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Abstract

To address the difficulty of detecting demagnetization severity in permanent magnet syn-
chronous motors (PMSMs), this paper proposes a demagnetization severity detection
method based on temperature signal and Convolutional Neural Network (CNN). First, the
differences between local demagnetization and eccentricity fault in stator current harmonics
are analyzed from an electromagnetic perspective, and fast Fourier transform (FFT) is used
for frequency-domain analysis of the stator current to identify local demagnetization faults.
On this basis, an electromagnetic–thermal coupling model is established by considering
motor losses and heat dissipation boundary conditions to obtain the winding tempera-
tures under different demagnetization severities and operating conditions. Furthermore,
the temperature time series, together with speed and load torque, is constructed into a
three-dimensional state space, and the proposed Conditionally Modulated Multi-Scale
Convolutional Neural Network (CMSCNN) is introduced for feature learning to achieve
demagnetization severity detection. Experimental results show that the proposed method
achieves an average detection accuracy of 98.06% on the simulation test set and outper-
forms the baseline CNN model. On measured data collected from the faulty prototype,
the average detection accuracy reaches 93.34%, verifying the effectiveness of the proposed
method for demagnetization severity detection.

Keywords: demagnetization severity detection; permanent magnet synchronous motor;
local demagnetization; temperature; Convolutional Neural Network

1. Introduction
Permanent Magnet Synchronous Motors (PMSMs) are widely used in industrial drive

systems due to their advantages of high power density and high efficiency. However, dur-
ing practical operation, the permanent magnets are susceptible to high temperature, strong
armature demagnetizing fields, chemical corrosion, and mechanical impact, which may
lead to magnetic property degradation and eventually induce demagnetization faults [1–3].
Demagnetization reduces the no-load back electromotive force (back-EMF). To maintain
the required torque output, the stator current must be increased, thereby resulting in higher
losses and temperature rise and further aggravating the demagnetization process [4–6]. As
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the operating frequency increases, the motor loss and temperature-rise issues become more
pronounced [7]. Demagnetization faults can be mainly classified into uniform demagnetiza-
tion and local demagnetization. Uniform demagnetization is generally caused by abnormal
temperature rise or material aging, while the three-phase parameters of the motor remain
symmetrical. In contrast, local demagnetization destroys the symmetry of the air-gap
magnetic field, leading to air-gap flux density distortion, increased vibration and noise,
and even permanent motor damage in severe cases [8–11]. Therefore, accurate diagnosis of
local demagnetization faults is of great significance for improving the operational reliability
of PMSMs. In addition, the performance of complex permanent magnet electromagnetic
devices can also be investigated through structural design, optimization analysis, and
experimental validation [12].

Demagnetization fault diagnosis should not only determine whether a fault has oc-
curred, but also pay attention to its development stage and severity. Accurate detection of
demagnetization severity helps ensure the safe operation of motors, reduce energy con-
sumption, extend service life, and provide a basis for hierarchical management and refined
decision-making for maintenance personnel [13–15]. For example, under slight demagneti-
zation, the motor can continue to operate and maintenance can be reasonably scheduled;
under moderate demagnetization, protective measures such as derated operation can be
adopted; and under severe demagnetization, the motor should be shut down and inspected
in a timely manner to prevent fault aggravation or system failure. Therefore, demagne-
tization severity detection is of great engineering significance for realizing hierarchical
motor management, risk assessment, and full-life-cycle health monitoring [16–18]. Rele-
vant studies have combined analytical modeling, finite element analysis, and experimental
validation for the performance analysis of complex permanent magnet structures [19]. At
present, PMSM demagnetization fault diagnosis methods can be mainly classified into three
categories: feature signal-based methods, analytical model-based methods, and artificial
intelligence-based methods [20–22].

Feature signal-based demagnetization fault diagnosis methods mainly rely on the
electromagnetic and mechanical response quantities generated during motor operation. By
extracting feature parameters related to demagnetization and constructing corresponding
diagnostic indicators, fault diagnosis can be achieved. Reference [23] analyzed the influence
of permanent magnet demagnetization on the air-gap flux density distribution and the
harmonic characteristics of the stator-induced electromotive force, thereby providing a
theoretical basis for demagnetization diagnosis. Reference [24] combined vibration signals
and stator current signals to develop a deep learning model based on transfer learning
pretraining, achieving demagnetization fault identification in PMSMs. Reference [25]
realized demagnetization fault diagnosis of PMSMs by extracting stator tooth flux signals.
Feature signal-based methods are relatively straightforward to implement and have a solid
foundation for engineering applications; however, under complex operating conditions,
they are easily affected by load fluctuations, noise, and harmonics.

Analytical model-based demagnetization fault diagnosis methods are developed on
the basis of the electromagnetic and electromechanical coupling characteristics of motors.
By establishing mathematical models or equivalent parameter models incorporating de-
magnetization effects, observable quantities can be constructed to achieve fault diagnosis.
Reference [26] proposed a parameter identification method based on an analytical motor
model. By calculating the inductance variation under demagnetization conditions and
combining it with the least-squares algorithm, the flux linkage estimation accuracy was
improved, thereby enabling the identification of demagnetization faults and their severity.
Reference [27] proposed a permanent magnet flux linkage identification method based on
speed harmonics. By establishing the relationship between flux linkage and speed har-
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monics, demagnetization fault detection of permanent magnets was achieved. Analytical
model-based methods offer strong physical interpretability, but they generally rely heavily
on model accuracy and parameter precision.

Artificial intelligence-based demagnetization fault diagnosis methods adopt a data-
driven strategy to achieve fault identification and demagnetization severity detection
by learning the relationship between fault signals and demagnetization. Reference [28]
proposed a least-squares support vector machine method combining S-transform time–
frequency feature extraction and particle swarm optimization, thereby realizing the joint
identification of the demagnetized pole position and demagnetization severity. Refer-
ence [29] constructed a Convolutional Neural Network model using stator current data
to achieve early detection of permanent magnet demagnetization faults. Reference [30]
proposed a multi-source information fusion diagnosis method, in which stator current and
torque signals were combined with a Convolutional Neural Network incorporating an
attention mechanism to realize demagnetization fault identification. Artificial intelligence-
based methods are well suited for fault detection under complex operating conditions, but
their performance largely depends on sample quality, dataset size, and training conditions.

