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Abstract—This article proposes a method for estimating the 3-D
FEA-based demagnetization ratio (DR), which serves as a key
measure for assessing irreversible demagnetization, using deep
transfer learning. The complex configuration of the LOA, such
as the segmented outer stator and permanent magnets (PMs),
reduces the accuracy of 2-D axisymmetric finite element analysis
(FEA). While 3-D FEA provides a more precise DR estimation,
its substantial computational cost poses a significant challenge.
Therefore, we propose a deep transfer learning-based demagne-
tization analysis method that improves computational efficiency
while preserving high accuracy. This approach takes into account
the permeance in the stator core and circumferential leakage flux.
By leveraging deep transfer learning, knowledge acquired from a
large-scale 2-D axisymmetric FEA-based DR dataset is transferred
to a limited 3-D FEA-based DR dataset, effectively enhancing deep
neural network performance. The DR predicted by the proposed
method was compared with the results obtained from 3-D FEA.
Using the proposed method, the analysis time is significantly re-
duced compared to employing only 3-D FEA, while maintaining
high accuracy. This demonstrates its potential for accurate and
efficient demagnetization analysis, positioning it as a viable solution
for LOA design optimization. The proposed method is validated
through computer simulations and experiments under various de-
magnetization conditions.

Index Terms—Deep neural network, demagnetization ratio,
finite element analysis, linear oscillating actuator, transfer learning.
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I. INTRODUCTION

L INEAR oscillating actuator (LOA) provides linear oscil-
latory thrust force directly without using a special mecha-

nism such as a crank shaft to convert rotary motion to linear
oscillations [1]. This direct operation eliminates mechanical
losses and improves overall system efficiency, making the LOA
an attractive solution for various applications. Due to its high
power density, efficiency, and compact structure, the LOA has
gained significant attention in industries requiring precise linear
motion [2]. It is widely utilized in devices such as compressors,
linear pumps, and automobile active suspension systems, where
reliable and efficient oscillatory motion is essential [3], [4], [5].
Additionally, advancements in materials and control strategies
have further enhanced the performance and applicability of
LOAs in modern engineering systems.

The stability of permanent magnets (PMs) is crucial for main-
taining the electromagnetic performance of LOAs, as various
factors—including temperature fluctuations, external electro-
magnetic fields, and design parameters such as magnet thickness
and length—can influence their stability. These factors affect the
load line or the PMs B-H curve, both of which determine the
operating point on the B-H curve. If the operating point shifts
below the knee point due to excessive temperature rise or strong
electromagnetic interference, irreversible demagnetization oc-
curs, leading to a permanent loss of magnetic properties and
degraded system performance [6], [7]. Since irreversible demag-
netization significantly impacts the thrust force characteristics of
LOAs, accurately predicting and preventing such occurrences is
essential for ensuring long-term reliability. Unlike conventional
radially symmetric PMSMs, the LOA investigated in this study
incorporates a segmented outer stator and segmented permanent
magnets, resulting in circumferential flux leakage and local mag-
netic saturation. These structural characteristics significantly
affect the probability of irreversible demagnetization, which
must be accurately predicted to avoid overdesign. Therefore,
it is essential to consider demagnetization in the LOA design
process. Moreover, in specific motor types, such as line-start
PMSMs, which experience high asynchronous starting currents,
or machines employing low-coercivity magnets, the risk of
demagnetization is inherently higher [8], [9]. Consequently,
considering demagnetization effects at the design stage is es-
sential for ensuring reliable operation in such configurations.
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Fig. 1. Analysis model of the LOA. (a) 3-D FEA. (b) 2-D axisymmetric FEA.

Fig. 2. Circumferential flux leakage path at the outer stator from 3-D FEA
results of the LOA.

As a result, studies have been conducted to incorporate demag-
netization effects into the design process, aiming to enhance the
reliability and performance of motor [10], [11].

