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Abstract
Aimed at the problems of low output torque of permanent magnet spherical motor (PMSM), an effective multiobjective optimization design method to Improve torque characteristics and reduce limited material volume,
improve the motor load characteristics, reduce design costs is present. At first, based on finite element analysis
(FEA) data, a particle swarm optimization-optimized BP neural network (PSO-BP) modelling method is proposed,
which solves the modelling by drawing the nonlinear and complex relationship between structural parameters and
torque problem. Then, an adaptive grid multi-objective particle swarm optimization (AGA-MOPSO) algorithm is
proposed to search for the best structural parameters, and a Pareto optimization frontier map are obtained. Finally,
according to the FEA simulation analysis, the best solution is selected from the Pareto optimization results. The
simulation results show that compared with the original motor, the torque has increased by approximately 43.52%
and the volume has decreased by approximately 7.8%, which proves the correctness and feasibility of this method.
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1. Introduction
The traditional multi-degree-of-freedom device is a
combination of multiple single-degree-of-freedom
motors and complex mechanical structures. The
complex spatial motion is composed of single degree of
freedom motors, which has many problems. For
example, large volume, low system stiffness, poor
control accuracy large volume, and poor control
accuracy. In the actual use process, in order to improve
the performance of the motor, we have to try to
improve these deficiencies, and then the permanent
magnet spherical motor appears. PMSM has the
advantages of small size, light weight and high accuracy,
and can be a good substitute for multi-degree-offreedom devices. It has broad application prospects in
high-tech fields such as aerospace, robotic arms and
bionic vision [1], [2]. The optimal design of PMSM is a
complex multi-objective, non-linear process [3]-[6]. In
the optimization process, many design factors must be
considered, design details are continuously improved,
and evaluation and correction are repeated to obtain
the best design solution. Among them, the relationship
between the optimization goal and the structural
parameters is the basis of the optimization design. In
order to optimize the design of the motor, many
methods have been used to establish the relationship

between the optimization objectives and the structural
parameters, among which the analysis method and the
finite element method are the best. In [7], a novel
spherical force sensing system was proposed. The
equivalent current method and the ampere force law
are used to obtain the ampere torque. Based on the air
gap magnetic flux density, the cogging torque was
obtained by the Maxwell stress method. Finally, the
adaptive particle swarm algorithm is used to optimize
the structural parameters. The analytical method
clearly expresses the relationship between the input
parameters and the optimization goal, but the process
is too tedious. In [8], the equivalent magnetic circuit
method based on Maxwell tensor was used to analyse
the electromagnetic torque of PMSM, and then the
multi-objective immune algorithm was used to optimize
the coil structure. When the structural parameters of
PMSM are changed, the analysis results need to be
recalculated, which will complicate the calculation
process. The FEA finite element method optimizes the
structural parameters by calculating the data multiple
times and comparing the data, which requires a lot of
time [9]. In order to improve the efficiency of the FEA
method, a polynomial-based RSM was proposed in [10]
to optimize the torque of a multi-degree-of-freedom
permanent magnet spherical motor, and a finite
element analysis method was used to establish a
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numerical model of the response surface equation. With
the increase of samples, the approximation accuracy
has not been effectively improved, and when the
dimension and polynomial order of the design variables
increase, the calculation amount will also increase
rapidly. In [11], [12], the support vector machine (SVM)
method was used to draw the relationship between the
structural parameters and torque of the permanent
magnet spherical motor. In fact, the SVM method is
suitable for the situation where the training sample data
space is small, and there are certain limitations in the
optimization design for multiple parameters.
In recent years, intelligent algorithms have been
widely used in many fields [13]-[24]. The emergence
and wide application of intelligent algorithms bring
great convenience to data processing. Each algorithm
has its advantages and disadvantages, which requires
users to understand the principle of the algorithm and
use the most appropriate and accurate algorithm to
achieve the research purpose. In these algorithms, the
PSO-BP neural network method and AGA-MOPSO
algorithm have the advantages of simple modelling
process, moderate calculation amount, high efficiency,
and good accuracy. Therefore, in view of the problems
existing in the above methods, this paper focuses on the
optimization design method combining PSO-BP neural
network method [25]-[27] and AGA-MOPSO algorithm
[28]. Firstly, the electromagnetic torque of a single pole
and a single coil of permanent magnet is obtained by
finite element analysis. On this basis, the PSO-BP neural
network method is used to establish the torque model,
and the electromagnetic torque under different
combinations of structural factors is obtained through
factorial design. Through the FEA method to obtain the
sample data, and then through the iterative operation,
the relationship between the structure and the
electromagnetic torque can be accurately predicted.
Then AGA-MOPSO algorithm is used to optimize the
structural parameters. Finally, the FEA analysis method
is used to compare the initial PMSM structural
parameters with the optimized PMSM structural
parameters. Simulation results verify the accuracy and
effectiveness of the method.
2. Torque analysis of PMSM
The torque analysis of PMSM is the key to the
optimization of the spherical motor structure. The
acquisition of torque is the prerequisite for all
optimization work. When the structural parameters of
the motor change, the torque output will also change.
Only by obtaining the accurate torque value under a
certain structure can accurate structural optimization
be performed. The commonly used methods are the
superposition principle and the finite element method.
2.1 The basic structure of PMSM
PMSM is composed of an output shaft, a spherical
rotor and a stator. The structure of PMSM has been
described in [29], The stator coil is electrified
according to a certain electrifying strategy, and the
current will be affected by the magnetic field force,
so that the spherical rotor and the output shaft move.
The specific structure is as follows: 40 permanent