In practical operating environments, PMSMs often operate under complex conditions
such as variable speed and variable load. Factors including load fluctuations, inverter
switching harmonics, and electromagnetic noise may interfere with electromagnetic sig-
nals, causing the demagnetization-related features to couple with normal components and
thereby reducing fault distinguishability. Meanwhile, inverter PWM harmonics can also
increase the motor iron loss, thereby further affecting operating efficiency and temperature
rise [31]. Traditional demagnetization detection methods mainly rely on manually con-
structed features or accurate electromagnetic models and are highly dependent on motor
and control parameters. Therefore, under complex operating conditions, these methods are
prone to reduced detection accuracy and even misjudgment [32–34].

In contrast, temperature signals can reflect the combined response of motor losses
and magnetic property variations from a thermal perspective and exhibit strong anti-
interference capability [35]. After permanent magnet demagnetization occurs, the air-gap
flux density distribution and the electromagnetic energy conversion process are altered,
which further leads to increased internal motor losses and affects the temperature rise of the
stator windings. On this basis, this paper proposes a demagnetization severity detection
method based on temperature signals and a Convolutional Neural Network. First, from
the perspective of electromagnetic mechanisms, the differences between local demagneti-
zation and eccentricity fault in the harmonic characteristics of stator current are analyzed,
and fast Fourier transform (FFT) is employed to perform frequency-domain analysis of
the stator current signal, thereby enabling demagnetization fault identification. On this
basis, an electromagnetic–thermal coupling model is established to obtain the winding
temperature time series under different demagnetization severities as well as different
operating conditions of speed and load torque. Subsequently, temperature information,
together with speed and load torque, is used as the input to construct a three-dimensional
state space representing the operating characteristics of the motor, and the proposed Condi-
tionally Modulated Multi-Scale Convolutional Neural Network (CMSCNN) is introduced
for feature extraction to achieve demagnetization severity detection. This method uses the
temperature signal as the primary information source and constructs a three-dimensional
state space by incorporating rotational speed and load torque, thereby improving the stabil-
ity of demagnetization severity detection under multiple operating conditions. Meanwhile,
by introducing conditional modulation, multi-scale convolution, and a residual structure,
the model ability to extract temperature features and the capability to identify different
demagnetization severities are enhanced.
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2. Analysis of Demagnetization Faults in Permanent Magnet
Synchronous Motors

When local demagnetization occurs in a PMSM, the magnetic properties of the rotor
permanent magnets deteriorate, thereby destroying the original symmetry of the air-gap
flux density. Therefore, the variation law of the air-gap flux density under demagnetization
conditions and its fault-harmonic response in the stator current are first analyzed from
an electromagnetic perspective, so as to provide a theoretical basis for subsequent feature
extraction of demagnetization faults.

2.1. Analysis of Local Demagnetization Faults

Under healthy operating conditions, the flux density established by the permanent
magnets along the circumferential direction of the air gap exhibits a periodic distribu-
tion. The spatial flux density can be expressed as the superposition of the fundamental
component and a number of higher-order harmonic components:

B0(θ) =
∞

∑
m=1

Bm cos(mpθ) (1)

where p denotes the number of pole pairs, θ is the mechanical angle, and m is the har-
monic order.

Assume that demagnetization occurs in one magnetic pole of the motor. In this case,
the amplitude of the induced electromotive force generated when this pole acts on the
stator winding will decrease. To describe this effect, the sinusoidal back electromotive
force Esolt under healthy conditions is taken as the reference, and the potential attenuation
caused by demagnetization is represented by subtracting a disturbance term y(t). Here,
y(t) can be expressed as the product of a fundamental sinusoidal wave and a square wave
x(t), and a demagnetization coefficient is introduced to characterize the attenuation level.
The function x(t) is used to describe the time interval during which the demagnetized pole
acts on the winding. Its frequency is fe/p, and its duty cycle is d = 1/2p. The Fourier series
expansion of x(t) is given as follows:

x(t) =
1

2p
+

∞

∑
n=1

2
nπ

sin(πnd) cos(
2nπ fet

p
) (2)

where fe denotes the fundamental frequency of the motor. Then, y(t) can be expressed
as follows:

y(t) =
kde
2p

cos(2π fet) + kde

∞

∑
n=1

1
nπ

sin(
πn
2p

) cos(2π fet(1 ± n
p
)) (3)

where kde denotes the demagnetization severity of a single permanent magnet. The back
electromotive force Ede_slot induced by the rotor of the faulty motor in one stator slot can be
expressed as follows:

Ede_slot = Vslot(1 −
Kde
2p

) cos(2π fet)− KdeVslot

∞

∑
n=1

1
nπ

sin(
πn
2p

) cos(2π fet(1 ± n
p
)) (4)

where Vslot denotes the amplitude of the back electromotive force induced in one stator slot
under healthy operating conditions.

According to (4), demagnetization of a single permanent magnet leads to a reduction
in the amplitude of the induced back electromotive force Ede_slot. Theoretically, after the
fault occurs, the amplitude decreases to (1 − kde/2p) times its original value. In addition,
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the demagnetization fault introduces fault-related harmonic components into the back
electromotive force waveform. In AC permanent magnet synchronous motors, the voltage
and current are periodic functions, and the back electromotive force is also a periodic
function. Therefore, the fault components appearing in the back electromotive force will
also give rise to corresponding specific fault components in the stator current. Their
frequencies are given by:

fec = fe(1 ±
n
p
) (5)

2.2. Differential Analysis of Fault Characteristics

Air-gap magnetic field distortion is not unique to local demagnetization faults. Rotor
eccentricity faults can also destroy the symmetry of the air-gap magnetic field, thereby
generating additional harmonics in the stator current. If fault diagnosis is performed solely
based on the presence or absence of harmonics, different faults may be easily confused.
Therefore, it is necessary to further analyze the formation mechanism of air-gap magnetic
field distortion under eccentricity fault conditions and its corresponding current harmonic
characteristics, and then compare them with those of demagnetization faults, so as to
improve the accuracy of demagnetization fault diagnosis.

