. machines

Article

Deep Transfer Learning-Based Performance Prediction
Considering 3-D Flux in Outer Rotor Interior Permanent Magnet
Synchronous Motors

Moo-Hyun Sung ", Soo-Hwan Park >, Kyoung-Soo Cha {9, Jae-Han Sim 3 and Myung-Seop Lim 1-*

check for
updates
Academic Editors: Antonio
J. Marques Cardoso and

Davide Fonseca

Received: 28 February 2025
Revised: 1 April 2025
Accepted: 4 April 2025
Published: 7 April 2025

Citation: Sung, M.-H.; Park, S.-H.;
Cha, K.-S; Sim, J.-H.; Lim, M.-S. Deep
Transfer Learning-Based Performance
Prediction Considering 3-D Flux in
Outer Rotor Interior Permanent
Magnet Synchronous Motors.
Machines 2025, 13, 302. https://
doi.org/10.3390/machines13040302

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

Department of Automotive Engineering (Automotive-Computer Convergence), Hanyang University,

Seoul 04763, Republic of Korea; moohyun4554@hanyang.ac.kr (M.-H.S.); kscha@kitech.re.kr (K.-5.C.)

Department of Mechanical, Robotics, and Energy Engineering, Dongguk University, Seoul 04620,

Republic of Korea; parksh@dgu.ac kr

3 Power Electronics Lab, H & A R & D Center, LG Electronics, Seoul 08592, Republic of Korea;
jaehan.sim@lge.com

*  Correspondence: myungseop@hanyang.ac.kr

These authors contributed equally to this work.

Abstract: Accurate performance prediction in the design phase of permanent magnet
synchronous motors (PMSMs) is essential for optimizing efficiency and functionality. While
2-D finite element analysis (FEA) is commonly used due to its low computational cost, it
overlooks important 3-D flux components such as axial leakage flux (ALF) and fringing
flux (FF) that affect motor performance. Although 3-D FEA can account for these flux
components, it is computationally expensive and impractical for rapid design iterations.
To address this challenge, we propose a performance prediction method for interior per-
manent magnet synchronous motors (IPMSMs) that incorporates 3-D flux effects while
reducing computational time. This method uses deep transfer learning (DTL) to transfer
knowledge from a large 2-D FEA dataset to a smaller, computationally costly 3-D FEA
dataset. The model is trained in 2-D FEA data and fine-tuned with 3-D FEA data to predict
motor performance accurately, considering design variables such as stator diameter, axial
length, and rotor design. The method is validated through 3-D FEA simulations and exper-
imental testing, showing that it reduces computational time and accurately predicts motor
characteristics compared to traditional 3-D FEA approaches.

Keywords: permanent magnet synchronous motor (PMSM); axial leakage flux (ALF); deep
transfer learning (DTL)

1. Introduction

Outer rotor motors can achieve a higher output with lower torque than interior
permanent magnet synchronous motors (IPMSMs), which allows for a reduction in the size
of the motor. These benefits are widely applied in household appliances such as vacuum
cleaners, air conditioners, and washing machines, where high-power-density performance
is required. Furthermore, permanent magnet synchronous motors (PMSMs) are used in
household appliances that require high efficiency [1-3]. Rare earth magnets are primarily
used to achieve high efficiency and power density in PMSMs [4]. However, the price of
rare earth magnets has been rising due to limited production regions and supply chain
instability. Therefore, researchers in the home appliance industry are conducting studies
on non-rare earth motors to gain a competitive edge in terms of cost. Non-rare earth
magnets generally have lower remanence flux density and coercive force compared to
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rare earth magnets. As a result, they are more susceptible to fault characteristics such
as leakage flux and permanent magnet demagnetization, leading to a more significant
performance degradation than rare earth magnets [5]. These characteristics can be quickly
predicted using 2-D finite element analysis (FEA), but it is difficult to accurately predict
motor performance. For example, axial leakage flux (ALF) cannot be considered using 2-D
FEA. Therefore, it is necessary to accurately predict the path of the leaking flux components
using 3-D FEA. However, due to the high computational cost of 3-D FEA, it is not suitable
for use in the initial design stage. For this reason, analysis techniques using equivalent
magnetic circuits (EMCs) or mathematical methods have been proposed as alternatives
to 3-D FEA [6-9]. EMCs and mathematical methods can quickly analyze the air-gap flux
density of the motor [10-12]. However, since the motor shape and flux paths are assumed,
it is difficult to predict fault tolerance occurring within the motor.

