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Flux Linkage Tracking-Based Permanent Magnet
Temperature Hybrid Modeling and Estimation

for PMSMs With Data-Driven-Based
Core Loss Compensation
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and Guodong Feng , Senior Member, IEEE

Abstract—For permanent magnet synchronous machine
(PMSM) drive, accurate magnet temperature is critical. The
popular model-based magnet temperature estimation can be
affected by core loss effect especially in the high-speed conditions.
This article proposes a novel hybrid approach for accurate magnet
temperature modeling and estimation, in which the estimation
model is established by tracking the flux linkage variation, while
the data-driven-based model is proposed to compensate the core
loss effect. Specifically, the flux linkages in the rotating frame
are projected into a new frame to derive the estimation model
establishing the relationship between flux linkage variation and
magnet temperature, in which the inverter distortion effect is
canceled to improve the model accuracy. Based on this estimation
model, the core loss effect is modeled, which indicates that the
core loss influence is highly nonlinear and dependent on operating
conditions. Hence, a radial basis function-based network is
employed to model and compensate the core loss effect, and
the network training is derived from the proposed model. The
proposed hybrid approach can effectively improve the estimation
performance especially at the high-speed conditions. Extensive
experiments and comparisons are conducted on a laboratory
interior PMSM drive to evaluate the proposed approach under
various operating conditions.

Index Terms—Core loss compensation, data-driven-based
model, flux linkage variation, magnet temperature estimation,
permanent magnet synchronous machine (PMSM).
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I. INTRODUCTION

IN PERMANENT magnet synchronous machine (PMSM)
drives, the temperature of magnet is a crucial parameter for

high-performance control and condition monitoring [1], [2], [3],
[4], [5]. The magnet flux linkage decreases as the temperature
of magnet increases. Therefore, accurate magnet temperature
can be used to compensate the flux linkage reduction due to
temperature rise for high precision torque control. The magnet
temperature can also be utilized to monitor the health status of
permanent magnet in the rotor, preventing excessive overheating
and avoiding damage to the magnet and machine. Hence, this
article investigates accurate modeling and estimation of magnet
temperature for high performance control of PMSMs.

Magnet temperature estimation has been widely studied in
the literature. Generally, there are mainly two approaches to
estimate magnet temperature. One is based on the thermal net-
work analysis and the other is based on tracking the temperature-
dependent parameter variation, such as the magnet flux linkage.
The thermal network-based approach models the heat flow in
the machine, enabling the calculation of the temperature for any
part of the machine. For instance, in [6], [7], [8], [9], and [10],
the lumped parameter thermal network (LPTN) is proposed for
the PMSM to estimate the magnet temperature. This approach
either requires geometric information or accurate loss data in
order to train the network and calculate the temperature of the
motor parts, which inevitably limits its applicability in certain
practical applications.

The parameter variation-based approach belongs to the ma-
chine model-based approaches, which rely on the machine
model to build an estimation model for tracking the varia-
tion of parameters and estimating magnet temperature. Both
high-frequency (HF) and fundamental models are explored for
this purpose. In the HF model-based approach, an HF signal
is injected into the machine to induce an HF response, from
which temperature-dependent parameters can be extracted. For
instance, HF currents are injected in [11], [12], and [13], and
HF voltages are injected in [14], [15], and [16] to extract the
HF resistance for magnet temperature estimation. In [17] and
[18], the HF inductance is explored for magnet temperature
estimation, and speed harmonics are also extracted to track the
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variation of the magnet flux linkage for temperature estimation
purpose [19]. The HF model-based approaches can effectively
reduce the influence from the fundamental components and
thus achieve improved performance under low speed conditions.
However, injecting an HF signal consumes inverter voltage,
thereby affecting the maximum achievable speed. In addition,
it introduces HF noise and extra losses that are unsuitable for
certain applications. In fundamental model-based approach, the
flux linkage tracking model is derived from the machine model
to estimate magnet temperature. For instance, the magnet tem-
perature is estimated from the PWM measurements using the
fundamental model in [20] and [21]. The variation of rotor flux
linkage with respect to the injected position offset is presented
in [22]. Moreover, the variation of inductance is considered in
the fundamental model for magnet temperature estimation [23].
To improve the estimation performance, various strategies are
proposed to deal with the magnetic saturation and inverter
distortion. For instance, the position offset is added in [24]
to compensate the inverter distortion and nonlinear saturation
model is employed in [25], [26], and [27] to compensate the
magnetic saturation. The fundamental model-based approach is
noninvasive and can estimate the temperature using available
measurements, making it applicable in most scenarios.

The accuracy of the machine model deteriorates under high-
speed conditions due to the core loss effect, which is because the
core loss becomes comparable in magnitude to the copper loss
and cannot be neglected [28], [29], [30], [31], [32]. However,
existing approaches have not considered the core loss effect,
and thus their performance will deteriorate under high-speed
conditions. Therefore, it is critical to consider the core loss effect
to improve estimation accuracy under high-speed conditions.
The core loss effect is highly nonlinear and dependent on both
load conditions and motor speeds. The widely used core loss
model introduces the core loss resistance into the machine
model, which has been employed for high performance control
including maximum efficiency control in [33]. However, it is
challenging to obtain accurate core loss resistance due to the
highly nonlinear behavior. Hence, directly extending the existing
core loss model to temperature estimation will complicate the
model and implementation. On the other hand, the data-driven
approach brings the machine learning techniques into tempera-
ture estimation, which can eliminate the need of precise machine
models [34]. This inspires us to develop the data-driven model
to compensate the core loss effect for estimation performance
improvement.

