by 0.8% from the
simulation. The CLTC efficiency of the optimized motor is much higher than 93.6%, which
is the CLTC efficiency of the initial motor.
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Figure 17. Experimental result. (a) Test bench; (b) measured efficiency map.

6. Conclusions

In this paper, a motor design technique was presented typically for maximizing
the energy efficiency of NEV traction motor over CLTC driving cycle, with the help of
multiobjective optimization algorithm. Certain characteristic points can be derived to
represent the whole driving cycle energy distribution. Three characteristic points are
extracted as optimization objectives. The CLTC efficiency of motor increases by 0.6%
by applying this design technique. The proposed technique is validated by design case
studies and measurement results from a prototype machine. It provides great help and
dramatically reduces time of the optimization process.
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