In this paper, dynamic eccentricity fault is taken as the object of analysis. Under
dynamic eccentricity conditions, the center of rotation of the rotor coincides with the
geometric center of the stator, whereas the geometric center of the rotor itself is offset
relative to that of the stator. The air-gap length δ after eccentricity can be expressed
as follows:

δ(φ, t) = δh(1 −
e
δh

cos(wrt − φ)) (6)

where δh denotes the radial air-gap length under healthy operating conditions, and e is
the eccentricity distance. The first-order approximation of the air-gap permeance can be
expressed as follows:

Λ(φ, t) =
1

δ(φr, t)
=

1
δh

[
1 + ε cos(

ws

p
t − φ)

]
(7)

where ε represents the eccentricity degree, ε = e/δh, and ws denotes the electrical angular
velocity of the motor. According to Ampere’s law, the stator air-gap flux density Ba of the
motor can be expressed as follows:

Ba(φ, t) =
µ0 j0
δh p

cos(wst − φ) +
µ0 j0ε

2δh p
cos[(1 ± 1

p
)wst − (p ± 1)φ] (8)

Considering the effects of the motor winding structure and load conditions, the stator
air-gap flux density Ba can be expressed as follows:

Ba(φ, t) =
µ0 j0
δh p

cos(wst − φ) +
µ0 j0ε

2δh p
cos[(1 ± 2n − 1

p
)wst − (p ± 1)φ] (9)

Equation (9) describes the variation in the stator air-gap flux density Ba after the
occurrence of a dynamic eccentricity fault in the motor, where n denotes a positive integer.
The variation in Ba introduces these harmonic components into the back electromotive
force of the motor, which in turn gives rise to fault harmonics of specific frequencies in the
stator current. The frequencies of these fault harmonics can be expressed as follows:

fec = fe(1 ±
2n − 1

p
) (10)

https://doi.org/10.3390/s26092631

https://doi.org/10.3390/s26092631


Sensors 2026, 26, 2631 6 of 27

where fe denotes the fundamental frequency of the motor.
Based on the above derivation, it can be seen that although both local demagnetization

faults and eccentricity faults can cause distortion in the air-gap flux density distribution
and further generate additional harmonics in the stator current, the mechanisms of har-
monic generation and the corresponding frequency distribution patterns are different. To
distinguish between these two types of faults, the characteristic harmonic frequencies
corresponding to demagnetization faults and eccentricity faults are summarized in Table 1,
thereby providing a theoretical basis for subsequent fault identification.

Table 1. Comparison of different fault harmonic frequencies.

Demagnetization Fault Eccentricity Fault

Fault harmonics fe(1 ± n
p ) fe(1 ± 2n−1

p )

To verify the foregoing analysis of the harmonic characteristics of local demagnetiza-
tion faults and eccentricity faults, a 12-slot, 10-pole surface-mounted PMSM is taken as the
object of study in this paper. The motor structure is shown in Figure 1.

Figure 1. Structure of the PMSM.

FFT is employed to perform frequency-domain analysis of the stator current signals
under local demagnetization fault and eccentricity fault conditions. As shown in Figure 2,
the harmonic frequencies associated with demagnetization faults are mainly distributed
at the 1.4th, 3.4th, and 3.8th orders, whereas those associated with eccentricity faults are
mainly distributed at the 0.8th, 1.2nd, and 1.6th orders. These results are consistent with
the characteristic frequency sets of the two fault types listed in Table 1, and they also exhibit
clear distinction in harmonic order distribution.

 

Figure 2. FFT frequency-domain spectra of different faults.

By comparing the current spectra under different fault conditions, the differences in
frequency-domain characteristics between local demagnetization faults and eccentricity
faults are verified. On this basis, when harmonic components corresponding to the charac-
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teristic frequencies of demagnetization faults appear in the current spectrum, the motor
can be identified as operating under a local demagnetization fault condition.

2.3. Electromagnetic-Thermal Coupling Modeling

Frequency-domain analysis of stator current harmonics based on FFT can be used
to identify demagnetization faults. However, if it is further applied to the quantitative
detection of demagnetization severity, the harmonic amplitudes are susceptible to operating-
condition variations, load fluctuations, and measurement noise, which imposes certain
limitations. Therefore, in this paper, current harmonic features are used only for demagne-
tization fault identification.

On this basis, from the perspective of energy loss, once demagnetization occurs, the
stator current amplitude increases in order to maintain the required electromagnetic torque
output, thereby resulting in higher copper loss and an increase in winding temperature.
Compared with current harmonic features, temperature signals, as integrated thermal-
response quantities that reflect the motor operating condition, can provide a more stable
indication of variations in demagnetization severity.