magnets are evenly embedded on the rotor ball
surface according to the principle of alternating N
and S poles. 40 permanent magnets are divided into
4 layers, each layer has 10 permanent magnets, and
the interval between the two layers is 30°. The 24
stator coils are divided into two layers, which are
arranged evenly on the stator shell. The interval
between the two layers of stator coils is 44°. The
spherical rotor is made of stainless steel, the
permanent magnet is made of NdFe35, and the stator
coil is of hollow cylindrical structure. Load is installed
on the output shaft, and the motor drives the load to
complete the target movement.
The prototype of PMSM is shown in Figure 1.

Figure 1. Structure diagram of PMSM

The detailed parameters of PMSM are introduced in
detail here. The radius of rotor 𝑟1 is 65 mm. The length
of PM pole ℎ1 is 12 mm. The radius of PM pole 𝑟2 is
10mm. The relative permeability of PM pole μ is 1.099.
The NI is 1200. The inner radius of coil 𝑟3 is 4 mm. The
outer radius of coil 𝑟4 is 14 mm. The height of coil ℎ2 is
25 mm. These parameters are the original parameters
of the motor in this paper. Obviously, when the
structural parameters change, the performance of the
motor will inevitably change.
2.2 Torque analysis
Since there are not ferromagnetic materials in the
PM poles and the stator coils are hollow structure, the
magnetic field in the motor is unsaturated. The whole
torque can be calculated by the torque of single PM pole
and a coil in superposition principle [30], [31]. This
paper uses the virtual displacement method to analyse
the electromagnetic torque between a single stator coil
and 40 permanent magnets. When a small displacement
occurs between the stator winding and the rotor poles,
according to the law of conservation of energy, the
energy input power change ∆𝑊𝑒 of the system is equal
to mechanical energy Sum of change ∆𝑊𝑚 and magnetic
energy storage change ∆𝑊𝑓 .
The magnetic energy ∆𝑊𝑚 in a magnetic field can
be expressed as:
∆𝑊𝑒 = ∆𝑊𝑚 + ∆𝑊𝑓

(1)

According to the hypothesis: ∆𝑊𝑒 then:
∆𝑊𝑓 = −∆𝑊𝑚

(2)
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When the motor rotates at a small angle ∆𝜃, we can
get:
𝑇=

−∆𝑊𝑚

25

between the two methods, the results are shown in
Figures 2 and 3.

(3)

∆𝜃

The energy of magnetic field in the whole solution
domain system is:
𝐵

∆𝑊𝑚 = ∭ (∫0 𝐻𝑑𝐵 ) 𝑑𝑣

(4)