This paper proposes a method for predicting the performance of an outer rotor IPMSM
based on deep transfer learning (DTL) with respect to design variables. The proposed
method reduces computational costs by using small-scale 3-D FEA data [13-15]. In addition,
it can predict motor performance considering 3-D flux components such as ALF and FF. In
Section 2, the effects of ALF and FF on the motor are analyzed with respect to key design
variables. The variables closely related to the air-gap flux density are identified through
analytical expressions, and the individual influences of ALF and FF on motor performance
are investigated. In Section 3, a motor performance prediction framework based on deep
transfer learning (DTL) is proposed, considering the impact of ALF and FE. The DTL
approach utilizes a deep neural network (DNN) initially trained on a large-scale 2-D FEA
dataset and subsequently fine-tuned using a small-scale 3-D FEA dataset. Section 4 presents
a finite element analysis (FEA)-based investigation of irreversible demagnetization faults in
permanent magnets, aimed at identifying the occurrence and extent of demagnetization in
the target motor. Finally, in Section 5, the effectiveness of the proposed method is validated
through 3-D FEA results and the experimental testing of a prototype outer rotor IPMSM.

2. Motor Performance Investigation According to Design Variables

In this section, the effects of ALF and FF on motor performance are analyzed. First,
the variation in air-gap flux density according to major design variables is discussed using
mathematical formulations. Then, the effect of ALF on motor performance based on these
design variables is evaluated. Finally, the influence of FF on the performance of outer rotor
IPMSMs is investigated.

2.1. Motor Geometry According to Design Variables

The design variables of a PMSM, such as the inner and outer diameters of the rotor and
the stack length of the rotor and stator, not only influence the electromagnetic characteristics
of the motor but also determine its overall geometry, as shown in Figure 1. In outer rotor
motors, if the outer diameter of the rotor remains constant while the inner diameter
decreases, the proportion of the rotor in the overall motor size increases. This variation
directly affects the air-gap flux density. The air-gap flux density, By, can be expressed as

follows [16]:
- Brem ~ Byem - 4phm

8 aDs | e 7Ds
4phy, [

(1)

where By, is the remanent flux density of the permanent magnet, D is the stator diameter,
p is the number of pole pairs, h;;, is the magnet width, g is the air-gap length, j. is the
relative permeability of the permanent magnet, and t,, is the magnet thickness. Figure 2
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shows the simplified model of the outer rotor IPMSM. By transforming Equation (1) in
terms of major design variables, it can be rewritten as Equation (2):
hin (Rro - Rri) (Rro - Rri)

B, x — = = 2
§ 7 Dy 2(R,— Q) 2Rs, @)

where R, is the outer radius of the rotor, R,; is the inner radius of the rotor, and Ry, is the
outer radius of the stator. Therefore, it can be observed that the air-gap flux density is
influenced by the rotor and stator radial.

Stack length

Diameter
(Rotor inner)

Overhang - - —-: Limit of Motor geometry

Figure 1. Motor shape based on design variables.

/R,

Figure 2. Simplified model of the outer rotor IPMSM.