To characterize the variation law of electromagnetic-thermal coupling after demagneti-
zation occurs in the motor, a demagnetization coefficient k ∈ [0, 1] is defined. The remanent
flux density of the permanent magnet in the faulty pole and the permanent magnet flux
linkage can then be expressed, respectively, as follows:

Br′ = kBr (11)

ψ′
m = kψm (12)

For a surface-mounted permanent magnet synchronous motor, under the vector
control condition of id = 0, the electromagnetic torque can be expressed as follows:

Te =
3
2

pψmiq (13)

where p denotes the number of pole pairs, and iq represents the q-axis current.
When the load torque remains constant (Te = TL), the q-axis current required to

maintain the same torque output after demagnetization can be expressed as follows:

iq
′ =

TL
3
2 pψm

′ =
1
k

iq (14)

In the dq amplitude-invariant reference frame, the stator winding copper loss of the
healthy motor can be expressed as follows:

Pcu =
3
2

Rsiq
2 (15)

When demagnetization occurs in the motor, the stator winding copper loss can be
expressed as follows:

Pcu
′ =

3
2

Rs(iq
′)2 =

1
k2 Pcu (16)

According to (16), once demagnetization occurs in the motor, the winding copper loss
increases, thereby leading to greater heat generation. Different levels of demagnetization
affect the rate of internal heat accumulation in the motor, and thus produce distinguishable
variation patterns in the winding temperature response. On this basis, an electromagnetic–
thermal coupling simulation model is established on the ANSYS Workbench 2024 R1
platform to obtain winding temperature information under different demagnetization
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severities. Specifically, a motor model is established in Maxwell to calculate the loss
distribution during operation. The loss results are then imported into the Transient Thermal
module through Workbench and applied to the thermal analysis model as heat sources,
while the corresponding thermal boundary conditions are imposed simultaneously. On
this basis, the time-varying evolution of the motor temperature field is solved, the winding
temperature at each time step is extracted, and a temperature time series is constructed
in chronological order. The object of study is a 12-slot, 10-pole surface-mounted PMSM,
whose three-dimensional structure is shown in Figure 3.

 

Figure 3. Three-dimensional structure of the permanent magnet synchronous motor.

To further analyze the thermal response characteristics of the PMSM, it is necessary to
comprehensively consider the motor losses and apply them to the thermal field model as
heat sources, so as to characterize the heat generation power during motor operation. The
winding copper loss can be calculated according to the relationship between current and
resistance, and is expressed as follows:

P = 3I2R (17)

where I denotes the rms value of the stator current, and R represents the winding resistance.
When harmonic components and the rotating magnetization effect are taken into

account, the rotating magnetization in the stator core can be equivalently modeled as an
elliptical rotating magnetic field. This rotating magnetization process can be approximately
described by two mutually orthogonal alternating magnetic field components, thereby
enabling the actual magnetization state to be simulated. By separately calculating and
superposing the iron-loss components caused by the fundamental magnetic field and
each harmonic component, the total iron loss in the stator core can be obtained, and its
expression is given as follows:

PFe = Ph + Pc + Pe

= Kh f
∞
∑

k=0
k(Bα

kmax + Bα
kmin)

+kc f 2
∞
∑

k=0
k2(B2

kmax + B2
kmin)

+
ke

(2π)3/2
1
T
∫ T

0 (

∣∣∣∣dBr(t)
dt

∣∣∣∣)1.5

+

∣∣∣∣dBθ(t)
dt

∣∣∣∣1.5

)dt

(18)

where kh, kc, and ke denote the hysteresis loss coefficient, eddy-current loss coefficient,
and excess loss coefficient, respectively; α is the exponential parameter of hysteresis loss; f
represents the alternating frequency of the magnetic field; and k denotes the harmonic order.
Bkmax and Bkmin correspond to the major-axis flux density and minor-axis flux density of the
kth harmonic, respectively. Br(t) and Bθ(t) represent the radial and tangential flux densities
inside the iron core, respectively.
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Eddy-current loss is generated inside the permanent magnets, and this loss is con-
verted into heat, thereby increasing the temperature of the permanent magnets. The
eddy-current loss of the permanent magnets can be expressed as follows:

Peddy =
∫

Vpm

|Je|2

σ
dV (19)

where Vpm denotes the volume of the permanent magnet, σ represents the electrical conduc-
tivity of the permanent magnet, and Je is the current density within the permanent magnet.

The motor stator slots are composed of copper conductors and multiple layers of
insulating materials wrapped around them. To reduce model complexity and improve
computational efficiency, the internal structure of the stator slots is treated equivalently
in this paper. The copper conductors inside each slot are regarded as an integral body,
and the insulating materials are assumed to be uniformly distributed around them, while
the influence of local temperature gradients inside the stator slots is neglected. Figure 4
illustrates the equivalent model of the stator slot.

Figure 4. Equivalent model of the stator slot.

Based on the thermal parameters of the various insulating materials within the slot,
the thermal conductivity of the equivalent insulation can be obtained, and its expression is
given as follows:

λeq =

n
∑

i=1
δi

n
∑

i=1

δi
λi

(20)

where λeq denotes the thermal conductivity of the equivalent insulation, δi is the thickness
of the equivalent insulation material, and λi represents the average thermal conductivity of
the insulating materials.

The thermal conductivity of the motor core can be analyzed separately along the
radial, circumferential, and axial directions. Since the core is formed by stacking multiple
silicon steel laminations along the axial direction, with insulating coatings between adjacent
laminations, its heat conduction exhibits pronounced anisotropy. During axial heat transfer,
the heat flow passes successively through the silicon steel sheets and insulation layers,
which can be equivalently modeled as a multi-layer series heat transfer structure. In
contrast, during radial and circumferential heat transfer, the materials of each layer are
distributed in parallel along the heat transfer path, which can be equivalently modeled as a
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multi-layer parallel heat transfer structure. Based on this, the expressions for the equivalent
thermal conductivity in each direction can be obtained as follows: λx = λy = δFeλ1+δ0λ0

δFe+δ0
= KFeλ1 + (1 − KFe)λ0

λz =
δFe+δ0
δFe
λ1

+
δ0
λ0

= 1
KFe
λ1

+
(1−KFe)

λ0

(21)

where λx, λy, and λz denote the equivalent thermal conductivities of the core in the radial,
circumferential, and axial directions, respectively; δFe and δ0 represent the net lengths of the
silicon steel sheet and the insulating medium, respectively; λ1 and λ0 denote the thermal
conductivities of the silicon steel sheet and the insulating medium, respectively; and KFe is
the stacking factor of the core.

