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Abstract: This paper addresses performance degradation in nonlinear flux linkage algorithms, aris‑
ing from estimation errors in rotor flux linkage due to fluctuations in current and temperature. We in‑
troduce a parameter‑adaptive flux linkage model using MRAS, which dynamically adjusts the rotor
flux linkage, significantly minimizing estimation errors and improving control performance. When
the rotor flux linkage of the motor undergoes sudden changes, the nonlinear flux linkage model
shows a speed fluctuation of 5%, whereas the parameter‑adaptive flux linkage model reduces the
error to 0.6%. The algorithm demonstrates strong robustness when the stator resistance undergoes
a sudden change. The control effectiveness under conditions such as load start and load mutation is
excellent. Simulations and experiments demonstrate that the parameter‑adaptive flux linkagemodel
improves the estimation accuracy of the rotor position when motor parameters change.

Keywords: nonlinear flux linkage model; model reference adaptive system (MRAS); parameter
identification; sensorless control

1. Introduction
Permanent magnet synchronous motors (PMSMs) have gained widespread adoption

due to their high power density, superior performance, and substantial overload capac‑
ity. For high‑precision Field‑Oriented Control (FOC), obtaining accurate rotor position
information is of paramount importance. Although Hall sensors and rotary encoders are
commonly used for this purpose, they introduce challenges such as increased size, higher
costs, and elevated fault rates inmotor control systems. To address these issues, sensorless
control technology for permanent magnet synchronous motors has emerged [1–3]. When
the motor operates at medium‑to‑high speeds, using the back‑electromotive force estima‑
tion method can effectively obtain accurate rotor position information. Techniques such
as sliding mode observers and extended Kalman filters are commonly employed to ex‑
tract the rotor position from the fundamental waveforms [4–7]. However, due to the small
back‑electromotive force of the motor at low speeds and its vulnerability to interference,
the estimation performance becomes poor. To address the issue of poor rotor position es‑
timation performance using the back‑EMF method at low speeds, many researchers have
proposed rotor flux observers [8,9].
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Currently, common parameter identification methods include least squares, model
reference adaptive systems (MRASs), extended Kalman filters, and artificial intelligence
algorithms. Recursive least squares are fast and simple but may become inaccurate due
to data saturation [10]. Some researchers have proposed an online identification method
for PMSM parameters based on cascade MRAS. Using Popov’s hyperstability theory, an
identification model for motor parameters is established in the d‑q axis coordinate sys‑
tem. By choosing an appropriate adaptation rate, the rotor flux can be accurately esti‑
mated [11]. MRASs are accurate and straightforward for single or dual parameter identi‑
fication, but their observation accuracy decreases when identifying multiple parameters
due to rank deficiency issues. Some researchers have proposed an improved, step‑by‑step,
MRAS‑based online identification method. Initially, the stator resistance and rotor flux
are identified. Once these results stabilize, the stator inductance is identified, allowing
for multi‑parameter identification within a single model [12]. The accuracy of EKF pa‑
rameter estimation heavily depends on the noise matrices and accurate modeling, which
are not straightforward to determine. Some studies employ the ACA algorithm to derive
noise matrices, while others use second‑order EKF state observer equations to construct
multi‑parameter identification models for PMSMs [13,14]. However, these algorithms are
complex and difficult to adjust, and artificial intelligence algorithms present even higher
complexity and computational demands, posing significant challenges to hardware system
processing capabilities.

The rotor flux linkage observer method utilizes current and flux linkage equations in
the two‑phase stationary coordinate system to observe the motor’s rotor flux linkage. The
rotor flux linkage contains rotor position information, which can be decoupled using arct‑
angent or phase‑locked loop (PLL) methods to obtain the rotor position. Nonlinear flux
linkage models can accurately estimate rotor position under precise motor parameters.
However, during motor operation, parameter variations caused by current and temper‑
ature changes affect performance. Some researchers have pointed out that temperature
changes can result in errors of up to 40% in stator resistance and 20% in rotor flux link‑
age [15]. The error compensation term in the nonlinear flux linkage model is corrected us‑
ing the actual value of themotor’s rotor flux linkage. When the estimated rotor flux linkage
equals the actual value, the observer reaches a stable state. However, when the rotor flux
changes, it will greatly affect the output torque of the motor, which will make the system
unstable. The dynamic equation of the flux linkage observer’s error indicates that the con‑
vergence of observation errorsmainly depends on the observer’s gain and themotor’s rotor
flux linkage and is less affected by changes in stator resistance. It has been proven through
simulation experiments and experiments that the nonlinear flux observer has good robust‑
ness when the stator resistance suddenly changes. Therefore, this paper only discusses
the impact of changes in rotor flux linkage on the observer’s performance. To address the
issue of performance degradation in sensorless control algorithms due tomotor parameter
variations, researchers have proposed online parameter identification methods.