This article proposes a novel hybrid approach combining both
the fundamental model and the data-driven based model for
accurate magnet temperature estimation. To cancel the inverter
distortion effect, the flux linkages in the fundamental model
are projected into a new frame to establish the relationship
between the flux linkages and magnet temperature. Considering
the effect of core loss introduces nonlinear distortions to the
original fundamental model, and compensating for the model
offsets due to core loss is necessary. To achieve this, a radial
basis function (RBF)-based network is employed. As the core
loss induced offsets are complex and nonlinear, their models
are derived from the proposed estimation model to obtain the

Fig. 1. PMSM equivalent circuit model considering the core loss and inverter
nonlinearity.

required data for training the network. The major contributions
include deriving an estimation model that takes into account core
loss and eliminates the effects of winding resistance variation
and inverter distortion for temperature estimation; developing a
data-driven model based on RBF network to compensate the
core loss effect. With core loss compensation, the proposed
approach can effectively improve estimation performance espe-
cially under the high-speed conditions, which are validated with
extensive experiments and comparisons on a laboratory interior
PMSM drive.

II. PM TEMPERATURE ESTIMATION MODEL USING VIRTUAL

FLUX WITH CORE LOSS AWARENESS

This section first presents permanent magnet temperature
hybrid modeling and estimation based on virtual flux linkage
tracking and core loss compensation, then discusses the effect
of inductance variation and time delay on the temperature esti-
mation.

A. Hybrid Modeling and Estimation

For PMSM, the equivalent circuit model considering the core
loss and voltage source inverter (VSI) nonlinearity is presented
in Fig. 1. The equivalent core loss resistance Rc depends on the
speed and dq-axis currents. The core loss is significant when the
rotor speed is close to or higher than the rated speed. Based on
the circuit model, the fundamental steady-state machine equa-
tions can be expressed as{

vd = Rid − ωFq +DdVdead

vq = Riq + ωFd +DqVdead
(1)

with {
Fd = Ld(id − id,c) + Ldq(iq − iq,c) + λT

Fq = Lq(iq − iq,c) + Ldq(id − id,c)
(2)

where id/q, vd/q, and Fd/q are the d/q-axis current, voltage, flux
linkage; R is the stator winding resistance; ω is the rotor speed;
Ld/q is the d/q-axis self-saturation inductance, Ldq is the dq-axis
cross-saturation inductance; id/q,c is the core loss current; λT is
the PM flux linkage that is a function of the PM temperature;
Vdead is the inverter distortion voltage caused by the dead-time
effect, Dd/q is the nonlinear distorted coefficient depending on
the current angle γ and rotor position θ{

Dd = 2 sin(θ − int{3(θ + γ + π/6)/π} × π/3)
Dq = 2 cos(θ − int{3(θ + γ + π/6)/π} × π/3)

(3)
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Fig. 2. Diagram of reference frame transformation. (a) Virtual dq-axis.
(b) Projected voltage on the virtual d-axis.

where int{x} is a function of taking the nearest integer of x.
Since Dd/q changes periodically with respect to the rotor

position, which is generally unavailable, the short-term average
value of Dd/q is utilized to eliminate the effect of the rotor
position. Consequently, (1) and (2) can be rewritten as{

Vd = RId − ωFq + D̄dVdead

Vq = RIq + ωFd + D̄qVdead
(4)

with {
Fd = Ld(Id − Id,c) + Ldq(Iq − Iq,c) + λT

Fq = Lq(Iq − Iq,c) + Ldq(Id − Id,c)
(5)

where Vd/q, Id/q, Id/q,c, and D̄d/q are the average values of vd/q,
id/q, id/q,c, and Dd/q over multiple electrical cycles, respectively.
By calculating the definite integral of (3) with respect to θ in an
electrical cycle, it can be derived that{

D̄d = −6 [cos(π/6− γ)− cos(π/6 + γ)] /π
D̄q = 6 [sin(π/6− γ) + sin(π/6 + γ)] /π.

(6)

The values of D̄d and D̄q vary with the current angle γ, but
are independent of the rotor position θ. In addition, the dq-axis
currents and core loss currents can be expressed in the form of
amplitude and phase angle

Id = − Is sin γ, Iq = Is cos γ

Id,c = − Is,c sinα, Iq,c = Is,c cosα (7)

where Is and Is,c are the amplitudes of stator current and core
loss current, respectively, α is the core loss angle. From Fig. 1,
we have Id,c/Iq,c = −Fq/Fd. Therefore, α is determined by
arctan(Fq/Fd), which depends on the dq-axis flux linkages.

Consider the virtual dq-axis, which is obtained by rotating
the actual dq-axis counterclockwise by the angle γ, as shown in
Fig. 2(a). The virtual d-axis is at 90◦ from the stator current
vector. It can be observed from Fig. 2(b) that the projected
voltage on the virtual d-axis is Vq sin γ + Vd cos γ. Multiplying
the two equations in (4) by cos γ and sin γ, respectively, leads
to {

Vd cos γ = RId cos γ − ωFq cos γ + D̄d cos γVdead

Vq sin γ = RIq sin γ + ωFd sin γ + D̄q sin γVdead.
(8)

Since the stator current vector is perpendicular to the virtual
d-axis, we can derive the virtual voltage based on (7) and (8)

Vq sin γ + Vd cos γ = R(−Is sin γ cos γ + Is cos γ sin γ)

Fig. 3. Values of D̄d, D̄q, and ε = (D̄q sin γ + D̄d cos γ).

+ ω(Fd sin γ − Fq cos γ) + εVdead

= ω(Fd sin γ − Fq cos γ) + εVdead (9)

where

ε = D̄q sin γ + D̄d cos γ. (10)

From (9), the effect of the stator resistance on the virtual d-axis
is eliminated. Moreover, substituting (6) into (10), we have

ε = 6/π [sin(π/6− γ) sin γ + sin(π/6 + γ) sin γ] +

− 6/π [cos(π/6− γ) cos γ − cos(π/6 + γ) cos γ]

= 0. (11)

It can be seen that by combining nonlinear coefficients D̄d and
D̄q, the constant term ε = 0 can be obtained. Fig. 3 shows the
numerical results of D̄d, D̄q, and ε, which further demonstrates
the advantage of the virtual d-axis in eliminating nonlinear
effects of the inverter. Then, (9) can be simplified as

Vq sin γ + Vd cos γ = ωFv (12)

whereFv = Fd sin γ − Fq cos γ, which is the virtual flux linkage
after projection.

