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Abstract— In this study, the development of electric
motor design optimization methods and algorithms for electric
vehicles, which have become widespread as a result of energy
policies, is discussed. The rapidly increasing need for micro
transportation within the scope of small cities has increased the
interest in short-range transportation vehicles such as electric
bicycles and electric scooters. Therefore, an electric scooter
model is considered and the desired motor requirements are
determined by analyzing its dynamic model. Then, IPM
topologies are investigated and the appropriate topology is
decided. IPM design parameters are dealt with in the ANSYS
RMXprt environment, and all design combinations by
selecting the appropriate test matrix in Taguchi's experiment
design method are modeled in ANSYS RMXprt and logged in
the appropriate file format together with the obtained results.
The motor design models of all experiments are saved as the
.png format in the aspect format to be determined. Then, the
labeled pictures with the obtained results in the experimental
design are trained in MATLAB on a neural network model
with appropriate input and output. Thereafter, the trained
neural network derives the appropriate motor geometry in
terms of the design requirements. The derived motor geometry
is converted into a 2D technical drawing format with the help
of a package program (Img2CAD) and uploaded to the ANSYS
Maxwell environment. To assess the motor performance are
performed in ANSYS Maxwell. The proposed methodology
shows that the results of parameter estimation and geometry
generation in solution space with the trained neural network
give sufficient performance.

Keywords— Electric Vehicle, Electric Machine, IPM
Motor, Design of Experiment, Artificial Neural Networks

1. INTRODUCTION

It is undeniable that electric vehicles are a part of our
lives. The main reason for this factor is defined as global
warming and carbon dioxide emissions, which have actually
become the whole world [1].

Fossil fuels are used worldwide for transportation,
production (including energy generation), and the
transportation core industry. Clean energy is needed in order to
protect and own the environment. This need also has a positive
effect on clean energy and energy-saving. These requirements
have increased the importance of Electric vehicles, which are
increasingly in demand in the automotive market [2].

Electric-based vehicles are generally divided into two.
1- Electric vehicles only (EV), 2- Plugin Hybrid Electric
vehicles (PHEV). Electric motors are used for both types of
vehicles. BEV (Battery Electric Vehicles) and FCEV (Fuel Cell
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Electric Vehicles) are used in electric vehicles. In Plug-in
Hybrid Electric vehicles, fuel is used to power the electric
motor, while petroleum-based fuel is used for the internal
combustion engine [3].

EVs use traction motors that can provide torque to the
wheels. We can define the motors used by electric vehicles as
AC motors and DC motors.

The required characteristics of the engine used for an
electric vehicle are as follows:

»  High efficiency
»  High instantaneous power
»  Fast torque response
»  High power density
»  Low storage
»  High acceleration
»  Robustness
TABLE L COMMONLY USED ELECTRIC MOTOR TYPES [4]
Technical Async Wound PM PM Switched
Properties be Rotor Sync Sync Reluctance
) Sync. i .

Field Radial  Radial  Radial  Radial  Axial Radial
Orientation

+ - ++ ++ +
Torque
Efficiency S A - *
Max. Speed G- G- ) *
Cooling
Performance ) * : *
e + + AR )
Weakening
Reliability * * M *
Economic
Potential * ++ i ) *

Table I shows the most used electric motor types. In
terms of the technical properties are compared in Table I [4].
Considering the evaluation results in Table I, the Permanent
Magnet Synchronous Motor type is discussed in the research
topic in this study.

With the efficiency increases (6%) obtained by the
design optimization of electric motors, the range increase in
vehicles with similar battery capacity and low range can
reach 25% [5]. This means that designs for the design of
electric motors are controlled by both design and new
optimization techniques.

Genetic Algorithm, Particle Swarm Optimization, Ant
Colony Algorithm, Taguchi's Experimental Design, and
Neural Network Based Parameter Estimation can be
summarized as some optimization techniques applied in
design optimization of electric motors [6-10].
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The term Deep Learning or Deep Neural Network
refers to multi-layer Artificial Neural Networks (ANNSs). In
recent years, it has been recognized as one of the most
powerful tools and has become very popular in the literature
because it can handle large amounts of data [11].

II.  METHOD

1) Specify Parameters
If we consider cost, performance, and quality among
design optimization methods, Taguchi's parameter design
method offers a simple and systematic approach. The two
main tools used in robust design [12—14] are:
e  Measuring quality by taking into account signal-to-
noise ratio, variation
e Orthogonal arrays contain more than one design
feature at the same time
In order to determine the priority of the parameters, the
analysis of the parameters that will affect the result is done
with the Taguchi experimental design (DoE)method. Within
the framework of the result obtained, the optimization
process is discussed by considering the relevant parameters.
a) Artificial Neural Network, ANN

ANN is defined as a model consisting of tens of
millions of nervous systems in communication with each
other, inspired by the human brain. Among them are private
members who allow services to be forwarded to facilities
close to it [15-17].