A model of a single pair of permanent magnets and
coils is established in Ansoft Maxwell software, and the
electromagnetic torque is obtained by the virtual
displacement method. Through the software simulation
analysis, we can see that in the model of single pair of
permanent magnet and coil, the electromagnetic
torque will change with the change of angle. From 0 °
to the beginning, the electromagnetic torque will
increase rapidly. When the deflection is about 8 °, the
torque will reach the maximum value, and then the
torque will decrease slowly to 0 when the reduction is
about 30 °. That is to say, between 0 ° and 30 °, the
electromagnetic torque first rises to the maximum value
and then gradually falls to 0 ° at 30 °, which is a
changing process. Based on this, the relationship
between the torque and angle of single pair of
permanent magnet and coil is analysed, and then the
torque of the whole motor is further analysed.
In order to calculate the overall torque of PMSM,
Combined with simulation analysis result, the
approximate fitting function of a single permanent
magnet pole and a single coil can be obtained by
polynomial fitting method, and its form is as follows:
𝑛
𝑓(𝜃𝑎𝑏 ) = ∑8𝑛=0 𝑝𝑛 𝜃𝑎𝑏

(5)

Where, 𝑛 is the degree of the fitted polynomial and
𝑝𝑛 is the coefficient of the fitted polynomial:
𝑝8 = −3.7513𝑒 − 007,𝑝7 = 3.5935𝑒 − 006;
𝑝6 = −1.2886𝑒 − 005, 𝑝5 = 7.2226𝑒 − 005;
𝑝4 = −8.9598𝑒 − 005, 𝑝3 = −1.4238𝑒 − 004;
𝑝2 = 3.2956 − 004, 𝑝1 = 0.0191;
𝑝0 = 4.2857𝑒 − 004.
The whole torque can be got
40
𝑇 = ∑24
𝑎=1 ∑𝑏=1 𝑓(𝜃𝑎𝑏 )

𝑠𝑎 ×𝑠𝑏
|𝑠𝑎 ×𝑠𝑏 |

𝑁𝐼𝑎

(6)

Where 𝑓(𝜃𝑎𝑏 ) is the torque of one PM pole and one
coil. 𝑠𝑎 , 𝑠𝑏 are the position vector of the PM poles and
coils respectively. 𝐼𝑎 is the current of the coils, 𝑁 is the
turns of the coils. The torque of one coil when rotor
rotates around the Z axis and Y axis on the rotor can be
divided to three components 𝑇𝑥 , 𝑇𝑦 , and 𝑇𝑧 . The torque
is computed in superposition principle and the FEA
method respectively to test the accuracy of the
superposition principle. 𝛽, 𝛾 is the angle that the rotor
rotates around Y axis and Z axis, respectively.
In order to calculate the electromagnetic torque and
to show the torque distribution in X-axis direction

Figure 2. The relationship between X-axis rotation
moment and rotation angle in superposition
principle

Figure 3. The relationship between X-axis rotation
moment and rotation angle in FEA method

From the comparative analysis of the results in
Figure 2 and Figure 3, it can be seen that the finite
element modelling used to obtain the electromagnetic
torque of a single permanent magnet pole and a single
coil has high accuracy.
When using the superposition principle, the
magnetic field saturation inside the spherical motor is
ignored, so that the electromagnetic torque value is
slightly larger than the torque value in the FEA method,
but the error between the two is within a reasonable
range.
It can be seen that using the superposition principle
to obtain the correctness of the overall torque, it is only
necessary to calculate the torque of a single pair of
permanent magnet poles and stator coils, and then
superimpose.
3. PSO-BP electromagnetic torque modelling
The neural network can simulate the neuron
transmission process in the human brain, continuously
learning external knowledge, and saving the learned
knowledge in the neuron. Neural network with the
advantages of good fault tolerance, strong classification
ability, parallel processing ability and self-learning
ability has a wide application in building regression
modelling and speech recognition. As research
continues to deepen, there are more optimized neural
network algorithms. For example, the recurrent neural
network (RNN), the long short term memory (LSTM)
neural network and PSO-BP neural network are
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developed to build a more accurate calculation
modelling. Among them, the PSO-BP neural network
obtains wide application. Here the method is applied to
analyse the relationship between the structure
parameters of the PMSM and the torque. In other words,
PSO-BP neural network is used to model the structure
and torque of the motor, so as to accurately predict the
relationship between the structure and torque, which
makes preparation for the next-step optimization.
Moreover, simulation experiments examine modelling
accuracy by comparing BP neural network regression
algorithm.
3.1 FEA to obtain modelling data
The FEA method has high calculation accuracy and
has been widely used in industry. The modelling of
single PM pole and a coil is established in Ansoft Maxwell
software. And the initial parameters of FEA modelling
are shown in the basic structure of PMSM. When the
structural parameters change, the relationship between
the structural parameters and the torque of the PMSM
under the new structural parameters is obtained by
using FEA method again and again, enough sample data
is obtained. Finally, the neural network is used to
complete the modelling. the value ranges of the
variable factors and the incremental step for these
structural parameters are shown in Table 1.
Table1. Variable levels
Factor
𝑟1(mm)
ℎ1 (mm)
𝑟2 (mm)
𝑁𝐼
𝑟3 (mm)
𝑟4 (mm)
ℎ2 (mm)