2.2. Axial Leakage Flux in Motor

In this study, the ALF refers to the flux that exists between the rotor core and the axial
air region. To accurately assess the impact of ALF, 3-D FEA was conducted by incorporating
an air region that sufficiently accounts for the ALF path. The height of the air region varies
depending on the design variables of the motor. ALF is generated due to the difference
in the magnetic vector potential between the permanent magnets and the core inside the
motor. Figure 3a shows the ALF path. Since this flux does not pass through the air-gap,
it reduces the back electromotive force (BEMF), leading to a decrease in output power.
Figure 3b presents the BEMF error rate between the 2-D and 3-D FEA results as a function
of design variable variations. In pancake-type motors, where the difference between the
outer and inner rotor diameters is large and the axial length is relatively short, the impact
of ALF cannot be neglected. As a result, 3-D FEA is essential for accurately analyzing
such motors. However, performing a large number of 3-D FEA simulations to consider
ALF variations across different design variables is highly time-consuming. Therefore, a
performance prediction approach that incorporates ALF using a limited set of 3-D FEA
results is required to achieve accurate and reliable analysis.
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Figure 3. Axial leakage flux: (a) path of ALF; (b) no-load BEMF differences between 3-D and 2-D
FEA according to the design variables.

2.3. Fringing Flux Caused by Overhang

The stack length of the motor also affects its performance. In a conventional PMSM,
the BEME, a critical performance indicator, is linearly proportional to the stack length.
However, due to the constraints of mold manufacturing costs and limited space, the stack
length cannot be increased indefinitely. To maximize the utilization of permanent magnets,
an overhang structure is implemented, where the rotor’s stack length is extended beyond
that of the stator. Figure 4 shows the FF caused by the overhang structure. Figure 4a shows
the path of the motor with overhang applied. A schematic representation of this is shown
in Figure 4b. The FF can be seen bending towards the stator core. Under the assumption
that the core does not reach saturation, the air-gap flux increases proportionally with the
overhang length. Assuming that leakage flux is negligible, the additional flux generated by
the overhang can be expressed as Equation (3):

Dopg = ¢g + Doy (3)

where @, is the total air-gap flux, @ is the air-gap flux when the rotor and stator
have the same stack length, and @4, is to the additional flux contributed by the rotor

overhang height.
+
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mmm: Fringing flux path
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Figure 4. Fringing flux caused by overhang structure: (a) path of fringing flux; (b) schematic diagram
of overhang structure.

3. Deep Transfer Learning-Based Motor Performance Analysis

In this section, a motor performance prediction method based on DTL is proposed.
The proposed approach utilizes DTL to achieve low computational costs while considering
ALF and FFE. This method uses large-scale 2-D FEA-based results as the source dataset
to train a DNN model. The trained DNN model, developed from the source dataset, is
then used to build a target DNN model based on 3-D FEA. Finally, the learning rate of the
generated DNN model is evaluated, and the accuracy of the predictions is assessed.
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3.1. Deep Transfer Learning

In machine learning, it is necessary to train a model to perform a specific task. The
training dataset is used to train the DNN model, while the test dataset is used to evaluate
the model’s performance. Traditional machine learning models tend to be simple but often
exhibit lower accuracy. To improve model accuracy, a DNN with more layers has been
adopted. However, using DNN increases the number of weights that must be optimized
and requires large-scale datasets. As a result, training large-scale deep learning models
can be time-consuming. To reduce the time required for training, transfer learning (TL) is
utilized. The definition of TL is as follows: given a source domain D;, its learning task T,
a target domain Dy, and a target learning task T;, where D; # D; and Ts # Ty, TL aims to
improve learning in D; by using the information acquired from Ds and Ts. TL is a method
of reusing a model trained for one task on another task [17-20]. Since TL involves using a
pre-trained model, separate data training for the target model is not necessary. Thus, the
time spent during the training process for the target model can be reduced.