Fig. 1 shows the structure of an LOA, which consists of outer
and inner stators, a single-phase winding and PMs. When a
sinusoidal current is applied to the stator winding, an alternating
magnetic field is generated, which establishes a time-varying
magnetic flux path through the stator core, the air gap, and the
PMs. As the flux density changes over time, it interacts with
the PMs to produce an axial electromagnetic thrust force. This
force is primarily governed by Maxwell stress and magnetic re-
luctance variation [12]. Because the excitation current oscillates
sinusoidally, the direction of the electromagnetic force alternates
correspondingly, resulting in a periodic reciprocating motion of
the mover along the axial axis. The magnitude and dynamics of
this motion are determined by the amplitude and frequency of
the input current, the geometry of the LOA, and the magnetic
properties of the materials.

The inner and outer stators are laminated to reduce the iron
loss. Unlike the inner stator, the outer stator and PMs are di-
vided into several pieces owing to manufacturing constraints.
The air regions created by the segmented outer stator structure
can cause magnetic saturation that affects the electromagnetic
performance of the LOA. This occurs because the absence of
ferromagnetic material in air regions allows more magnetic flux
to pass through the segmented outer stator [13], [14]. Fig. 2
presents the circumferential flux leakage path at the outer stator
obtained from the 3-D FEA results of the LOA. This flux leakage
phenomenon significantly affects the magnetic flux distribution

Fig. 3. Contour plot of magnetic flux density. (a) 2-D axisymmetric FEA
(b) 3-D FEA.

and saturation levels in the stator. Furthermore, the segmented
PM structure affects magnetic flux distribution, which varies
depending on magnet utilization [15]. The segmented structure
of the outer stator and PMs creates a complex flux path that 2-D
axisymmetric analysis cannot accurately model, as it assumes a
solid core structure instead of a segmented core. Fig. 3 shows
the contour plot of the magnetic flux density obtained from
both 2-D axisymmetric FEA and 3-D FEA. In Fig. 3(a), the
2-D axisymmetric FEA results exhibit an oversimplified flux
distribution due to the assumption of axial symmetry. This
approach neglects the effects of flux leakage and segmentation,
leading to an inaccurate prediction of saturation regions. In
contrast, Fig. 3(b) presents the results from 3-D FEA, where the
actual flux distribution, including leakage and saturation effects,
is represented more accurately. The discrepancy between these
two methods highlights the necessity of 3-D FEA for a accurate
electromagnetic performance analysis.

In order to calculate the performance of LOA, 2-D axisym-
metric FEA is required to reduce the computation cost rather
than using the 3-D FEA. However, 2-D axisymmetric FEA for
electromagnetic field analysis cannot guarantee accuracy when
analyzing LOA with complex structure of outer stator and PMs.
This is because the effects of the magnetic flux distribution
changes cannot be considered in 2-D axisymmetric FEA [16].
Thus, accurate demagnetization ratio (DR) which is the factor
that determine occurrence of the irreversible demagnetization
can only be calculated by using 3-D FEA, resulting in high com-
putational cost for the design process of LOA [17]. Therefore,
accurate cost-effective method for calculating the DR of the
LOA is required.

Thus, in this paper, we propose a computationally efficient
analysis method for calculating DR of the LOA only using deep
transfer learning. This method reduces the computational cost
while improving the accuracy of DR calculations through the
following steps. First, sampling points are derived through a
Design of Experiments (DOE), and demagnetization analysis
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are conducted for each sampling point in both 2-D axisymmetric
and 3-D FEA. Second, the first deep neural network (DNN) for
predicting 2-D axisymmetric FEA-based DR is trained with a
large amount of 2-D axisymmetric FEA-based DR. Third, the
second DNN for predicting 3-D FEA-based DR is trained with a
small amount of 3-D FEA-based DR with deep transfer learning.
Subsequently, the DR can be predicted using the second DNN
according to the factors that affects irreversible demagnetization.
With the proposed method, accurate and more cost-effective
DR calculations can be performed using a large amount of 2-D
axisymmetric FEA data, which has a low computational cost,
combined with a small amount of 3-D FEA data, which has
a high computational cost, than using only a large amount of
3-D FEA data. This paper presents a computationally efficient
predictive framework that leverages deep transfer learning to
estimate demagnetization-related responses obtained from FEA
across a wide range of design variables. The proposed approach
is particularly effective during the early stages of design, where
rapid evaluation and identification of high-risk demagnetization
regions are essential to achieve reliable and optimized LOA
performance. By transferring knowledge from a large-scale 2-D
FEA dataset to a limited 3-D FEA dataset, the framework
significantly reduces computational cost while maintaining high
prediction accuracy. This enables efficient exploration of the
LOA design space under various operating conditions, including
changes in armature current, PM temperature, PM position,
and design variables. Therefore, to predict the DR of the LOA
using deep transfer learning, a previous study, presented at the
2023 IEEE Conference and Expo Transportation Electrification
Asia-Pacific (ITEC Asia-Pacific), had proposed a method that
considers both the circumferential flux leakage of 3-D FEA and
the relatively fast computational time of axisymmetric FEA [18].