Level1
56
8
6
800
4
14
23

Level2
58
10
8
1600
6
16
25

Level3
60
12
10
2400
8
18
27

Level4
62
/
/
3200
/
/
/

Level5
64
/
/
/
/
/
/

Because there are many parameter variables of the
motor, this article chooses the experimental method of
factorial design to design the structural parameters of
the motor. There are 5 × 3 × 3 × 3 × 3 × 3 × 4 = 4860
combinations in factorial design totally. 4560 sample
data were selected as training data and 300 sample data
as prediction data.
3.2 PSO-BP regression modelling
BP neural network is a kind of multilayer feedforward neural network. The main characteristics of this
network are forward signal transmission and backward
propagation of errors. In forward transfer, the input
signal is processed layer by layer from the input layer
through the hidden layer to the output layer. The
neuron status of each layer only affects the neuron
status of the next layer. If the output layer does not get
the desired output, it switches to back propagation and
adjusts the network weights and thresholds according to
the prediction error, so that the predicted output of the
BP neural network is constantly approaching the
expected output. In this paper, PSO algorithm and BP
neural network algorithm are combined to build a more
accurate structure torque prediction model. PSO-BP
uses the particle swarm optimization algorithm to

correct the weights 𝑤 and thresholds 𝑏 of the BP neural
network, which can further improve the accuracy of
modelling. The optimization step is divided into five
steps.
The first step is to initialize particle weights 𝑤 and
thresholds 𝑏.
The second step is to calculate the fitness function
of particles.
The third step is to update the speed and position of
the particles.
The fourth step is to update the particle optimal
value and the group optimal value.
The fifth step is to determine whether the maximum
number of iterations has been reached. If it is: output
the optimized weights 𝑤 and thresholds 𝑏, the program
ends. If not: return to the third step and continue to
execute the relevant steps.
The following describes the calculation principle and
steps of BP neural network. When arbitrary distinct
training samples are given, the PSO-BP neural network
with hidden nodes and activation function can be
expressed as:
𝐻𝑗 = 𝑔(∑𝑛𝑖=1 𝑤𝑖𝑗 𝑥𝑖 − 𝑏𝑗 )

𝑗 = 1,2, … , 𝑙

(7)

where: 𝑙 is the number of the hidden layer; 𝑛 is the
training samples; 𝑤𝑖𝑗 is the weights connected the input
layer and the hidden layer; 𝑏𝑗 is the thresholds of the
hidden layer; 𝐻𝑗 is the output of the hidden layer; 𝑔(𝑥)
is the activation function of the hidden layer.
The output of the network 𝑂𝑘 can be expressed as:
𝑂𝑘 = 𝑢(∑𝑙𝑗=1 𝐻𝑗 𝑤𝑗𝑘 − 𝑏𝑘 )

𝑘 = 1,2, … , 𝑚

(8)

where: 𝑢(𝑥) is the relationship between hidden layer
and output layer; 𝑚 is the number of the output; 𝑤𝑗𝑘 is
the weights connected the hidden layer and output
layer; 𝑏𝑘 is the thresholds of the output layer.
3.3 Simulation analysis
When the prediction modelling is completed, the
accuracy of modelling should be considered. To test the
model accuracy, the mean absolute error 𝑀𝐴𝐸 and
mean absolute percentage error 𝑀𝐴𝑃𝐸 are selected as
the measurement index, which can represent the
regression ability. The definition of them can be
expressed as follows:
1