Remark 1: The benefits of constructing virtual axis are
twofold. On the one hand, the virtual d-axis voltage is inde-
pendent of the winding resistance R, and the effect of resistance
variation induced by the winding temperature can be eliminated.
On the other hand, the terms D̄d, D̄q, and Vdead associated
with the inverter distortion effect can be eliminated to improve
the accuracy and computational efficiency of PM temperature
estimation. Indeed, both of the effects of stator resistance and
inverter distortion are in phase with the stator current, and
perpendicular to the virtual d-axis, thus they are independent
of projection components on the virtual d-axis.

Based on (5) and (7), the virtual flux linkage Fv can be
expressed as

Fv = Fd sin γ − Fq cos γ

= λT sin γ − Is
(
Ld sin

2 γ + Lq cos
2 γ − Ldq sin 2γ

)
+ Is,c(Ld sinα sin γ + Lq cosα cos γ − Ldq sin(α+ γ))

(13)

where the first term is associated with the PM flux linkage, which
varies with the PM temperature; the second is the inductance-
dependent term that is affected by magnetic saturation and cross
coupling; the third term depends on complex core loss effect.
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As mentioned previously, the equivalent core loss resistance Rc

varies with both the speed and the stator current, especially under
high-speed operating conditions. From Fig. 1, it is observed that
the voltage on Rc depends on the speed, the currents and the
inductances, in which all the inductances including Ld, Lq, and
Ldq can be modeled by the stator current. Thus, the core loss
current can be represented as unknown functions of the speed
and current, that is, Is,c = gI(ω, Is, γ), α = gα(ω, Is, γ).

Consider the virtual flux linkage at the following two PM
temperatures.

1) At time t, the PM temperature is Tt, the PM flux linkage
is λt

T, the motor speed is ωt, the current magnitude and
angle are Is,t and γt, respectively, the virtual flux linkage
is denoted as F t

v and given by

F t
v =λt

T sinγt−Is,t
(
Ld sin

2γt+Lq cos
2γt−Ldq sin2γt

)
+ Its,c(Ldsinαtsin γt+Lqcosαtcos γt−Ldqsin(αt+γt))

(14)

where Its,c = gI(ωt, Is,t, γt), αt = gα(ωt, Is,t, γt).
2) At initial time t0, the PM temperature is T0, the PM

flux linkage is λ0
T, the motor speed is ω0, the virtual flux

linkage under the current condition {Is,t, γt} is denoted
as F 0

v (Is,t, γt) and given by

F 0
v (Is,t, γt)

= λ0
T sinγt−Is,t

(
Ld sin

2γt+Lq cos
2γt−Ldq sin2γt

)
+ I0s,c(Ldsinα0sin γt+Lqcosα0cos γt−Ldqsin(α0+γt))

(15)

where I0s,c = gI(ω0, Is,t, γt), α0 = gα(ω0, Is,t, γt).
The difference between F t

v and F 0
v (Is,t, γt) is

F t
v − F 0

v (Is,t, γt) = Δλt
T sin γt +ΔF t

v,c (16)

where Δλt
T is the flux variation induced by PM temperature

Δλt
T = λt

T − λ0
T (17)

and ΔF t
v,c is the flux variation induced by core loss

ΔF t
v,c=Its,c(Ldsinαtsinγt+Lqcosαtcosγt−Ldqsin(αt+γt))

− I0s,c(Ldsinα0sin γt+Lqcosα0cos γt−Ldqsin(α0+γt)).
(18)

Using (16), we have

Δλt
T =

(
F t

v − F 0
v (Is,t, γt)−ΔF t

v,c

)
/ sin γt. (19)

Following the studies in [25], [35], the linear thermal model of
the PM flux linkage can be expressed as

λt
T = λ0

T(1 + β(Tt − T0)) (20)

where β is the thermal coefficient, and its value is about
−0.12%/ ◦C for the magnet made of the NdFeB material. From
(17), (19), and (20), the hybrid PM temperature estimation model
is given by

Tt = T0 +Δλt
T/
(
βλ0

T

)
= T0 +

(
F t

v − F 0
v (Is,t, γt)−ΔF t

v,c

)
/
(
βλ0

T sin γt
)
. (21)

In (21), F t
v can be online calculated from the collected Vd,t,

Vq,t, ωt, Is,t, and γt at time t by using (12)

F t
v = (Vq,t sin γt + Vd,t cos γt)/ωt. (22)

F 0
v (Is,t, γt) is the reference flux at the given current {Is,t, γt}

under the condition of initial ω0 and T0. In order to obtain the
value of F 0

v (Is,t, γt), the F 0
v map with respect to arbitrary Is

and γ needs to be built in advance. This can be achieved by a
data-driven method using the offline experimental data at the
speed of ω0 and the PM temperature of T0, such as at the room
temperature. The details are presented in the next section. In
addition, ΔF t

v,c is the term of core loss compensation presented
in (18). As can be seen that ΔF t

v,c depends on Its,c, I0s,c, αt, α0,
Ld,Lq, andLdq, which are functions ofωt,ω0, Is,t, and γt. Thus,
ΔF t

v,c can be denoted as

ΔF t
v,c = G(Is,t, γt,Δωt) (23)

where G(·) represents a function, Δωt = ωt − ω0, ω0 can be
regarded as the reference speed. To obtain the value of ΔF t

v,c,
the core loss compensation modelΔFv,c = G(Is, γ,Δω) should
be built, which is also achieved by a data-driven method and
presented in the next section. In summary, by tracking the
variation of virtual flux linkage at {Is,t, γt} and compensating
the core loss term induced by motor speed, the PM temperature
Tt can be estimated using (21).