The organization of this article is as follows. Section II:
Demagnetization: Principles and Analytical Methods describes
demagnetization principles and how the demagnetization anal-
ysis is conducted for the LOA, including the method used to
evaluate the DR. Section III: Demagnetization Analysis Based
on Deep Transfer Learning presents the methodology for per-
forming demagnetization analysis using deep transfer learning.
Section IV: Experimental Verification discusses the demagne-
tization experiments conducted on 8 prototypes to verify the
results. Finally, the conclusions of the study are presented in
Section V: Conclusion.

II. DEMAGNETIZATION: PRINCIPLES AND

ANALYTICAL METHODS

A. Demagnetization: Principles

Fig. 4(a) and (b) shows the demagnetization characteristic
curve. Fig. 4(a) shows the relationship between the permeance
coefficient and the operating point of the PM. The stability of
magnetic materials is determined by their resistance to demagne-
tization, which is characterized by the maximum energy product
B −Hmax, defined by the recoil line of the B-H demagnetization
curve. This energy product indicates the maximum energy the
magnet can store before losing its magnetization. The magnet’s
operating flux density Bm and the magnetic field intensity Hm

Fig. 4. Demagnetization characteristic curve. (a) Permeance coefficient and
the operating point. (b)Temperature-dependent demagnetization characteristic
curve.

are critical for the magnet’s performance and susceptibility to
demagnetization. Operating near the knee point on the B-H curve
increases the risk of demagnetization, and for stable operation,
the magnet must be kept above this point. If the operating point
falls below the knee point, irreversible demagnetization occurs,
leading to a permanent loss of magnetization.

The operating point is defined by the intersection of the
demagnetization curve and the load line of the PM [19]. The
permeance coefficient pc, which is the load line slope, can
expressed as follows:

pc =
Bm

µ0|Hm| =
1

flkg
· lPM

lg
· Ag

Am
(1)

where µ0 is the vacuum permeability, Bm and Hm represent the
magnetic flux density and magnetic field at the operating point,
respectively. Additionally, flkg denotes the leakage coefficient,
while lPM and lg represent the PM thickness and air-gap length,
respectively. Ag and Am correspond to the axial cross-sectional
areas per pole of the air-gap and PM, respectively. The point of
intersection between the magnet’s B-H curve and the load line
is the operating point of the magnet. The load line represents
the magnet’s operating conditions, and its position relative to
the demagnetization curve determines whether demagnetization
will be reversible or irreversible. If the operating point is below
the knee point, irreversible demagnetization is inevitable.

Main factors influencing demagnetization include tempera-
ture, external demagnetizing fields, and the PM’s load line [20].
When external demagnetizing fields exceed a threshold, irre-
versible demagnetization takes place, and the magnet follows
the recoil line, permanently losing its magnetic properties. To
prevent this, the magnet must operate above the knee point, and
it is important to consider this during the design stage.

B. Demagnetization: Analytical Methods

The specifications of the LOA are listed in Table I. PMs
demagnetization in LOA is treated as a critical phenomenon
in which a magnet loses its ability to generate a magnetic flux
partially. Fig. 5 shows the description of the demagnetization
analysis input parameters and their parameter ranges. The op-
erating point can fall from the knee point of the B-H curve
with the external influence, such as temperature rise, armature
current and PM position at load, resulting in an irreversible
demagnetization [21]. Additionally, the thickness and length
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TABLE I
SPECIFICATIONS OF LOA BASE MODEL

Fig. 5. Description of demagnetization analysis input parameters.