Technical Co-Sponsors: IEEE CSS, IEEE SMC & IFAC.

When it comes to the design of different electric motors,
ANSYS RMxprt software is a strong candidate for accurate and
cost-effective design.

ANSYS RMxprt is a template-based electrical machine
design tool that enables fast analytical calculations of machine
performance and the creation of 2D and 3D geometry for
detailed finite element calculations. In addition to these,
RMxprt is also very capable software in simulation and analysis
operations. [18].

The manufacture of these motors includes many processes
such as design, material selection, production, testing,
performance control, etc. Electromagnetic computing is an
essential part of the design process that defines various
parameters of the magnetic core such as voltages, currents, flux,
inductances in teeth, core, yoke, coil, etc. [19-21]. Figure 2
shows a 3D motor model for finite element computation.
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Fig.2. Maxwell 3D Geometry [23]

In fact, a complex and highly interactive system thatIn In addition, using finite element computation, the motor

consists of a set of data processing elements and responds
with its own dynamics depending on external data input is
called Artificial Neural Network [17].

The information transfer process with neural networks
is represented by the trillions of neurons that make up the
networks. This communication occurs by exchanging
electrical impulses between cells, called action potentials.
Figure 1 shows the mathematical model of simplified ANN.

T b

w
To) !

.— 2 . Z.f -f (b + Z 4‘,—u‘,—)

Zp) Wn

Fig. 1. Simplified a Neural Network

A multi-layer feedforward sine network, which is used
for very complex or very time-consuming problems, is
actually an improved version of the single-layer network.

Any network consists of three most important parts, the
first is the neuron input layer, the second is one or more
hidden neuron layers, and the third is the output neuron
layer. What powers a network is actually the hidden layer
that allows extra features to be derived from the input data.
2) Ansys RMXprt and Ansys Maxwell
Optimum design and post-production performance control

are key processes in the manufacture of any motor. The right
material selection and the right design increase the performance
of the electric motor.

performance results and analysis are obtained as different
graphic charts which are shown in Figure 3.
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Fig. 3. Torque-Speed-Degree Curves of Electric Motor [21]

3) Interior Permanent Magnet

By improving the powertrains of conventional Internal
Combustion Engines (ICE) or replacing them with electric
powertrains, it is possible to reduce the use of fossil fuels,
thereby reducing exhaust emissions and increasing
efficiency [22-23].

Electric traction motors, which are among the key and
indispensable technologies, have always been demanded in
the market thanks to their high power density, high
efficiency, and wide speed range [24-25].

AC machines dominate the DC machines market
thanks to advanced power electronics and innovative
controls. There are AC asynchronous and synchronous
machines in the commercial electric vehicles sold [26-27].
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The reason for having deep product knowledge and
technology is actually due to the development of
Asynchronous machines for decades [25].

The asynchronous electric machine is low in cost and
relatively easy to control. Thus, the cooling requirement is
high due to rotor copper losses. Therefore, its efficiency is
lower than permanent magnet synchronous machines
(PMSM) [28].

The most glorious and spectacular advancement of
internal permanent magnet electric machines has appeared
in the last two decades. During this time, high-efficiency
electric traction drives for internal permanent magnet
synchronous machines (IPSMM), the latest generation of
electric vehicles (EV), and hybrid electric vehicles (HEV)
have become quite popular in the automotive market.
Therefore, IPM topologies are dealt with in this study.

Within this scope, the proposed methodology for
design parameter generation of IPM is given in Figure 4.
Here the process steps of generation the motor geometry for
an [PM are presented in Figure 4.
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Fig.4. Flowchart of proposed methodology

)

III. ANALYSIS AND FINDINGS

The reason why Internal Permanent Magnet Motors
(IPM) is used effectively and widely in Automotive and
Servo drives is due to the positive characteristics of IPMs
such as high power density, high torque density, high
efficiency, high power factor, and operation over a wide
speed range. Knowing the critical parameters is vital for a
Permanent Magnet Motor design and performance
predictions[29-30]. Figure 5 shows the motor geometry
structure of IPM.

Satuation iron

Fig. 5. IPM Structure

Technical Co-Sponsors: IEEE CSS, IEEE SMC & IFAC.

In this paper, the determined parameters for IPM and the

parameter values are given in Table II.

TABLE II. DESIGN PARAMETERS AND LEVELS FOR IPM
Parameters Level 1 Level 2 Level 3

S.Outer Diameter (mm) 108 120 144
S.Inner Diameter (mm) 67.5 75 90
HSO0 (mm) 0.45 0.5 0.6

HS1 (mm) 0.9 1 1.2

HS2 (mm) 7.4 8.2 9.8

BSO (mm) 2.25 2.5 3

BS1 (mm) 5 5.6 6.7

BS2 (mm) 6.8 7.6 9.1
R.Outer Diameter (mm) 67 74 89
R.Inner Diameter (mm) 23 26 31
DI (mm) 65 72 86
Ol (mm) 2.7 3 3.6
02 (mm) 2.7 3 3.6

B1 (mm) 3.6 4 4.8
RIB (mm) 2.7 3 3.6
HRIB (mm) 2.7 3 3.6
Magnet Thickness (mm) 4.5 5 6
Magnet Width (mm) 36 40 48

Considering Table II in terms of the parameter
numbers and levels, Taguchi's DoE table offers L36
experimental series which is determined for 18 parameters
and 3 Levels.