Remark 2: The hybrid estimation model (21) consists of the
flux linkage variation-dependent term and the data-driven core
loss compensation term. The former is obtained by tracking the
change of voltage measurements without estimating machine
parameters, which is computationally efficient and practical. The
latter can deal with the model offset caused by core loss effect,
thus improving temperature estimation accuracy.

B. Discussions

1) Effect of Inductance Variation: Based on (14) and (15),
the difference of F t

v and F 0
v (Is,t, γt) considering the inductance

variation caused by the magnet temperature can be derived as

F t
v − F 0

v (Is,t, γt) = Δλt
T sin γt +ΔF t

v,c

+ Is,t
(
ΔLd sin

2γt +ΔLq cos
2γt−ΔLdq sin2γt

)
+Its,c(ΔLdsinαtsin γt+ΔLqcosαtcos γt−ΔLdqsin(αt+γt))

(24)

where ΔLd, ΔLq, and ΔLdq are the inductance variations when
the PM temperature varies from T0 to Tt. Since the core loss
current is a small component of the stator current (i.e., Its,c �
Is,t), the last term in (24) is negligible compared to the third
term. Thus, (24) can be simplified as

F t
v − F 0

v (Is,t, γt) = Δλt
T sin γt +ΔF t

v,c

+ Is,t
(
ΔLd sin

2γt+ΔLq cos
2γt−ΔLdq sin2γt

)
. (25)

It can be observed from (16) and (25) that the difference is
adding the inductance variation term induced by the magnet
temperature.

To analyze the effect of inductance variation, an experimental
observation is conducted in Test 4, in which the speed and the
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Fig. 4. Voltage variation with respect to the PM temperature.

stator current are fixed, and the dq-axis voltages are collected at
different PM temperatures. The experimental setup is detailed in
Section IV-B. The initial reference voltages are obtained at the
PM temperature of 30.7 ◦C. Fig. 4 shows the variations of dq-axis
voltages (ΔVd and ΔVq) with respect to the PM temperature.
From (4), it can be observed that in addition to the change of
winding resistance, ΔVd is mainly affected by ΔLq, while ΔVq

is determined by ΔλT and ΔLd. As can be seen in Fig. 4, the
amplitudes of ΔVd are small, indicating that the change of Lq

is relatively small, and its effect on ΔVd may be partially offset
by the variation of winding resistance. Moreover, ΔVq varies
significantly with the PM temperature, in which ΔλT caused by
the PM temperature can be regarded as the dominant factor. The
temperature induced inductance variation is ignored in this work.
Indeed, if the relationship between inductance and temperature
is accurately modeled, the more accurate temperature estimation
model can be achieved from (25). The linear inductance variation
model has been explored in the literature [23], but more efforts
are required to improve model accuracy and usability when
the cross coupling and core loss are considered, which will be
explored in the further work.

2) Effect of Unit Sample Time Delay: For current controller-
based drive system, the execution of control algorithm and the
modulation of PWM induce a time delay of one and a half
sampling periods in the PWM output [36], [37], which leads
to the phase shift e−j(1.5Tsω) in the voltage vector, where Ts is
the sampling period. Thus, (4) can be expressed as{

V s
d = RId − ωFq + D̄s

dVdead

V s
q = RIq + ωFd + D̄s

qVdead
(26)

where V s
dq = V s

d + jV s
q and D̄s

dq = D̄s
d + jD̄s

q are the voltage
and VSI distortion vectors after phase shift in the static reference
frame, respectively

V s
dq = Vdqe

−j(1.5Tsω), D̄s
dq = D̄dqe

−j(1.5Tsω) (27)

where Vdq = Vd + jVq, D̄dq = D̄d + jD̄q. Based on (26), we
can rewrite (9) as

V s
q sin γ + V s

d cos γ = R(−Is sin γ cos γ + Is cos γ sin γ)

+ ω(Fd sin γ − Fq cos γ) + εsVdead

= ω(Fd sin γ − Fq cos γ) + εsVdead (28)

where

εs = D̄s
q sin γ + D̄s

d cos γ. (29)

It can be seen from (28) that the stator resistance R can be
eliminated, similar to the case without considering time delay
in (9). Further, based on (27), we have

D̄s
dq =

(
D̄d + jD̄q

)
e−j(1.5Tsω)

=
(
D̄d cos(1.5Tsω) + D̄q sin(1.5Tsω)

)︸ ︷︷ ︸
D̄s

d

+ j
(
D̄q cos(1.5Tsω)− D̄d sin(1.5Tsω)

)︸ ︷︷ ︸
D̄s

q

. (30)

Substituting D̄s
d and D̄s

q into (29), and then incorporating (6) into
it yields

εs = D̄q sin(γ + 1.5Tsω) + D̄d cos(γ + 1.5Tsω)

=
π

6
sin(1.5Tsω). (31)

Substituting (31) into (28), we have

V s
q sin γ + V s

d cos γ = ωFv +
π

6
sin(1.5Tsω)Vdead. (32)

From (27), V s
dq can be expressed as

V s
dq = (Vd + jVq)e

−j(1.5Tsω)

= (Vd cos(1.5Tsω) + Vq sin(1.5Tsω))︸ ︷︷ ︸
V s

d

+ j (Vq cos(1.5Tsω)− Vd sin(1.5Tsω))︸ ︷︷ ︸
V s

q

. (33)

Substituting (33) into (32) yields

Vq sin(γ + 1.5Tsω) + Vd cos(γ + 1.5Tsω)

= ωFv +
π

6
sin(1.5Tsω)Vdead. (34)

Comparing (34) with (12), it can be observed that the phase shift
angle 1.5Tsω and the inverter distortion term are introduced in
the case of considering time delay.