𝑀𝐴𝐸 = ∑𝑁
𝑖=1|𝑦𝑖 − 𝑂𝑖 |
𝑁

1

|𝑦𝑖 −𝑂𝑖 |

𝑁

𝑦𝑖

𝑀𝐴𝑃𝐸 = ∑𝑁
𝑖=1

× 100%

(9)
(10)

where 𝑦𝑖 is the FEA test data, and 𝑂𝑖 is the forecast
data of the model.
The number of the training sample 𝑁 is 4560, the
number of neurons in the hidden layers 𝑙 is 20 and the
number of hidden layers 𝑞 is 1. After calculation, the
calculated 𝑀𝐴𝐸 values of BP and PSO-BP are 0.0130 and
0.0022, respectively. And the calculated 𝑀𝐴𝑃𝐸 values
of BP and PSO-BP are 5.36 % and 1.00 %, respectively.
This paper selects 100 sampling points and compares
the actual test data with the prediction data of BP
neural network algorithm and PSO-BP neural network
algorithm. It can be clearly seen that the accuracy of
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PSO-BP neural network modelling is higher than that of
BP neural network without PSO algorithm optimization
and closer to the test value.
The simulation results are shown in Figure 4.

Figure 4. Accuracy comparison result

It can be seen from Figure 4 that the trend between
the predicted data value and the measured value of the
BP neural network is the same. The value of 𝑀𝐴𝐸 and
𝑀𝐴𝑃𝐸 is closed to 0, which indicates the regression
modelling has high accuracy. The simulation results
shown in Figure 4 indicate the PSO-BP is more accurate
than the BP neural network, which makes a better
preparation for the next-step optimization.
4. Multi-objective design optimization of PMSM in
AGA-MOPSO
Particle Swarm Optimization (PSO) was first
proposed by Eberhart and Kennedy in 1995. Its basic
concept originates from the research of bird swarm
foraging behaviour. Imagine a scenario in which a group
of birds are searching for food randomly, and there is
only one piece of food in this area. All the birds do not
know where the food is, but they know how far the
current position is from the food. The PSO algorithm is
inspired from this behaviour of biological populations
and used to solve optimization problems. A particle is
used to simulate the above-mentioned bird individual.
Each particle can be regarded as a search individual in
the N-dimensional search space. The current position of
the particle is a candidate solution corresponding to the
optimization problem. The particle's flight process is the
individual Search process. The particle's flying speed can
be dynamically adjusted according to the historical
optimal position of the particles and the historical
optimal position of the population. Particles have only
two attributes: speed and position, where speed
represents the speed of movement and position
represents the direction of movement. The optimal
solution that each particle searches individually is called
the individual extreme value, and the optimal individual
extreme value in the particle swarm is the current
global optimal solution. Keep iterating, updating speed
and position.
Finally, the optimal solution that satisfies the
termination condition is obtained. AGA-MOPSO builds
the adaptive grid to calculate the density of the
particles, based on the information of density, delete
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the particle with bigger density to ensure the diversity
and distribution of the solutions.
4.1 Multi-objective optimization problems
Objective optimization problem generally means to
obtain the optimal solution of objective function
through certain optimization algorithm. When the
objective function of optimization is one, it is called
single objective optimization problem (SOP). When
there are two or more objective functions, it is called
multi-objective optimization problem (MOP). The
solution of multi-objective optimization is usually a
group of equilibrium solutions. There are two kinds of
multi-objective optimization algorithms: traditional
optimization algorithm and intelligent optimization
algorithm. The traditional optimization algorithms
include weighted method, constrained method and
linear programming method. In essence, they transform
multi-objective function into single objective function,
and solve multi-objective function by using single
objective optimization method. Intelligent optimization
algorithm includes evolutionary algorithm (EA) and
particle swarm optimization (PSO).
In this paper, optimization involves two objectives.
One is the torque of the PMSM 𝑓1 , the other is the
volume of the effective material 𝑓2 . The objective
function of the optimal design problem for torque and
volume of the effective material is as follows:
{

𝑚𝑎𝑥 𝑓1 = 𝑂(𝑟1 , 𝑟2 , ℎ1 , 𝑟3 , 𝑟4 , ℎ2 , 𝑁𝐼)
𝑚𝑖𝑛 𝑓2 = 𝑝𝑖 ∗ 𝑟22 ∗ ℎ1 + 𝑝𝑖 ∗ (𝑟42 − 𝑟32 ) ∗ ℎ2

(11)

The relationship between cross-section area of
stator coil and ampere-turn number 𝑁𝐼 can be
expressed as：
(𝑟4 − 𝑟3 ) ∗ ℎ2 =

𝑁𝐼
8.64

(12)