In the thermal analysis model, corresponding convective heat transfer boundary
conditions are also specified for the outer surface of the housing, the winding end regions,
the stator end regions, and the rotor end regions, so as to characterize the heat exchange
process between the motor and the surrounding environment during operation. Under
the combined effects of the above heat-source distribution, heat-conduction paths, and
heat-dissipation boundaries, the temperature field can be solved, thereby yielding the
winding temperature at different operating instants.

2.4. Analysis of Temperature Response Characteristics

After the temperature field is solved, the influence mechanism of local demagnetiza-
tion on the variation characteristics of the motor thermal response can be investigated by
analyzing the evolution of winding temperature with operating time. In the simulation, the
initial ambient temperature is set to 16 ◦C, and the motor operates continuously under rated
operating conditions. The temperature field distribution at 100 min of operation is selected
as the analysis instant, and the temperature data of the motor winding are extracted to
provide a basis for the subsequent analysis of temperature responses under healthy and
demagnetized conditions.

As shown in Figure 5, the heat generation in the healthy motor is mainly concentrated
in the stator winding. The winding temperature gradually increases with operating time
and then tends to become stable, indicating that the system progressively approaches ther-
mal equilibrium. This result provides a reference for the subsequent analysis of temperature
responses under demagnetization fault conditions.

 
 

(a) (b) 

Figure 5. Healthy motor: (a) three-dimensional winding temperature distribution; (b) winding
temperature curve.
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As shown in Figure 6, when a local demagnetization fault occurs in the motor, the exci-
tation capability of the faulty pole decreases, leading to distortion in the air-gap flux density
distribution and a reduction in torque production capability. To maintain the required
load torque output, the control system must increase the stator current to compensate
for the torque reduction, which in turn causes an increase in winding copper loss. Com-
pared with the healthy condition, the slope of the winding temperature rise curve becomes
steeper under demagnetization fault conditions, indicating a faster rate of temperature
increase over time and reflecting the intensifying effect of demagnetization on the thermal
response process.

 
 

(a) (b) 

Figure 6. Local demagnetization motor: (a) three-dimensional winding temperature distribution;
(b) winding temperature curve.

To further investigate the influence of different demagnetization severities on temper-
ature response, four demagnetization levels of a single magnetic pole, namely 25%, 50%,
75%, and 100%, are imposed in the finite element model, and the corresponding winding
temperature variation curves are extracted under the same operating condition.

As shown in Figure 7, the evolution of winding temperature exhibits distinct behaviors
under different demagnetization severities. When the demagnetization severity reaches
100%, the magnetic properties of the permanent magnet are significantly degraded, leading
to a marked increase in motor energy loss, as reflected by the fastest rise in winding temper-
ature over time. As the demagnetization severity decreases to 75% and 50%, the magnetic
properties of the permanent magnet are not completely lost, but both the amplitude and
spatial distribution of the air-gap magnetic field have deteriorated to different extents,
resulting in lower temperature response levels than those observed under complete de-
magnetization. In contrast, when the demagnetization severity is 25%, the degradation in
magnetic properties is relatively limited, and its influence on the motor operating condition
is comparatively small. Accordingly, the variation trend of winding temperature remains
at a relatively low level.

Figure 8 compares the winding temperature rise under different demagnetization
severities. The results indicate that the winding temperature time series contains effective
information capable of characterizing differences in demagnetization severity, thereby
providing a physical basis for the subsequent temperature-signal-based demagnetization
severity detection method.
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(a) (b) 

  
(c) (d) 

Figure 7. Winding temperature rise under different demagnetization levels: (a) 25% demagnetization,
(b) 50% demagnetization, (c) 75% demagnetization, and (d) 100% demagnetization.

 
Figure 8. Comparison of winding temperature rise under different demagnetization levels.

3. Demagnetization Severity Detection Method Based on Temperature
Signal Under Multiple Operating Conditions

To achieve accurate detection of motor demagnetization severity under multiple
operating conditions, this paper proposes a demagnetization severity detection method
based on temperature signal and Convolutional Neural Network. Considering that the
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temperature response is influenced not only by demagnetization severity but also closely
related to operating conditions, the temperature time series, speed, and load torque are
jointly constructed into a three-dimensional state space to characterize the motor operating
condition. Subsequently, CMSCNN is employed to extract features from the temperature
sequence, thereby establishing the mapping relationship between the three-dimensional
state space and demagnetization severity. The overall framework is shown in Figure 9, and
the specific steps are as follows:

(1) Based on the electromagnetic–thermal coupling model, simulations are conducted
under different demagnetization severities and different operating conditions char-
acterized by speed and load torque, so as to obtain winding temperature time-series
data that evolve over time.

(2) Speed and load torque are introduced into the model as operating-state variables, and
a three-dimensional state space composed of the temperature time series, speed, and
load torque is established. On this basis, a data sample set is constructed.

(3) CMSCNN is introduced to extract features from the temperature time series. Speed
and load torque are incorporated as conditional variables to modulate the temperature
signal, thereby establishing the mapping relationship between temperature response
and demagnetization severity under multiple operating conditions.

(4) The model is trained, and the trained model is then saved.
(5) Temperature signals and the corresponding operating condition information are col-

lected in real time from the practical motor during operation and used as inputs to the
model, thereby enabling demagnetization severity detection.

 

Figure 9. Overall flowchart.
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3.1. Mapping Relationship Between the Three-Dimensional State Space and
Demagnetization Severity

Motor temperature is influenced not only by demagnetization severity, but also closely
related to operating conditions and operating time. Variations in temperature under differ-
ent operating conditions may therefore interfere with demagnetization severity detection.

To investigate how variations in speed affect the relationship between temperature
response and demagnetization severity, the winding temperature variation curves cor-
responding to demagnetization severities of 50% and 100% under different speeds are
compared while keeping the load torque constant. The results are shown in Figure 10.
It can be observed that the winding temperature under the condition of lower demag-
netization severity but higher speed is higher than that under the condition of higher
demagnetization severity but lower speed, indicating that the influence of speed on tem-
perature exceeds that of demagnetization severity itself. This phenomenon shows that,
under multi-speed operating conditions, the temperature response is not determined solely
by demagnetization severity, but rather results from the coupled effect of operating con-
ditions and demagnetization state. Therefore, when the range of speed variation is large,
demagnetization severity detection based only on temperature amplitude or temperature
rise level will make it difficult to distinguish temperature signals corresponding to different
demagnetization severities, thereby reducing the accuracy of temperature signal-based
demagnetization severity detection under multiple operating conditions.