Based on (19), (23), and (34), the temperature-induced flux
variation considering time delay effect can be represented as

Δλ
t,s
T =(F t,s

v −F 0,s
v (Is,t,γt)−G(Is,t,γ

s
t,Δωt) + e)/ sin γt

(35)

where

F t,s
v = (Vq,t sin(γt + 1.5Tsωt) + Vd,t cos(γt + 1.5Tsωt))/ωt

F 0,s
v (Is,t, γt) = (Vq,0 sin(γt + 1.5Tsω0)

+ Vd,0 cos(γt + 1.5Tsω0))/ω0

γs
t = γt + 1.5Tsω

e =
π

6
Vdead (sin(1.5Tsω0)/ω0 − sin(1.5Tsωt)/ωt) . (36)

In practice, the phase shift angle 1.5Tsω is small. For ex-
ample, Ts = 0.5× 10−4 s in our experimental drive system,
and 1.5Tsω = 0.0188 rad at the speed of 600 rpm. Thus,
sin(1.5Tsω) ≈ 1.5Tsω using Taylor expansion. The term e



HUANG et al.: FLUX LINKAGE TRACKING-BASED PERMANENT MAGNET TEMPERATURE HYBRID MODELING AND ESTIMATION FOR PMSMS 1415

Fig. 5. Error rate caused by time delay effect in the experimental platform.

associated with inverter distortion can be expressed as e ≈
π/6Vdead(1.5Tsω0/ω0 − 1.5Tsωt/ωt) = 0. It implies that the
effect of nonlinear inverter distortion can still be basically elim-
inated even considering unit sample time delay.

It can be observed from (19) and (35) that the dominant error
of flux variation on establishing temperature estimation models
with and without considering time delay is

E = Δλ
t,s
T −Δλt

T

=
[(
F t,s

v −F 0,s
v (Is,t,γt)

)−(F t
v −F 0

v (Is,t,γt)
)]

/ sin γt. (37)

Without loss of generality, the reference speed ω0 is assumed to
be the same as the current speedωt, and thenE can be simplified
by substituting (22) and (36) into (37) as follows:

E=(Vq,t−Vq,0) (sin(γt+1.5Teωt)−sinγt) /(ωt sin γt) (38)

in which Vd,t is independent of temperature change, and the
terms depending on (Vd,t−Vd,0) can be eliminated. As discussed
previously, 1.5Tsωt is small, and thus the error E is also small.
Fig. 5 shows the error rateE/Δλ

t,s
T with the machine parameters

of our experimental platform, in which γt is fixed to 28◦. As
can be seen, the error rate increases with the increase of motor
speed, but their values remain small at different speeds, being
less than 5.54%. Ignoring the time delay effect may introduce a
relatively small error in temperature estimation. To eliminate the
influence of time delay and improve the accuracy of temperature
estimation, one should compensate the voltage output for the
PMSM with e1.5Teω in the drive system. By doing so, the
effect of both winding resistance and VSI nonlinearity can be
eliminated completely.

III. DATA-DRIVEN-BASED VIRTUAL FLUX AND CORE LOSS

COMPENSATION MODELING

This section presents the modeling of the reference virtual flux
F 0

v and the core loss induced flux compensation ΔFv,c. Due to
the high nonlinearity and complexity of motor system caused by
magnetic saturation, core loss, etc., it is limited to describe F 0

v
and ΔFv,c with mechanism models. In this work, a data-driven
method based on RBF neural network is explored to model them.

A. Virtual Flux F 0
v Modeling

At PM temperature T0, λ0
T is a constant. For a fixed λ0

T
and ω0, F 0

v varies with the current {Is, γ} due to magnetic
saturation. The graphical representation of F 0

v (Is, γ) based on

Fig. 6. Graphical models of F 0
v and ΔFv,c based on RBF networks. (a) F 0

v .
(b) ΔFv,c.

an RBF network is presented in Fig. 6(a). In the hidden layer, K
Gaussian functions with different centers are adopted to measure
the approximation between the input and each center. These
approximate measures are then weighted and summed to output
F 0

v , that is

F 0
v (Is, γ) =

K∑
j=1

wjφj

(
[Is, γ]

T
)

(39)

with

φj

(
[Is, γ]

T
)
= exp

(
− (Is − Is,j)

2 + (γ − γj)
2

2σ2
j

)
(40)

where wj is the jth weight coefficient, (Is,j , γj) is the center
of φj(·), σj is the scale parameter, and in general, σj = σ for
j = 1, 2 · · · ,K. In other words, all Gaussian functions have
the same scale parameter σ, which can be regarded as a tuning
parameter in the algorithm. It should be noted that the model
(39) can provide strong self-learning ability for nonlinear ap-
proximation, which is able to describe the nonlinear variation
caused by magnetic saturation.

The key of modeling F 0
v is to estimate the RBF centers

{Is,j , γj}Kj=1 and the weight coefficients {wj}Kj=1. For this
purpose, an offline experimental test can be conducted. The
motor speed is fixed to ω0, and the PM temperature is at room
temperature T0. The dq-axis voltages {V 0

d,i}Ni=1 and {V 0
q,i}Ni=1

are collected under N different current conditions {Is,i, γi}Ni=1.
Since the PM temperature varies slowly with time and the
data collection is completed in a short period of time, the PM
temperature is considered to remain unchanged at T0 in the test.
Based on (12), we have

F 0
v (Is,i, γi) =

(
V 0

q,i sin γi + V 0
d,i cos γi

)
/ω0. (41)

Then, the training data including the inputs {Is,i, γi}Ni=1 and
the outputs {F 0

v (Is,i, γi)}Ni=1 can be constructed for parameter
estimation of the RBF network. In this work, K-means and
recursive least squares algorithms are adopted for RBF center
and weight coefficient estimation, respectively, which can be
implemented using MATLAB neural network toolbox. During
the training process, the size of the hidden layer (K) is increased
until the network expectation error is satisfied. For the experi-
mental studies presented in Section IV,K is about 20 with given
the expected error of 10−6. In fact, the estimated results are less
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sensitive to K, and a reasonable value of K can be specified if
the training is implemented in an industrial controller.