Therefore, the constraints for multi-objective
optimization problems can be expressed as：
56 ≤ 𝑟1 ≤ 65
6 ≤ 𝑟2 ≤ 12
8 ≤ ℎ1 ≤ 12
4 ≤ 𝑟3 ≤ 8
14 ≤ 𝑟4 ≤ 18
23 ≤ ℎ2 ≤ 27
800 ≤ 𝑁𝐼 ≤ 3200
𝑟4 > 𝑟3
(𝑟4 − 𝑟3 ) ∙ ℎ2 =
{ 𝑟2 <

(13)

𝑁𝐼

8.64
(𝑟1 −ℎ1 )∗√2∗𝜋
20

Formula (13) shows the mathematical constraints
among the structural parameters of the spherical motor.
It provides the basis for optimizing the minimum volume
target.
4.2 AGA-MOPSO algorithm
AGA-MOPSO algorithm, as a fast and accurate
optimization algorithm, is widely used in actual
production and life. The algorithm principle and specific
steps will be introduced here. In view of the
disadvantages of the existing multi-objective
evolutionary algorithm, such as high computational

ELECTROTEHNICĂ, ELECTRONICĂ, AUTOMATICĂ (EEA), 68 (2020), nr. 2

28

complexity and low search efficiency, AGA-MOPSO
algorithm based on adaptive grid is used. Its features
include three parts.
The first part is that adaptive grid algorithm to
evaluate the particle density estimation information in
non-inferior solution set.
The second part is that Pareto optimal solution
search technology based on AGA which can balance the
global and local search capabilities.
The third part is that deleting non inferior solution
in order to maintain the non-inferior solution set in a
certain scale, the cut-off technology based on AGA for
the non-inferior solution set is proposed.
AGA-MOPSO algorithm has good performance in
solving complex large-scale optimization problems.
The steps of the optimization design divide into five
steps:
Step 1: Initialize the maximum number of
iterations 𝑀𝑎𝑥𝐼𝑡 , the number of the particles 𝑛𝑃𝑜𝑝
every iteration, the number of the particles 𝑛𝑟𝑒𝑝 in
Pareto frontier surface, inertia weight 𝑤 , individual
learning factor 𝑐1 , group learning factor 𝑐2 .
Step 2: Initialize the position and velocity of the
particles. Obtain the torque 𝑓1 of the particles in PSO1
BP neural network, compute the fitness and the other
𝑓1

fitness 𝑓2 every particle, get the Pareto-optimal
solutions and preserve them. Build the grid. Mdimensional target space is divided into 𝑘1 × 𝑘2 × 𝑘3 ×
… × 𝑘𝑚 units, the length each gird can be calculated as
𝑑𝑖 =

𝑚𝑎𝑥𝑓𝑖 (𝑥)−𝑚𝑖𝑛𝑓𝑖 (𝑥)
𝑘𝑖

(𝑥 ∈ 𝑋)

(14)

where 𝑖 is the 𝑖𝑡ℎ objective, 𝑑, 𝑋, 𝑘, 𝑓(𝑥) denote the
length of gird, the group of the particles, the number of
the grid and the value of the function respectively.
Step 3: Update the velocity and position of particles.
Calculate the density of the particles and select the
particles which the value of the density are smallest as
the global optimal solution 𝑔𝑏𝑒𝑠𝑡, if the number is more
than one, select the particle with the highest number
which dominants the particles generated every
generation. Compare the particle with the old particle,
if the new particle dominants the old particle, select
the new particle as the individual optimal solution
𝑝𝑏𝑒𝑠𝑡 every particle, if not, 𝑝𝑏𝑒𝑠𝑡 is still the old
particle.
Step 4: Preserve the non-dominated solutions and
update the grid and calculate the density of the
particles. If the number preserved particles are over the
value of 𝑛𝑟𝑒𝑝, then delete the particles that the density
of the particle is bigger.
Step 5: Repeat the step (3) and step (4). When the
maximum number of iterations reaches the value of
𝑀𝑎𝑥𝐼𝑡, it ends the algorithm.
4.3 Optimal results analysis
Due to the conflict and incompatibility between
multiple targets, one solution is the best on one target
and the worst on the other. These solutions, while
improving any objective function, will inevitably
weaken at least one other objective function, which is
called non dominated solution or Pareto solution.