 
Figure 10. Comparison of winding temperature rise curves under different speeds for 50% and 100%
demagnetization levels.

To further analyze the effect of load torque variation on the temperature response, the
winding temperature variation curves at demagnetization severities of 50% and 100% under
different torque conditions are compared at the same speed. As shown in Figure 11, the
temperature under the condition of higher load torque but lower demagnetization severity
is higher than that under the condition of lower load torque but higher demagnetization
severity. This phenomenon indicates that the influence of load torque variation on tempera-
ture exceeds that of demagnetization severity itself. These results further demonstrate that,
under complex operating conditions involving multiple speeds and multiple torques, it is
difficult to stably characterize the variation in demagnetization severity by relying solely
on a single temperature signal.
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Figure 11. Comparison of winding temperature rise curves under different load torque conditions for
50% and 100% demagnetization levels.

In addition to operating conditions, operating duration is also an important factor
affecting temperature variation. As the operating time increases, heat continuously accu-
mulates inside the motor, leading to a sustained rise in winding temperature. Even when
the speed and load torque remain constant, the corresponding temperatures still differ
under different operating durations. Therefore, even at the same demagnetization severity,
the temperature response may vary with operating duration.

As shown in Figure 12, to investigate the combined effects of speed, load torque, and
operating duration on the temperature response, a three-dimensional analysis is conducted
on the winding temperature variation under the same demagnetization severity. The results
show that the winding temperature is jointly influenced by speed, torque, and operating
duration. Different operating conditions may, to some extent, amplify or mask the effect of
demagnetization faults on the temperature rise process, making the temperature signals
under different demagnetization severities difficult to distinguish. Therefore, it is necessary
to jointly model the temperature signal and operating condition variables to improve the
accuracy of demagnetization severity detection.

 
Figure 12. Three-dimensional plot of the effects of speed, load torque, and operating duration on
winding temperature.
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The three-dimensional state space constructed in this paper is based on the above joint
state representation. Specifically, during sample construction, the temperature time series,
rotational speed, and load torque corresponding to the same sample are organized into
one input group to jointly describe the motor operating state. In this way, the coupling
relationship among demagnetization severity, operating conditions, and temperature re-
sponse can be incorporated into a unified representation framework, thereby alleviating
the insufficient representation capability of temperature information alone under multiple
operating conditions.

3.2. Conditionally Modulated Multi-Scale Convolutional Neural Network

In this section, based on the input of the temperature time series, speed and load torque
are introduced as operating condition variables, and the operating condition information is
incorporated into the feature extraction process through a conditional modulation mecha-
nism. Meanwhile, multi-scale convolution and a residual structure are combined to enhance
the model’s ability to extract multi-time-scale information from the temperature sequence,
thereby constructing CMSCNN for demagnetization severity detection under multiple
operating conditions. Figure 13 shows the schematic diagram of the proposed model.

 

Figure 13. Schematic diagram of the CMSCNN.

To achieve adaptive regulation of the temperature feature extraction process by
operating-condition information, Feature-wise Linear Modulation (FiLM) is introduced
to modulate the intermediate features. Figure 14 shows a schematic diagram of the FiLM
mechanism. Let the input feature be Fi,c, where i denotes the feature position and c denotes
the channel index. The modulation process can be expressed as follows:

F̂i,c = γi,cFi,c + βi,c (22)

where γi,c and βi,c denote the modulation coefficients generated from the conditional
information, respectively.

Figure 14. Schematic diagram of the FiLM mechanism.
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This mechanism maps speed and load torque into modulation parameters, enabling
the temperature features to be adaptively adjusted according to the operating conditions. By
regulating the channel response intensity, it suppresses feature shifts caused by operating
condition variations and highlights demagnetization features that remain consistent under
different operating conditions.

Considering that the temperature time series exhibits multi-time-scale characteristics,
a multi-scale convolution structure is adopted in this paper for feature extraction. As
shown in Figure 15, this structure processes the input sequence through multiple parallel
convolution branches with convolution kernels of different sizes, so as to extract feature
information from different receptive field ranges. Smaller convolution kernels focus on local
fluctuations and fine-grained variations, whereas larger convolution kernels emphasize the
overall variation trend. By fusing the responses of multi-scale convolutions, the model’s
capability to extract complex temporal features can be enhanced, thereby improving the
performance of demagnetization severity detection.

 

Figure 15. Schematic diagram of multi-scale convolution.

To alleviate problems such as gradient vanishing and network degradation that may
arise during the training of deep networks, a residual structure is further introduced in this
paper, as shown in Figure 16. The residual block consists of two convolutional layers, batch
normalization (BN) layers, and activation layers. The computation process of the residual
block can be expressed as follows:

H(x) = F(x) + x (23)

where x denotes the input to the residual block, and H(x) represents the desired output function.

 

Figure 16. Schematic diagram of the residual structure.
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In terms of network parameter settings, the model takes the temperature time series
as the primary input, while speed and load torque are used as conditional inputs. The net-
work uses convolutional layers to extract temporal features, with conditional information
incorporated for feature modulation. The detailed network parameters are listed in Table 2.

Table 2. Network parameter settings.

Parameter Name Parameter Setting Parameter Name Parameter Setting

Input sequence length 3500 Number of channels 16
Conditional

input dimension 2 FiLM hidden-
layer dimension 32

Number of
multi-scale branches 3 Residual kernel size 3

Convolution kernel size 3, 5, 7 Pooling type Average pooling

During model training, the sample set is divided into the training set, validation set,
and test set according to a specified ratio. The Adam optimizer is employed for training,
and parameter updates are performed in conjunction with a learning rate decay strategy.
The cross-entropy loss function is adopted as the objective function, and the optimal
parameters are selected based on the performance on the validation set. The specific
training parameters are listed in Table 3.