3.2. Proposed Motor Performance Prediction Method

The flowchart of the proposed DTL-based analysis process is shown in Figure 5. First,
the DNN model is trained using the source dataset, a process referred to as pre-training.
The source dataset consists of 2-D FEA-based results, and achieving high accuracy in the
pre-training process requires a large-scale dataset. Therefore, 2-D FEA, which has a shorter
computational time, is an appropriate choice. In this study, the fundamental magnitude of
the no-load BEMF is used to predict motor performance. While the on-load significantly
affects the motor’s characteristics, the air-gap flux density, which has a considerable impact
on the output torque, directly influences the no-load BEMF. Therefore, motor performance
can be predicted based on the no-load BEMF from open-circuit results, and as such, the
fundamental values of the no-load BEMF are used as learning data. The size of the source
dataset is set to be 30 times larger than that of the target dataset. The performance of DTL
is influenced by the amount of target datasets. In general, accuracy tends to improve as
the amount of target data increases. However, as the data volume increases, more data
can be obtained, but the time required for data acquisition also increases. The approach
proposed in this article aims to reduce the computational time by utilizing a minimal
amount of target datasets. In this case, the minimum number of datasets required to predict
the accuracy of the learning results is 100 sets of 3-D FEA data. Thus, this article uses
100 sets of 3-D FEA data. Next, the target dataset is used for further training. The target
dataset consists of 3-D FEA data, which incorporates the ALF and FF, and utilizes a smaller
dataset. Figure 6 presents the conditions applied in the 3-D FEA to predict the ALF and
FF. To sufficiently account for the ALF path, an air region with adequate height is applied,
as illustrated in Figure 6a. Figure 6b shows the rotor structure-applied overhang. The
results of the no-load BEMF are calculated using various combinations of rotor and stator
stack length. Since 3-D FEA has a high computational cost, generating a large-scale dataset
is time-consuming. Thus, to improve efficiency, the 3-D FEA-based training dataset is
trained using TL, leveraging parts of the pre-trained DNN model from the pre-training
stage. Finally, the trained target DNN model can be used to predict motor performance
while considering ALF and FF based on the desired design variables.
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Figure 5. The flowchart of the proposed DTL-based analysis process.
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Figure 6. Analysis condition of 3-D FEA: (a) prediction axial leakage flux; (b) prediction fringing flux.
3.3. DTL Models: Validation and Performance Evaluation

The number of datasets used to construct the model and the analysis details are
presented in Table 1. An adequate number of data points from the source dataset was used
to train the source DNN model. The detailed configuration of the DNN and the number
of source and target datasets are provided in Table 1. When training the target DNN, the
process involves transferring the weights of six layers from the source model. The learning
rate, number of hidden layers, and the number of units per layer are set to 1 x 105, 4, and
256, respectively. To evaluate the performance of the DNN model on the generated target
dataset, the training and validation datasets were split in a 5:1 ratio. The learning curves
of the TL process are shown in Figure 7. Figure 7a illustrates the training results of the
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source model. Due to the sufficiently large number of data points in the source dataset, the
training and validation loss of the source DNN model converged to low mean squared error
(MSE) values without overfitting. The training results of the target DNN model are shown
in Figure 7b. The target DNN trained using TL leverages domain knowledge from the
source dataset. As a result, the MSE of the DNN model converges to low values for both the
training and validation datasets. Figure 8 shows a comparison between the predicted and
actual values for the test dataset. Here, the normalized root mean squared error (NRMSE)
is 0.14%, indicating that the regression performance on the test dataset is highly accurate.
Consequently, utilizing DTL allows for accurate motor performance prediction using a
small-scale dataset.

Table 1. Learning method setting.

Item Value
Input components D,;, stack length, rotor overhang
Output components No-load BEMF
Number of datasets 3000 (Source, 2-D FEA) 100 (Target, 3-D FEA)
Loss function Mean squared error (MSE)
Number of hidden layers 4
Activation function ReLU
Optimizer Adam
5.0x10° 10°
i -D-LOS§ (S.ource DNN) SO0 =3 Loss (Target DNN)
40x10° k| =O=Validation Loss (Source DNN) Aoeio O~ Validation Loss (Target DNN)
% %
= 30x10°f = 30000°
= )
5] (5]
N 3 s 5
= 2.0x107f = 2.0x107f
: :
ZO 1.0x10° - £ 1.0x10° F
o0 LC}O-o—o-o—o—o—o-c} oo
0 50 00 150 200 0 250 500 750 1000 1250 1500
Epoch Epoch
(a) (b)

Figure 7. Learning curves of DNN models: (a) source DNN model for predicting BEMF; (b) target
DNN model for predicting BEMF.