Therefore, L36 are re-arranged for design constraints
and linear dependency of parameters as shown in Figure 6.
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Fig. 6. Taguchi’s L36 IPM motor design parameters series
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Maxwell design image is created for each of the IPM Results/ TPM Exp. ! 2 3 M 35 36
RMXprt motors created depending on the DoE table. The S-Too.Flx.Dns 098 072 166 091 034 0.3
. . S.Yk.Flx.Dns 1.47 1.83 1.62 1.33 2.35 235
geometry images for the determined IPM model on L36 are R Too.Flx.Dns 050 032 048 050 02 020
given in Figure 7. R.Yk.FIx.Dns 057 041 053 052 031 031
Mag.Flx.Dns 0.89 0.76 0.86 0.89 0.57 0.57

AirGapFIx.Dns 0.49 0.33 0.49 0.48 0.17 0.17

Avg.Inp.Current 3.01 3.07 3.06 2.94 4.68 4.68

- - - - - - - Rt.M.Sqr.Arm.Curr 3.19 3.97 4.10 . 3.07 8.44 8.44
o Arm.Therm.Loa. 1163 1291 12115 ®e 8669 4331 433.1
Spec.Electric Load 18.9 21.2 24.3 16.40 37.51 37.51
Arm.Curr.Dns 6.14 6.08 4.98 5.28 11.54 11.54
Irn.Cor.Los. 22.7 19.6 275 24.58 17.27 17.27
Png 9png 10509 2ng 3909 4png Arm.Cop.Los. 81.3 105.8 89.8 70.53 462.6 462.6

Output Power 558. 549.9 557.26 552.2 549.7 549.7

- - - - - - - Efficiency (%) 84.2 81.4 82.6 85.3 533 53.38
o) =l ) Rated Torque 1.48 1.45 1.47 1.46 1.45 1.45
- - - - - - - The imported input and output data from images and
o 2iong IPM analysis results are arranged for ANN training data as
shown in Figure 10.
- - - . - - - Demanded Performance Criterias Motor Geometry Images

Bfficiency | lm - 218
Lu' Efficiency 1% 234 - 218)
Fig. 7. Geometry images of IPM motor model L, Efficiency | I3 e 1)
. Ln Effictency [1 234 .. 218
By using the AutoCAD program, dxf files JaJ L{z J

obtained from ANSYS Maxwell are converted to PDF as
shown in Figure 8.

Input Vectors Output Matrices

Fig. 10. Related Input Vectors and Output Matrics for ANN training

The obtained input and output data are trained by nftool
(Neural Network Fitting) module in Matlab as shown in
Figure 11. Here ANN has two-layer as hidden and output.
In the hidden layer, 320 neurons activations function are
used. In the ouput layer 2500 neuron and pureline activation
function are used. ANN is trained by Scaled conjugate
algorithm to get the desired performance.

The predictive success and overall success rate on the
training, validation, and test data of our network indicates
the total success of our artificial neural network is 94.925%

Fig. 8. Converting DXF to PDF

The same process is done for all motors on the L36 Simulink makes it possible to obtain an motor image as
experiment series as shown in Figure 9. shown in Figure 11, due to the demanded value into the
system and the trained network.
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Fig. 9. IPM images ready to be imported

For each motor combination, the obtained motor

Eficianey

performance results from ANSYS are logged as a matrix.
Then the obtained motor performance result data are
imported to the Matlab environment as shown in Table III. Fig. 11. Derived motor geometries from ANN

TABLE III. IPM ANALYSIS RESULTS FOR L36
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IV. CONCLUSION

In this study, a neural network approach for electric
motor design is used to derive the motor geometry-image
corresponding to the desired motor design parameters from
the output of the neural network. To derive the motor
geometry-images, a neural network was trained by
generating a data set from the motor geometries and analysis
results obtained using the ANSYS RMXprt and ANSYS
Maxwell. The motor geometry-image corresponding to the
desired motor performance values is tried to be obtained
from the output of the trained ANN.

The meaning of the result of 94.925% represents the
desired convergence rate of the proposed approach.

The image generation of the Electric Motor geometry
has been observed to be successful considering the outcome
of the proposed approach.

Therefore, the proposed methodology provides a
better initial start for motor optimization studies against the
uncertainty for geometric design problems. Furthermore,
this study is planned to use a computation for the
electromagnetic analysis for electric motors instead of finite
element computation due to the superior features such as
fast response.
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