B. Core Loss Compensation ΔFv,c Modeling

As discussed in (23), the core loss induced compensation term
ΔFv,c is a function of Is, γ and Δω. Such a function is unknown
and complex due to the couple effects of magnetic saturation
and core loss. Similar to the aforementioned F 0

v , RBF network-
based data-driven method is utilized to model ΔFv,c. As shown
in Fig. 6(b), ΔFv,c can be represented by

ΔFv,c = G(Is, γ,Δω) =
L∑

j=1

vjϕj

(
[Is, γ,Δω]T

)
(42)

with

ϕj

(
[Is, γ,Δω]T

)
= exp

(
− (Is − Is,j)

2 + (γ − γj)
2 + (Δω −Δωj)

2

2ς2j

)
(43)

where vj is the jth weight coefficient, (Is,j , γj ,Δωj) is the
center of ϕj(·) and ςj is the scale parameter that can be tuned.

Next consider the training data for obtaining the estimation of
{Is,j , γj ,Δωj}Lj=1 and {vj}Lj=1. Assume that the PM temper-
ature is maintained at T0. For the motor speeds ωk and ω0, the
corresponding virtual flux linkages F k

v (Is,i, γi) and F 0
v (Is,i, γi)

can be obtained from (13)

F k
v (Is,i,γi)=λ0

T sin γi−Is,i(Ldsin
2γi+Lqcos

2γi−Ldqsin2γi)

+Ik,is,c (Ldsinα
k
i sin γi+Lqcosα

k
i cos γk−Ldqsin(α

k
i +γi))

F 0
v (Is,i,γi)=λ0

T sin γi−Is,i(Ldsin
2γi+Lqcos

2γi−Ldqsin2γi)

+I0,is,c (Ldsinα
0
i sin γi+Lqcosα

0
i cos γi−Ldqsin(α

0
i +γi)).

(44)

Subtracting the second equation from the first equation in (44)
leads to

F k
v (Is,i, γi)− F 0

v (Is,i, γi)

= Ik,is,c (Ldsinα
k
i sin γi+Lqcosα

k
i cos γk−Ldqsin(α

k
i +γi))

− I0,is,c (Ldsinα
0
i sin γi+Lqcosα

0
i cos γi−Ldqsin(α

0
i +γi))

= ΔF k
v,c(Is,i, γi). (45)

In other words, (45) is equivalent to (18). Hence, the model of
ΔF k

v,c(Is,i, γi) can be built from theF k
v (Is,i, γi) andF 0

v (Is,i, γi).
From (12), F k

v,c(Is,i, γi) can be calculated by the measured
voltages V k

d,i and V k
q,i

F k
v,c(Is,i, γi) =

(
V k

q,i sin γi + V k
d,i cos γi

)
/ωk. (46)

Based on (45), (46), and (41), we have

ΔF k
v,c(Is,i, γi) =

(
V k

q,i sin γk + V k
d,i cos γi

)
/ωk

− (V 0
q,i sin γi + V 0

d,i cos γi
)
/ω0. (47)

Fig. 7. Flowchart of the proposed PM temperature estimation.

Thus, {ΔF k
v,c(Is,i, γi)}Ni=1 can be collected under different cur-

rent conditions {Is,i, γi}Ni=1 at the speed of ωk, and the corre-
sponding Δωk = ωk − ω0 is obtained. After data acquisition at
multiple speeds {ωk}Mk=1, the inputs {{Is,i, γi,Δωk}Ni=1}Mk=1

and outputs {{ΔF k
v,c(Is,i, γi)}Ni=1}Mk=1 can be constructed

for RBF network training to estimate the RBF centers
{Is,j , γj ,Δωj}Lj=1 and the weight coefficients {vj}Lj=1. Note
that the experimental test for each speed should be conducted
in a short period of time to ensure that the variation of PM
temperature is negligible, and the PM temperature is kept at the
room temperature T0. This is the basis of core loss compen-
sation modeling. The RBF network training is achieved using
MATLAB neural network toolbox, in which the size of the hid-
den layer (L) is determined automatically based on the expected
error of the network. At this point, the compensation model (42)
is established.

The flowchart of the proposed PM temperature estimation is
summarized in Fig. 7. An offline test is conducted to build the vir-
tual flux model F 0

v (Is, γ) and the compensation model ΔFv,c =
G(Is, γ,Δω) using the RBF neural networks. Further, at time t,
the real-time data Is,t, γt, Vd,t, Vq,t, and ωt is collected to calcu-
late the virtual flux F t

v , the reference flux F 0
v (Is,t, γt), and the

core loss induced flux compensation ΔF t
v,c = G(Is,t, γt,Δωt).

Then, the PM temperature Tt at time t can be estimated
using (21).

IV. EXPERIMENTAL INVESTIGATIONS

The proposed approach is applied to a laboratory interior
PMSM drive system, as shown in Fig. 8. The PMSM is driven
by an insulated gate bipolar transistor-based inverter with the
switching frequency of 10 KHz in double update mode. More-
over, it is controlled by a programmable MT1050 controller
equipped with ARM Cortex-A9 CPU and 2 GB DDR3 SDRAM.
The detailed machine parameters are listed in Table I. The
torque/current and speed controls are adopted for the PMSM and
dyno motor, respectively. Moreover, the measured PM temper-
ature is collected by a thermal imager to evaluate the estimation
accuracy of the proposed method.
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Fig. 8. Experimental setup.

TABLE I
MACHINE PARAMETERS OF THE TEST PMSM

Fig. 9. Collected {V 0
d,i}Ni=1 and {Vq,0}Ni=1 at ω0=300, 525, 750 rpm.