Fig. 6. Procedure of the LOA demagnetization analysis.

of the PM are also important factors, leading to irreversible
demagnetization [22]. Furthermore, the length of the magnet
can affect the LOA flux path and saturation, which can shift
the operating point and influence demagnetization. Therefore,
in this study, the parameters considered for the analysis were
magnet thickness, magnet length, temperature, demagnetizing
current, and magnet position.

Fig. 6 shows the procedure of the LOA demagnetization
analysis. The procedure of the LOA demagnetization analysis is
carried out as follows:

1) The PM position moves linearly from−11 mm to 11 mm at
a speed of 1 m/s while analyzing the Back Electro Motive
Force (Back-EMF). During this process, the demagneti-
zation temperature is set to 0 ◦C, and the demagnetizing
current is 0 A. The Back-EMF during this stage is referred
to as the Back-EMF before demagnetization.

2) The PM position is fixed at a specific value, and a particular
demagnetization temperature and demagnetizing current
are applied. The conditions are the same as shown in Fig. 4,
and under these conditions, the magnet undergoes partial
demagnetization.

Fig. 7. Comparison of 2-D axisymmetric and 3-D FEA-based demagnetization
ratio according to armature current. (a) PMpos. = 0 mm. (b) PMpos. = 10 mm.

3) The PM position moves linearly from −11 mm to 11 mm
at a speed of 1 m/s while analyzing the Back-EMF. During
this process, the demagnetization temperature is set to
0 ◦C, and the demagnetizing current is 0 A. The Back-
EMF in this stage is referred to as the Back-EMF after
demagnetization.

When the PM irreversible demagnetization occurs, the resid-
ual magnetic flux density of PM is permanently decrease. There-
fore, the Back-EMF amplitude will change. To determine the oc-
currence of the irreversible demagnetization, a DR is introduced
in this article. The DR is expressed as

DR(%) =
Ebefore − Eafter

Ebefore
× 100 (2)

where Ebefore is the Back-EMF before demagnetization and
Eafter is the Back-EMF after demagnetization.

Fig. 4(b) shows the temperature-dependent demagnetization
characteristic curve, which was used in the analysis. Fig. 7 shows
the comparison of DR obtained from 2-D axisymmetric and
3-D FEA based on the armature current. Fig. 7(a), with PM
position at 0 mm, and Fig. 7(b), with PM position at 10 mm, show
the differences in DR between the two methods. The difference
between the LOA center and the PM center is defined as the PM
position. These differences are primarily due to the effects of
circumferential leakage flux and magnetic saturation, which are
accounted for in the 3-D FEA but are not considered in the 2-D
axisymmetric FEA. The results from 3-D FEA exhibit notable
variations in DR because of these factors, which are crucial for
accurately predicting the demagnetization behavior of the LOA.

III. DEMAGNETIZATION ANALYSIS BASED ON DEEP

TRANSFER LEARNING

A. Deep Transfer Learning

A deep neural network (DNN) is widely used as a surrogate
model for predict motor performance because it shows excellent
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Fig. 8. Flowchart for proposed deep transfer learning-based DR prediction.

performance on various tasks such as regression or classifica-
tion [23], [24]. Generally, a large amount of data is required to
achieve high performance of DNN. Therefore, applications such
as regression of electromagnetic performance using 3-D FEA
require a lot of computing resources to obtain high performance
of DNN. Transfer learning is a technique that takes domain
knowledge of a pre-trained model for the multi dimensional
source dataset, Xs ∈Rn×p, and used it to train a new model for
the target dataset, Xt ∈ Rn×p, with n denoting the number of
observations and p denoting the number of input feature [25]. It
can be effectively used when DNN cannot be trained sufficiently
because it is difficult to obtain the label of the target dataset.
The principle of transfer learning is as follows. Assume that
the source and target datasets have similar distributions but have
bias. The source dataset has a relatively large size compared with
the target dataset because it is relatively easy to obtain labels
compared with the target dataset. The source DNN has high
regression performance because it is trained to follow the data
distribution of the source dataset. Therefore, to use the domain
knowledge of the source model that has a similar distribution
to the target dataset, the layers of the target DNN except for
several top layers are transferred from the pre-trained layers of
the source model. The comparison of 2-D axisymmetric FEA
and 3-D FEA-based DR according to armature current as shown
in Fig. 7(a) and (b). 2-D axisymmetric FEA-based DR and
3-D FEA-based FEA DR have similar distributions but have
bias. Also, it is more difficult to obtain the label of the 3-D
FEA-based DR than that of the 2-D axisymmetric FEA-based
DR. Therefore, 2-D axisymmetric FEA-based DR can be seen
as a source dataset and 3-D FEA-based DR can be seen target
dataset.