The set of optimal solutions of a set of objective
functions is called Pareto optimal set. The surface
formed by the optimal set in space is called Pareto
frontier. Through multiple iterations, the Pareto
frontier surface of the multi-objective optimization is
shown in Figure 5.

Figure 5. The Pareto fronts for the design optimization

As shown in Figure 5, the vertical axis is the
1
reciprocal of torque , the horizontal axis is the volume
𝑓1

of the effective material 𝑓2 . In order to facilitate the
analysis, the four points of A, B, C, and D are selected
in the diagram we can see that the closer to point A, the
better the performance of the volume of the effective
material, the closer to point B, the better the
performance of the torque. The specific optimization
results are shown in Table 2.
Table 2. Comparison of PMSM optimization design
Factor
𝑟1 (mm)
ℎ1 (mm)
𝑟2 (mm)
𝑁𝐼
𝑟3 (mm)
𝑟4 (mm)
ℎ2 (mm)
Torque(𝑇𝑚)
Volume(𝑚3 )

A
63
8
6
1194
8
14
23.03
0.0659
0.0121

B
65
12
10.62
3200
4
18
26.46
0.3174
0.0299

C
64.98
8
10.27
1509
6.66
14.19
23.18
0.1499
0.0150

D
64.28
9.93
10.33
1377
8
14.80
23.45
0.1616
0.0165

The single objective optimization results are
obtained further. It is easy to obtain the minimum value
of 𝑓2 when 𝑟1 is 56 mm, ℎ1 is 8 mm, 𝑟2 is 6 mm,
𝑁𝐼 is 1192, 𝑟3 is 8 mm, 𝑟4 is 14 mm, ℎ2 is 23 mm, 𝑓2
3
obtains the smallest value 0.0104 m . The maximum of
torque 𝑓1 is obtained in PSO algorithm. When 𝑟1 is
63.26mm, ℎ1 is 11.58 mm, 𝑟2 is 11.38 mm,
𝑁𝐼 is 2870, 𝑟3 is 5.64 mm, 𝑟4 is 18 mm, ℎ2 is 26.88 mm,
𝑓1 is the biggest value 0.3218 𝑇𝑚. Comparing the two
points A and B with the single-objective optimization
results, the volume of effective material performance
of the point A and the torque of the point B is slightly
better than the single-objective optimization. It shows
that the optimal solution set is approaching the real
Pareto front better.
Finally, the optimized solution can be selected
according to the need of the task.
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According to the optimal parameters of point A, B,
C and D, the torque generated by single PM pole and a
coil of the PMSM is obtained in FEA method, as shown in
Figure 6.

Figure 6. Comparison of initial PMSM with optimized
PMSM

The volume of the effective material of the point A
reduces 0.0058 𝑚3 , while the torque of point A reduces
0.0462 𝑁𝑚 . The torque of point B increases
0.2053 𝑁𝑚 at the cost of increased volume of the
effective material. Select the point D to analyse in
detail. The torque is increased from 0.1121 𝑁𝑚 to
0.1616 𝑁 ∙ 𝑚, and the volume of effective material is
decreased from 0.0179 𝑚3 to 0.0165 𝑚3 . The total
torque of the optimal motor can be obtained through
superposition principle further.
5. Conclusions
An effective multi-objective design optimization
method that combines PSO-BP neural network with
AGA-MOPSO algorithm for the PMSM is used in this
paper. Then BP neural network and PSO-BP neural
network are used to map the nonlinear and complex
relationship between the torque of PMSM and the
structure parameters. The accuracy test in PSO-BP
neural network shows that 𝑀𝐴𝐸 is closed to 0.0022 and
𝑀𝐴𝑃𝐸 is closed to 1 %, which is more accurate than the
BP neural network. The AGA-MOPSO algorithm is
proposed to optimize the structure of the PMSM. After
300 iteration optimizations of the algorithm, the Paretooptimal solutions are obtained. Compared with the nonoptimized initial model, the proposed method increases
the torque by at most 181.88 % and decreases the
volume of the effective material by at most 48.01 %.
This method avoids the one-sidedness and conflict due
to the optimization of exclusively one objective. It is
practical than the traditional multi-objective design
optimization algorithm considering the weights between
different objectives. At the same time, the Paretooptimal solutions are obtained and the designers can
have many alternative solutions to choose. This method
provides reference for the optimization design of other
motors.
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