Table 3. Model training parameter settings.

Parameter Name Parameter Setting Parameter Name Parameter Setting

Dataset split 8:1:1 Initial learning rate 0.001
Batch size 16 Weight decay coefficient 1 × 10−4

Epoch 60 Learning rate
decay strategy StepLR

Optimizer Adam Step size 20
Loss function Cross-Entropy loss Decay factor 0.5

3.3. Local Demagnetization Severity Detection

After model training is completed, the test set is used to evaluate the demagnetization
severity detection performance of the proposed CMSCNN. The prediction accuracies for
samples with different demagnetization severities are listed in Table 4. As shown in Table 4,
the detection accuracies for all four groups of demagnetization severity samples remain
above 97%, with an average detection accuracy of 98.06%, indicating that the proposed
CMSCNN can accurately identify different demagnetization severities.

Table 4. Demagnetization severity detection accuracy on the test set.

Group 1 Group 2 Group 3 Group 4

Accuracy 97.35% 98.74% 98.52% 97.61%

To validate the effectiveness of the proposed method, baseline CNN, support vector
machine (SVM), and long short-term memory (LSTM) were selected as comparative meth-
ods. All models used the same input data, with each sample jointly constructed from the
temperature time series, rotational speed, and load torque, as follows:

(1) CMSCNN: By introducing multi-scale convolution, conditional modulation, and resid-
ual modules, feature extraction capability and classification discrimination ability
are enhanced.

(2) Baseline CNN: A basic Convolutional Neural Network architecture is adopted to
perform feature learning and classification tasks.
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(3) Long short-term memory (LSTM): This is a typical deep learning method for time-series
analysis, which performs classification by utilizing sequence modeling capability.

(4) Support vector machine (SVM): This is a traditional machine learning classification method,
which performs category discrimination by constructing classification boundaries.

According to the detection results in Table 5, the proposed CMSCNN achieved the
highest detection accuracy, while the baseline CNN achieved the second-highest accuracy
among all comparative methods. Therefore, to further analyze the classification perfor-
mance of different models, the proposed CMSCNN and the baseline CNN were selected
for comparison.

Table 5. Average demagnetization severity detection accuracy of different methods.

Method Average Detection Accuracy

CMSCNN 98.06%
Baseline CNN 91.35%

LSTM 89.32%
SVM 87.96%

As shown by the confusion matrices in Figure 17, the proposed CMSCNN model
outperforms the baseline CNN model in terms of overall classification accuracy. In the
confusion matrix of the baseline CNN model, a certain degree of misclassification can be
observed among different demagnetization severity categories, especially between adjacent
demagnetization levels. By contrast, the recognition results of the proposed CMSCNN
model are more concentrated for each demagnetization category, and the diagonal ele-
ments are more prominent, indicating that its classification performance is more accurate
and stable.

  
(a) (b) 

Figure 17. Confusion matrices: (a) CMSCNN model; (b) baseline CNN model.

Further analysis based on the t-SNE visualization results, as shown in Figure 18, indi-
cates that the baseline CNN model exhibits relatively scattered intra-class distributions and
small inter-class distances. In contrast, the features extracted by the proposed CMSCNN
model are more compactly distributed and show higher inter-class separability.
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(a) (b) 

Figure 18. t-SNE visualization results: (a) CMSCNN model; (b) baseline CNN model.

The results indicate that the proposed CMSCNN has advantages over the baseline
CNN in both feature extraction and classification discrimination. The multi-scale con-
volution can extract demagnetization-related features from the temperature sequence
at different temporal scales. By incorporating operating-condition information such as
rotational speed and load torque, the conditional modulation mechanism enables the net-
work to learn demagnetization features that remain consistent under different operating
conditions. Meanwhile, the residual structure helps alleviate the gradient degradation
problem during the training of deep networks, thereby improving the model’s capability
for demagnetization severity detection.

To evaluate the detection robustness of the proposed method under noise interference,
Gaussian white noise with signal-to-noise ratios of 20 dB, 10 dB, and 5 dB is added to
the test set, respectively, and the trained model is then used to perform demagnetization
severity detection. The results are listed in Table 6. It can be observed that, although the
detection accuracies of both methods decrease as the signal-to-noise ratio declines, the
proposed CMSCNN model still achieves a detection accuracy of 92.07% even under strong
noise interference at 5 dB. This result indicates that the proposed method can suppress the
influence of noise on temperature feature extraction and thus exhibits good robustness.

Table 6. Demagnetization severity detection accuracy under different signal-to-noise ratio conditions.

Method Clean SNR = 20 dB SNR = 10 dB SNR = 5 dB

CMSCNN 98.06% 97.53% 95.64% 92.07%
Baseline CNN 91.35% 90.34% 87.36% 84.75%

4. Experimental Results and Analysis
To verify the effectiveness of the proposed method, two prototype motors were fab-

ricated, in which M1 was a healthy motor and M2 was a motor with 50% local demag-
netization. As shown in Figure 19, unsaturated magnetization was implemented using
a magnetizing machine during the fabrication of the faulty prototype. To equivalently
simulate 50% demagnetization in a single magnetic pole, the three columnar segments
of the permanent magnet in that pole were set to different magnetization levels. This
magnetization strategy was intended to avoid simplifying the fault as whole-pole demag-
netization, thereby enabling the faulty prototype to reflect the spatial asymmetry effect
caused by demagnetization. As shown in Figure 20, in terms of temperature measurement,
a PT100 temperature sensor (Heraeus, Hanau, Germany) is used to measure the stator
winding temperature, and the temperature signal is acquired and stored by a TP9000 multi-
channel data logger (Shenzhen Toprie Electronics Co., Ltd., Shenzhen, China), thereby
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obtaining the temperature time series during the actual motor operation. The PT100 tem-
perature sensor is a platinum resistance temperature sensor, with a resistance of 100 Ω
at 0 ◦C, and its resistance changes with temperature in a relatively stable and regular
manner. It has the advantages of high measurement accuracy, good stability, and strong
anti-interference capability. Table 7 presents the parameters of 12 slots, 10 poles permanent
magnet synchronous motors.