M Prediction with transfer learning for test dataset

(NRMSE = 0.14%)
1.0

0.8

0.6 -

0.4

Normalized predicted

02}

OO 1 1 1 1
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Figure 8. Comparison of ground truth and predicted values for no-load BEMF.
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4. Analysis of Irreversible Demagnetization Fault of Motor

The irreversible demagnetization of permanent magnets is one of the critical faults
that degrade motor performance [21]. The primary causes of irreversible demagnetization
include overload, temperature, and permeance. This section provides a detailed explanation
of irreversible demagnetization faults caused by overload and temperature, as well as the
demagnetization analysis conditions used in this study.

4.1. Irreversible Demagnetization Fault

The demagnetization of permanent magnets is influenced by variations in stator
current and temperature [22,23]. Figure 8 shows irreversible demagnetization in permanent
magnets. In Figure 9a, when the permanent magnet operates under normal conditions,
the operating point is located at Py, and the remanent flux density of the magnet follows
the recoil line, returning to B,. As the load increases, the operating point shifts from P,
to Py. In this case, instead of returning to B,, the magnet follows a new recoil line and
reaches a reduced remanent flux density B, leading to irreversible demagnetization. In
this case, instead of returning to B;, the magnet follows a new recoil line and reaches a
reduced remanent flux density B,/, leading to irreversible demagnetization. Figure 9b shows
irreversible demagnetization caused by temperature variations. When the temperature
decreases from 20 °C to —20 °C, the operating point moves from P; to Pp. As a result, the
remanent flux density follows a new recoil line and settles at a lower value, B,/, indicating
irreversible demagnetization. This reduction in remanent flux density ultimately leads to a
decline in motor performance.

B k6] B [kG)

P Knee

B, point
Pl

K“_ee Knee N
point B point = - q8u(20C)
“Pe

P2

20°C 20°C -20°C

Over load -H [kOe
—H [kOe] = e

(a) (b)

Figure 9. Irreversible demagnetization of permanent magnet: (a) demagnetization caused by overload;
(b) demagnetization caused by temperature.

4.2. Demagnetization Analysis

The conditions of demagnetization analysis are shown in Figure 10. Figure 10a shows
the B-H curves of the magnets used in this study at different temperatures. The simulations
in this study incorporate these characteristics. Figure 10b shows the current direction
and input current of the demagnetization analysis condition. In the simulations, the
current direction was configured to generate a reversible magnetic field capable of inducing
irreversible demagnetization. The current magnitude was set to twice the maximum
load (3.3 A), and the ferrite magnet’s low-temperature demagnetization characteristics
were considered by applying a temperature of —20 °C. The demagnetization fault level of
the permanent magnet is using the demagnetization ratio, which is expressed as follows
Equation (4):

/
Demagnetization ratio (%) = 100 x ( - ?) (4)

r



Machines 2025, 13, 302

9of 12

where B, is before the demagnetization analysis residual induction of the magnet and B, is
after the demagnetization analysis residual induction of the magnet. If the fundamental
amplitude of the no-load BEMF differs by over 2.0%, irreversible demagnetization is
diagnosed in this study.

S 2() °C s 4 °C e 8()°C —Phase A s—Phase B em—Phase C

[ ]

u .....

0 6 12 18 24 30 36
Time (ms)

Phase Current (A)

S A L o

00 | ) ; | ) | | )
450 -400 -350 -300 -250 -200 -150 -100 -50 O
H (kA/m)

(a)

Demagnetization analysis
(b)

Figure 10. Demagnetization analysis conditions: (a) B-H curve of permanent magnet; (b) the current
direction of demagnetization analysis.

5. Simulation Result and Experimental Verification

To validate the proposed method, the magnitude of the no-load BEMF fundamental
was compared for simulation purposes. Figure 11 compares the magnitude of the no-load
BEMF fundamental for the proposed method and the 2-D/3-D FEA methods. Assuming
that the 3-D FEA represents the true value, the results from the 2-D FEA show an error of
approximately 20.0%. This is because 2-D FEA cannot account for ALF and the overhang
structure. However, the error between the proposed method and the 3-D FEA is only
1.20%, indicating a close match. The time required for each analysis method is presented in
Table 2. The analysis time for 3-D FEA is the longest, consuming 36 times more time than
the proposed method. It is expected that the computational time will significantly increase
as the number of analysis cases increases. The result of the irreversible demagnetization
analysis of the permanent magnet is presented in Figure 12. The demagnetization ratio of
the permanent magnets after applying the overload current is presented in Figure 12a. It
can be observed that a partial demagnetization fault occurs at the edges of the magnets.
Figure 12b presents the normalized no-load BEMF before and after the demagnetization
analysis. As the reduction ratio of the BEMF is less than 1%, an irreversible demagnetization
fault is not observed.