In Test 1, the data are collected for virtual flux and core loss
compensation modeling. Specifically, the PMSM is operated at
different speeds (ωk = 300, 375, . . . , 1050 rpm), and for each
ωk, the voltages V k

d,i and V k
q,i at various current conditions

(Is,i = 4, 5, . . . , 15A, γi = 0, 2, . . . , 40◦) are collected. The test
is carried out in different groups according to ωi, and each
group is completed in a short time to ensure that the change
of PM temperature is negligible. It can be regarded that all data
in Test 1 are collected when the PM temperature is at room
temperature T0, which is measured to be 23.9 ◦C. In Tests 2–4,
the proposed temperature estimation method is evaluated under
different operating conditions.

A. Virtual Flux and Compensation Modeling Results

The collected {V 0
d,i}Ni=1 and {V 0

q,i}Ni=1 under three speed
conditions (ω0=300, 525, 750 rpm) are presented in Fig. 9. Then
using (41), the training data can be calculated for establishing
the virtual flux model F 0

v (Is, γ) with the RBF neural network,
as shown in Fig. 10. It can be observed that for a particular
current condition, the value of F 0

v depends on the speed. That
is because the core loss varies with the speed. It is necessary to
consider the core loss in PM temperature estimation for accuracy
improvement, which is the motivation of this work.

For a fixedω0, the training data {ΔF k
v,c(Is,i, γi)}Ni=1 at various

ωk can be calculated by (47), which is utilized to establish the

Fig. 10. Virtual flux model F 0
v (Is, γ) under three speed conditions.

Fig. 11. Estimated core loss compensation ΔFv,c at the speed of 450 and
825 rpm. (a) ω0 = 300 rpm. (b) ω0 = 750 rpm.

Fig. 12. Core loss compensation with respect to the speed under current
conditions C1 and C2.

compensation model ΔFv,c = G(Is, γ,Δω). Fig. 11 shows the
compensation results at the speed of 450 and 825 rpm under two
reference speed conditions. As can be seen, the compensation
value ΔFv,c varies nonlinearly with the stator current Is. It
implies that the core loss current Is,c is a nonlinear function
of Is. Moreover, ΔFv,c is strongly dependent on the speed.
Fig. 12 presents the compensation value with respect to the speed
under two current conditions: C1 (Is = 5A, γ = 10◦) and C2
(Is = 10A, γ = 12◦). It can be observed that the amplitude of
ΔFv,c for a certain current increases with the difference between



1418 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 1, JANUARY 2024

Fig. 13. Current conditions in Test 2.

Fig. 14. Collected dq-axis voltages and calculated F t
v in Test 2.

TABLE II
VIRTUAL FLUX AT DIFFERENT PM TEMPERATURES IN TEST 2

the speed ω and the reference one ω0. For instance, when ω0

is set to be 300 rpm, ΔFv,c = 0,−0.0036 and −0.0145 Wb ·
turn at ω = 300, 600, and 900 rpm under C1, respectively. Note
that the maximum amplitude of ΔFv,c is more than 10% of the
maximum amplitude ofF 0

v , which means that the core loss effect
is significant, especially in high-speed scenarios, and thus core
loss compensation is critical.

B. PM Temperature Estimation Results

In Test 2, the motor speed ωt = 600 rpm, the current angle
γt = 26.6◦, and the current amplitude Is,t steps from 15.7 to
4.5 A at time t = 90 min, as presented in Fig. 13. The test
lasts 150 min. The real-time dq-axis voltages Vd,t and Vq,t are
collected to calculate the virtual flux linkage F t

v . It can be seen
from Fig. 14 that the values of Vd,t, Vq,t, and F t

v step with the
change of current at t = 90 min. Moreover, F t

v decreases slowly
at t < 90 min and increases at t > 90 min because of the change
of PM temperature. Table II presents the values ofF t

v at different
PM temperatures. It is clear that F t

v varies with the stator current
and the temperature, and the variation of F t

v is opposite to that
of temperature.

Based on the models F 0
v (Is, γ) and ΔFv,c = G(Is, γ,Δω)

built in Test 1, F 0
v (Is,t, γt) and the core loss compensa-

tion ΔF t
v,c = G(Is,t, γt,Δωt) under the operating condition

{Is,t, γt, ωt} can be obtained. Furthermore, the PM tempera-
ture Tt can be estimated from F t

v , F 0
v (Is,t, γt) and ΔF t

v,c by

Fig. 15. Estimated and measured PM temperatures in Test 2.

Fig. 16. Comparison of the proposed method with and without core loss
compensation in Test 2. “NC” denotes the proposed method but without
compensation.

using (21). The estimated results are shown in Fig. 15. It can
be observed that the proposed method can provide satisfactory
estimated temperatures that match the measured ones well un-
der different reference speed (ω0) conditions. For instance, the
measured Tt is 58.2 ◦C at t = 60 min, and the estimated values
using ω0 = 300, 525, and 750 rpm are 55.0 ◦C, 56.1 ◦C, and
56.9 ◦C with the estimation errors are 3.2 ◦C, 2.1 ◦C, and 1.3 ◦C,
respectively. The results using ω0 = 300 rpm are slightly worse
than those using ω0 = 525 and 750 rpm. The main reason is that
the deviation of ωt = 600 rpm fromω0 = 300 rpm is larger than
those from the other two reference speeds, and the compensation
error with ω0 = 300 rpm is relatively larger. The medium speed
rather than high or low speed is recommended as the reference
speed to obtain better estimation results. Withω0 = 750 rpm, the
estimated PM temperature first rises from 19.9 ◦C to 66.8 ◦C, and
then decreases to 46.1 ◦C after the current step. The estimation
errors are less than 3 ◦C, which demonstrates the effectiveness
of the proposed method.