  
(a) (b) 

Figure 19. (a) Location of the demagnetized permanent magnet; (b) schematic diagram of partitioned
magnetization of the magnetic pole.

  
(a) (b) 

Figure 20. (a) Location of the temperature sensor; (b) experimental prototype.

Table 7. Parameters of the 12-Slot, 10-Pole PMSM.

Parameter Value Parameter Value

Axial length/mm 125 Stator inner diameter/mm 39
Rotor outer diameter/mm 34 Air gap length/mm 2

Slot number 12 Pole number 10
Phase number 3 Parallel branch number 2

Permanent magnet material N48UH Winding turns 54

The experimental platform for demagnetization fault diagnosis of the permanent mag-
net synchronous motor mainly includes temperature recorder, oscilloscope, host computer,
core controller, inverter board, experimental prototype, load control device S120 (Siemens
AG, Munich, Germany), and dynamometer. The host computer is used for control program
downloading, parameter setting, and experimental process monitoring. The core controller
consists of DSP and FPGA, where DSP is responsible for the real-time execution of control
algorithms such as current loop and speed loop, while FPGA is responsible for high-speed
logic control and timing management. Both the sampling frequency and the switching
frequency of the control system are 10 kHz. The inverter is used to drive the experimental
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prototype. The experimental prototype is connected to the dynamometer, and the load
control device cooperates with the dynamometer to achieve precise adjustment of load
torque under different operating conditions. The temperature signal is acquired and stored
by the TP9000 multi-channel data recorder. Figure 21 shows the experimental platform.

 

Figure 21. Experimental platform.

Temperature acquisition experiments are conducted on the demagnetized prototype
under different combinations of speed and load torque. The specific operating conditions
for data acquisition are listed in Table 8. Figure 22 shows the waveforms under different
speeds and the electrical signals under different load torque conditions.

Table 8. Motor operating condition acquisition table.

No. Speed (r/min) Torque (N·m)

1 500 4
2 500 6
3 800 4
4 800 6
5 1000 4
6 1000 6

The winding-end temperature variation curves over time are collected under different
speed and load torque conditions, and the experimental results are shown in Figure 23.
It can be observed from the figure that the temperature evolution over time varies under
different operating conditions. As the speed increases or the load torque rises, the winding
temperature increases more rapidly and reaches higher values accordingly. These phenom-
ena indicate that variations in operating conditions alter the distribution of electromagnetic
losses and the rate of heat accumulation inside the motor, thereby affecting the temperature
response characteristics of the windings. This experimental result is consistent with the
foregoing theoretical analysis based on electromagnetic–thermal coupling, and it verifies
the influence of operating conditions on the temperature variation process.

Based on CMSCNN proposed in this paper, demagnetization severity detection is
performed on the measured data collected from the faulty prototype. Table 9 presents the
detection results of demagnetization severity based on the measured temperature signals
under six groups of operating conditions. The statistical metric is defined as the proportion
of test samples that are classified by the model as having a demagnetization severity of 50%.
As shown in Table 9, under different combinations of speed and load torque, the detection
accuracy remains above 92%, with an average detection accuracy of 93.34%. These results
indicate that the model is still able to maintain stable output when the operating conditions
vary. This further demonstrates that, by jointly modeling operating-condition information
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and temperature signals, the disturbance caused by operating-condition variations to the
temperature response is mitigated, allowing the model to learn demagnetization severity
discrimination features that are invariant to operating conditions. The above results verify
the effectiveness of the proposed method when applied to measured temperature signals.

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 22. Experimental waveforms under different combinations of speeds and load torques:
(a) 500 r/min, 4 N·m; (b) 500 r/min, 6 N·m; (c) 800 r/min, 4 N·m; (d) 800 r/min, 6 N·m;
(e) 1000 r/min, 4 N·m; and (f) 1000 r/min, 6 N·m.
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 23. Winding temperature rise curves under different combinations of speeds and load torques:
(a) 500 r/min, 4 N·m; (b) 500 r/min, 6 N·m; (c) 800 r/min, 4 N·m; (d) 800 r/min, 6 N·m; (e) 1000 r/min,
4 N·m; and (f) 1000 r/min, 6 N·m.

Table 9. Demagnetization severity detection accuracy.

Group 1 Group 2 Group 3 Group 4 Group 5 Group 6

Accuracy 92.67% 92.83% 94.52% 92.36% 93.15% 94.53%
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5. Conclusions
This paper proposes a local demagnetization severity detection method for perma-

nent magnet synchronous motors based on temperature signal and Convolutional Neural
Network. First, the differences between local demagnetization and eccentricity fault in
stator current harmonics are analyzed from an electromagnetic perspective, and fast Fourier
transform (FFT) is used for frequency-domain analysis of the stator current to identify
demagnetization faults. Second, an electromagnetic-thermal coupling model is established
to obtain the winding temperature response under different demagnetization severities and
operating conditions, while taking motor losses and heat dissipation boundary conditions
into account. Further analysis based on electromagnetic torque and loss mechanisms shows
that, after demagnetization occurs, the motor needs to increase the stator current in order
to maintain the required output torque, which in turn leads to increased copper loss and ac-
celerates the winding temperature rise process, thereby revealing the intrinsic relationship
between temperature response and demagnetization severity. On this basis, the tempera-
ture time series, speed, and load torque are jointly constructed into a three-dimensional
state space, and CMSCNN is employed to establish the mapping relationship between the
three-dimensional state space and demagnetization severity. Experimental results show
that the proposed method can maintain high demagnetization severity detection accuracy
under multiple operating conditions, thereby verifying its effectiveness.
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