120

V) 2-D FEA /) 3-D FEA 7} Proposed method
100

80
60
40

20

No-load BEMF Fund. (V)

0

Figure 11. Comparison fundamental magnitude of no-load BEMF using 2-D/3-D FEA and proposed
method results.



Machines 2025, 13, 302 10 of 12

Table 2. Consuming analysis time of each method.

Analysis Method Unit Value
2-D FEA 0.16
3-D FEA minute 180
Proposed method 5.0
7~
> 12 — 4
~ = Before demagnetization analysis
Demagnetization ratio = o O After demagnetization analysis
g =
100.0 % =
n gn 08F
75.0 % 2
S os6r
1
Iso.o % S o04f
T 0w
25.0 % Nl
. o . =]
Maximum demagnetization ratio: 50% I g 00r
000 % g _02 1 1 1 1 1
unit: % z 0 60 120 180 240 300 360

Electrical angle (degree)
(a) (b)

Figure 12. Result of demagnetization analysis: (a) demagnetization ratio of permanent magnet;
(b) normalized no-load BEMF fundamental amplitude before and after demagnetization analysis.

To experimentally validate the proposed method, a prototype was fabricated. The
specifications of the prototype are shown in Table 3. The rotor inner diameter of the
prototype is 85% of the rotor outer diameter, and the overhang length of the rotor is
approximately 44% longer than the stator’s lamination length. The fabricated prototype
and test setup are shown in Figure 13. The tests were conducted at no-load and 1000 rpm.
Figure 14 compares the test and simulation results, showing that the magnitudes of the
no-load BEMF fundamental for 3-D FEA, the test, and the proposed method are nearly
identical. The error rates for 3-D FEA and the proposed method, compared to the test
results, are both below 3%, demonstrating the reliability of the proposed method.

Rotor - Stator

Figure 13. Fabricated prototype model and test setup.

Table 3. Specifications of the prototype motor.

Item Unit Value
Motor type - Outer rotor IPMSM
Permanent magnet - Ferrite
Stator/rotor core - 35PN270

Stator/rotor diameter ratio % 85.00
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Table 3. Cont.

Item Unit Value
Stator stack length p-u. 1.00
Rotor stack length p-u 1.44
Phase per turn - 720
Slot fill factor % 83.00
Current density Apms/mm? 4.90

V) 3-D FEA V/7Z) Experiments /) Proposed method

100

[
(=]
T

No-load BEMF Fund. (V)

0

Figure 14. Comparison of results with experiments.

6. Conclusions

This article presents an efficient method for predicting the performance of an outer
rotor IPMSM, considering axial leakage flux and demagnetization, using deep transfer
learning. The axial leakage flux and demagnetization ratio were considered based on design
variables such as the rotor inner diameter, lamination length, and overhang ratio. In the case
of 3-D FEA, the motor geometry and flux path can be accurately accounted for. However,
the computational time is inefficient in the initial design phase. The proposed method uses
a large-scale 2-D FEA-based dataset to reduce computational cost and predict performance
by leveraging deep transfer learning, overcoming the computational inefficiency of 3-D
FEA. The small-scale 3-D FEA results are incorporated into the transfer learning process
to explain axial leakage flux and permanent magnet demagnetization. As a result, the
no-load BEMF of the motor, considering each fault characteristic, can be predicted with high
accuracy by performing a small number of 3-D FEA simulations. Finally, a prototype was
fabricated to experimentally validate the proposed method, and the test results confirmed
the validity of the proposed method. The findings of this article will help to quickly predict
the performance of an outer rotor IPMSM in the early stages of design, considering various
design variables.
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