Fig. 16 presents the performance comparison of the proposed
method with and without core loss compensation in Test 2. As
can be seen, the proposed method with compensation performs
significantly better than that without compensation in the case of
ω0 �= ωt. For the latter, it performs as well as the compensation
method if ω0 = ωt = 600 rpm, since the core loss variation
induced by speed is negligible. The method without compen-
sation is sensitive to the reference speed ω0. It is impractical
to fix the real-time speed ωt as ω0 in industrial applications.
The proposed compensation method can adapt to the core loss
variation caused by the speed variation, thus leading to accurate
temperature estimation. Moreover, its estimation performance
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Fig. 17. Collected dq-axis voltages and calculated F t
v in Test3.

Fig. 18. Estimated and measured PM temperatures in Test3.

is independent of the selection of ω0. If the core loss compensa-
tion is not performed, one can build the reference databases
at various ω0, and select the appropriate database according
to the difference between ωt and ω0 in the applications. For
instance, ω0 = 525 rpm is preferred in this test as compared to
300 and 750 rpm, because 525 rpm is closer to ωt = 600 rpm
and the core loss variation due to the speed variation is relatively
smaller. As can be seen in Fig. 16, the estimated results with ω0

= 525 rpm are better than those with 300 and 750 rpm. If the
reference speed deviates significantly from the current speed, it
may lead to incorrect estimation in the method without core loss
compensation.

In Test 3, the motor speed ωt = 825 rpm, the current condi-
tions are Is,t = 14.8 A and γt = 28.3◦. The test lasts 90 min,
and the measured PM temperature rises from 20.0 ◦C to 64.1 ◦C.
The collected voltages Vd,t and Vq,t and the calculated F t

v are
shown in Fig. 17. The value of F t

v decreases over time due
to the rise of PM temperature. Fig. 18 presents the estimated
temperatures of the proposed method using different reference
speeds. Compared with the measured values of 32.5 ◦C and
64.1 ◦C at t = 40 and 90 min, the estimation errors are 1.2 ◦C and
0.5 ◦C withω0 = 300 rpm, 0.1 ◦C and 1.8 ◦C withω0 = 525 rpm,
0.7 ◦C and 1.0 ◦C with ω0 = 750 rpm. The proposed method
can provide accurate temperature estimation with an error of
less than 2 ◦C. The comparative results of the proposed method
with and without core loss compensation are shown in Fig. 19.
It is clear that the estimated results with compensation are better
than those without compensation in the case of ω0 �= ωt, which
further verifies the effectiveness of the proposed core loss com-
pensation. For the method without compensation, it performs
best with ω0 = 825 rpm, which is exactly the same as ωt,
following by 750, 525, and 300 rpm. In summary, the estimation
accuracy of the method without compensation depends on the
selection of ω0, which affects the elimination of core loss effect

Fig. 19. Comparison of the proposed method with and without core loss
compensation in Test 3. “NC” denotes the proposed method but without
compensation.

Fig. 20. Temperature estimation in the high-speed test. (a)F t
v . (b) Comparison

of the estimated and measured temperatures. (c) Thermal images of magnet at
t = 0, 30, 60 min.

TABLE III
ESTIMATION ERROR IN THE HIGH-SPEED TEST

induced by motor speed variation. The proposed compensation
method is not sensitive to ω0, and can perform well with a fixed
ω0 through the capability of core loss compensation.

Test 4 is conducted to evaluate the proposed method under
high-speed condition with large core loss. The motor speed
is set to the rated value of 1000 rpm, Is,t = 12 A, γt = 20◦.
The PM temperature is measured by the thermal imager at the
interval of 10 min. Fig. 20 shows the estimation process and
results of the PM temperature. As can be seen, F t

v decreases
with the temperature rise. The estimated temperatures match the
measured ones well. For example, the measured temperatures
are 30.7 ◦C and 53.1 ◦C at t =0 and 60 min, respectively, and
the estimated values are 29.6 ◦C and 54.2 ◦C with the errors of
1.1 ◦C. The detailed error comparison listed in Table III shows
that the maximum error is 2.2 ◦C. The proposed method can
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TABLE IV
COMPARISON OF STATE-OF-THE-ART PM TEMPERATURE ESTIMATION METHODS

provide accurate temperature estimation at high speed with the
capability of core loss compensation.

V. CONCLUSION

In this article, a data-driven virtual flux modeling approach
with core loss compensation is proposed for PM temperature
estimation. Specifically, the machine model considering the core
loss and inverter nonlinearity is presented, and the virtual dq-axis
is introduced to eliminate the effect of inverter nonlinearity
and winding temperature variation. By doing so, the virtual
flux linkage with core loss awareness can be constructed and
expressed as a simplified linear relationship of dq-axis voltages.
Further, the PM temperature estimation model based on virtual
flux variation and core loss compensation is derived, in which
the reference flux and compensation term are estimated from
voltage data using the RBF neural networks. The proposed
method is evaluated on a laboratory PMSM drive system under
various current and speed conditions, and the estimation errors of
PM temperature are less than 3 ◦C. The estimated temperatures
with and without compensation are presented to demonstrate the
contribution of core loss compensation to improving estimation
accuracy.

The detailed comparison of the proposed and state-of-the-art
methods is summarized in Table IV. Compared with the signal
injection-based methods, the proposed method is built in the
virtual reference frame, and does not introduce additional losses
and noise. In addition, it is applicable to a large speed range,
from low to high speeds. Compared with the LPTN-based and
deep learning-based methods, the proposed method is flexible
in implementation without needing of geometric information of
machine or complicated calculations. It should be emphasized
that an efficient way to quantify the effect of core loss on
temperature estimation is also provided in the proposed method.
The limitation of the proposed method is that the offline test is
required to build the virtual flux model and core loss compensa-
tion model at the reference speed. However, it is computationally
efficient by using the lightweight learning algorithm.
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