B. Proposed Demagnetization Analysis

Fig. 8. shows a process for the proposed deep transfer
learning-based prediction DR. In this study, the target output
of the DNN is the DR, which is calculated using the procedure
described in Section II-B. To train the model, a labeled dataset
is constructed using the demagnetization analysis method based
on FEA described earlier. Specifically, the input parameters
such as current, temperature, PMs position and design variables

are sampled through a DOE strategy, and the resulting DR is
calculated using JMAGDesigner simulations.

The DOE is the sampling plan in the input design variable or
parameter domain. In this paper, the Optimal Latin Hypercube
Design (OLHD) was used to generate the small dataset for 3-D
FEA [26], [27]. Additionally, the Sequential Maximin Distance
Design (SMDD) was employed to generate the large dataset
for 2-D axisymmetric FEA. The goal of the SMDD is to select
new samples from unexplored regions of the design space. The
selection process of these new samples is based on the initial
samples generated using the OLHD. New samples are then
chosen as points that maximize the minimum average distance
from the labeled samples [28]. Subsequently, sub-sampling is
performed at each design variable sampling point—focusing on
parameters such as armature current, PM temperature, and PM
position—and an electromagnetic analysis is conducted for each
derived experimental point. Although DOE is commonly used in
design optimization studies, in this work, it is employed purely as
a sampling tool for training data generation, and not for solving
an optimization problem.

The 2-D axisymmetric FEA-based DR can be acquired faster
than 3-D FEA-beased DR, and each DR has a similar data distri-
bution. Therefore, DNNs are trained by transfer learning with 2-
D axisymmetric-based dataset as a source data and the 3-D FEA-
based dataset as a target data for considering circumferential
leakage flux and complex structure of the LOA. After training
DNNs, the DR according to the desired demagnetization-related
are predicted through DNNs. The source and target data were
labeled using JMAG, a commercial FEA software, after DOE
based on OLHD and SMDD. The input features range are
presented in Fig. 5. For each sample, the labeling process was
conducted by calculating DR according to armature current, PM
temperature and PM position which affect irreversible demagne-
tization of PM. The DNN is for predicting DR which is affected
by magnetic saturation and circumferential leakage flux.

C. Learning Performance With Deep Transfer Learning

The structure of DNN was determined through the hyperpa-
rameter tuning process. The hyperparameters are tunable pa-
rameters that allow us to control the training process of deep
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TABLE II
DETAILED SETTING OF DNN

learning model. As the performance of the model is highly
dependent on the combination of hyperparameters, the process
for hyperparameter tuning is necessary. The architecture of DNN
was selected as a multi-layer perceptron (MLP). The perceptron
is an algorithm that mimics the priciple of biological neuron,
which gives the sum of multiple inputs multiplied by weights.
MLP is a structure in which layers, a set of perceptrons, are
stacked and is generally used for pattern recognition of complex
dataset. The detailed setting of DNN are listed in Table II. The
number of the source dataset was 10 times larger than that of the
target datasets. The hyperparameters of DNN was selected as
the number of hidden layers and units, and the learning rate
for Adam optimizer. To avoid overfitting, the source dataset
was split into training, validation and test datasets at a ratio
of 8:1:1 [29], [30]. As a result of hyperparameter tuning, the
number of layers, units, and learning rate was selected as 4,
256 and 5e-3 respectively. The target DNNs were trained using
transfer learning, and training was conducted by transferring
the weights of four layers among the four hidden layers. The
target dataset was split into training and validation datasets at
a ratio of 9:1. The target DNN and the transferred weights are
re-optimized to retain the knowledge transferred from the source
DNN as follows [31]:

min
w

L(w) =
1
n

n∑

i=1

(yi − ŷi)
2 (3)

where L is the loss function, n is the number of target datasets,
and yi and ŷi denote the ground truth and the predicted value
from the neural network, respectively.

The learning curves of the source DNNs and target DNNs with
or without transfer learning are shown in Fig. 9(a) and (b). The
mean squared error (MSE) values of a large amount of the 2-D
axisymmetric FEA-based DR dataset and a small amount of the
3-D FEA-based DR with transfer leaning are low, it can be seen
that both of DNNs were well trained. As opposed to DNNs with
transfer leaning, The MSE values of DNNs with a large amount
of the 3-D FEA-based DR without transfer learning is higher.
Fig. 10 shows the comparison between prediction and ground
truth with and without transfer learning for the test dataset. The
normalized MSE for each case is 0.18% and 10.00%, respec-
tively, indicating that predictions using deep transfer learning
achieve higher accuracy. As a result of using transfer learn-
ing, it can be seen that the regression performance was highly
well-evaluated, and as a result of DNNs with a large amount

Fig. 9. Learning curve. (a) 2-D axisymmetric FEA-based DR. (b) 3-D FEA-
based DR with and without transfer learning.

Fig. 10. Comparison between ground truth and prediction with or without
transfer learning for test dataset.

of the 3-D FEA-based DR without transfer learning, it can be
seen that the regression performance was degraded. Therefore,
high regression performance can be achieved using transfer
learning with a small amount of 3-D FEA data. Fig. 11(a)–(c)
shows comparison of DR between 2-D axisymmetric, 3-D FEA
and results using the proposed method, demonstrating that the
proposed method produces results closely matching those of
3-D FEA. Fig. 11(a) shows the DR values for PM positions of
0 mm, 2.75 mm, 5.5 mm, and 8.25 mm from left to right, given
a magnet thickness of 2.93 mm, a magnet length of 10.91 mm,
and demagnetization temperature of 150 ◦C. Fig. 11(b) shows
the DR values for PM positions of 0 mm, 2.75 mm, 5.5 mm,
and 8.25 mm from left to right, given a magnet thickness of
3.99 mm, a magnet length of 19.68 mm, and demagnetization
temperature of 130 ◦C. Fig. 11(c) shows the DR values for
PM positions of 0 mm, 2.75 mm, 5.5 mm, and 8.25 mm from
left to right, given a magnet thickness of 1.40 mm, a magnet
length of 26.43 mm, and demagnetization temperature of 110 ◦C.
The DR difference between the 3-D FEA and the proposed
method is a maximum of 1.83%, demonstrating that the results
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Fig. 11. Comparison of DR between 2-D axisymmetric, 3-D FEA and results using the proposed method. (a) Sample point 1. (b) Sample point 2. (c) Sample
point 3.

Fig. 12. Comparison of DR between 3-D FEA and results using the proposed
method.

obtained from the proposed method are in good agreement with
those from the 3-D FEA. Fig. 12 shows comparison of DR
between 3-D FEA and results using the proposed method. It
also illustrates the analysis time for 2-D axisymmetric and 3-D
FEA when applying the proposed method, as well as the analysis
time for 3-D FEA without the proposed method. The results
indicate that applying the proposed method achieves an 86.11%
reduction in computational time.

IV. EXPERIMENTAL VERIFICATION

The proposed method utilizes transfer learning to predict
the demagnetization ratio, which is calculated using 3-D FEA.
The base model was realized and experimental validation was
conducted. Fig. 13(a)–(d) illustrate the experimental setups
corresponding to the sequence of the demagnetization experi-
ment. A total of 8 specimens were fabricated, each subjected
to experiments under different conditions, including varying
temperature, PM position, and current. The experiment was
conducted in the following sequence:

Fig. 13. Comparison of 2-D axisymmetric and 3-D FEA-based demagnetiza-
tion ratio according to armature current. (a) PMpos. = 0 mm. (b) PMpos. =
10 mm.

1) The first step in the experiment involves measuring the
magnetic flux of the specimen before the demagnetiza-
tion process. The specimen is placed in a magnetic field
measurement system, and the magnetic flux is captured
using a fluxmeter. The specimen is stabilized at room
temperature for 12 hours to ensure a consistent initial con-
dition. This period of stabilization is crucial to minimize
any environmental variations that may affect the magnetic
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Fig. 14. Comparison of DR between experimental results and 3-D FEA.
(a) DR at 115 ◦C and PM pos. = 11 mm. (b) DR at 115 ◦C and PM pos.

= 0 mm. (c) DR at 130 ◦C and PMpos. = 0 mm .

flux measurements. Fig. 13(a) illustrate the experimental
setups for flux measurement.

2) Following the initial magnetic flux measurement, the spec-
imen is subjected to heating in a temperature-controlled
chamber. The chamber is designed to precisely control the
temperature of the specimen, ensuring a gradual increase
in temperature to reach the target value. A thermocou-
ple is installed on the specimen’s surface to monitor the
temperature in real time and ensure uniform temperature
distribution across the specimen. Fig. 13(b) illustrate the
experimental setups of temperature-controlled chamber.
Once the specimen reaches the target temperature, a di-
rect current (DC) is applied through a power supply.
Fig. 13(c) illustrate the experimental setups for applying
DC. Throughout this phase, the power analyzer measures
the electrical power and current, which are continuously
monitored to maintain proper parameters for the demag-
netization process.

3) After the specimen has been subjected to the DC current
for a predetermined duration, it is disconnected from the
power supply. The specimen is then allowed to cool to
room temperature. The final step involves re-measuring
the magnetic flux, and this post-demagnetization measure-
ment is compared with the initial magnetic flux measure-
ment to assess the extent of demagnetization. Fig. 13(d)
illustrates the magnetic flux measurement setup following
the demagnetization process.

In this section, The DR is expressed as

DR(%) =
Φbefore − Φafter

Φbefore
× 100 (4)

where Φbefore is the flux before demagnetization and Φafter is
flux after demagnetization.

Fig. 14(a)–(c) show the comparison between the experimental
and 3-D FEA results for all 8 specimens, each under different

conditions. In Fig. 14(a), the DR is analyzed at a temperature
of 115 ◦C and a PM position of 11 mm, with a demagnetization
current ranging from 4 to 7 A. Fig. 14(b) presents the DR at the
same temperature 115 ◦C, but with the PM positioned at 0 mm
and a demagnetization current ranging from 6 to 7 A. Finally,
Fig. 14(c) compares the DR at a higher temperature of 130 ◦C and
a PM position of 0 mm, with a demagnetization current ranging
from 4 to 5 A. The relative error between the experimental DR
and the 3-D FEA DR was less than 0.94% p.

V. CONCLUSION

Accurate calculation of DR requires high computational costs
since 3-D FEA is essential for considering the circumferential
leakage flux and complex structure of LOA. Thus, in this paper,
computationally efficient analysis of deep transfer learning-
based DR considering the segmented mover and outer stator
structure and circumferential leakage flux of the LOA was
proposed. First, label the 2-D axisymmetric FEA-based DR and
3-D FEA-based DR dataset by using DOE and sub-sampling.
Second, pre-train the model using 2-D axisymmetric FEA-based
DR data. Finally, use the knowledge from the pre-trained model
to train the small amount of 3-D FEA-based DR data. The results
show that the proposed method allows for fast and accurate
learning even with a small amount of 3-D FEA data. In addition,
experimental verification is presented to verify the proposed
method. By using the proposed method, the irreversible de-
magnetization of the LOA can be accurately estimated at the
design stage because the magnetic flux density increased accord-
ing to the LOA structure and circumferential leakage flux are
considered via proposed method, and the computation cost can
be reduced when designing a LOA. Furthermore, the proposed
method is adaptable and can be effectively utilized in the design
of other LOA with varying dimensions.
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