Since this study involves only single‑parameter identification of rotor flux linkage,
a MRAS and a nonlinear flux linkage model are combined to observe rotor position and
speed, implemented through a PI controller, and the stability of the system is proven us‑
ing Popov’s hyperstability theory and Lyapunov’s theory [16,17]. The rotor flux linkage
value identified by the MRAS is fed into the nonlinear flux linkage model to continuously
correct the estimated rotor flux linkage, requiring minimal computation and ensuring ac‑
curate identification. The simulation results demonstrate that the MRAS can accurately
identify the rotor flux linkage value during both normal operation and sudden changes.
When combined with the nonlinear flux linkage model, rotor position can be accurately
estimated. The motor experimental platform built for verification demonstrates that the
proposed control strategy improves motor response speed and rotor position estimation
accuracy under conditions of low speed, heavy load, and torque mutation.
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2. Rotor Flux Linkage Observation Based on MRAS
2.1. Basic Principle of MRAS

The MRAS algorithm comprises three key components: the reference model, the ad‑
justable model, and the adaptive mechanism. The reference model represents the motor’s
actual mathematical behavior, while the adjustable model incorporates estimated param‑
eters. By selecting an appropriate adaptation rate, the output of the adjustable model is
tuned to ensure the output error gradually approaches zero, at which point the identified
parameters in the adjustable model converge to the motor’s true values. The structure is
depicted in Figure 1.
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2.2. Rotor Flux Linkage Observation
PMSMs are complex systems characterized by multiple variables, strong coupling,

nonlinearity, and time variance. When mathematically modeling them, the following as‑
sumptions are made: (1) the induced EMF generated by the motor’s three‑phase windings
is sinusoidal; (2) higher harmonics are neglected; and (3) core saturation and core loss
are ignored.

Based on these assumptions, the stator voltage equations for PMSMs can be derived
as in Equation (1): {

ud = Rsid + Ld
d
dt id − ωeLqiq

uq = Rsiq + Lq
d
dt iq + ωe

(
Ldid + ψ f

) (1)

For surface‑mounted permanent magnet synchronous motors, Lα = Lβ = Ls, and the
above formula can be rewritten as follows:{ did

dt = − Rs
Ls

id + ωeid +
ud
Ls

diq
dt = − Rs

Ls
iq − ωeid +

1
Ls

(
uq − ωeψ f

) (2)

By performing Clark and Park transformations on the collected three‑phase currents,
the actual current values idiq are obtained. These values are used as the outputs of the refer‑
ence model, while the currents obtained by integrating the equations serve as the outputs
of the adjustable model.

Equation (2) is expressed in the form of Equation (3):
.
i = Ai + Bu + Mz (3)

In the equation:

A =

[
− Rs

Ls
ωe

−ωe − Rs
Ls

]
, B =

1
Ls

, M = −
ψ f

Ls
, i =

[
id
iq

]
, u =

[
ud
uq

]
, z =

[
0

ωe

]
.
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Representing the parameters to be estimated in Equation (3) as estimated values re‑
sults in the adjustable model:

.
î = Aî + Bû + M̂z (4)

In the equation:

A =

[
− Rs

Ls
ωe

−ωe − Rs
Ls

]
, B =

1
Ls

, M = −
ψ̂ f

Ls
, i =

[
îd
îq

]
, û =

[
ud
uq

]
, ẑ =

[
0

ωe

]
By taking the difference between Equations (3) and (4), we derive the error function

of the reference model and the adjustable model:

.
ε =

.
i −

.
î (5)

By substituting Equations (3) and (4) into each other, we derive the following results:{ dε
dt = Aε − W
V = Cε

(6)

In the equation: W = −
(

M − M̂
)
z, C = I =

[
1 0
0 1

]
.

Based on the above equation, an equivalent nonlinear system is constructed as shown
in Figure 2.
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According to Popov’s super stability theory, to maintain stability in this nonlinear
feedback system, the following inequality must be satisfied:

∀t > 0, η(0, t) =
∫ t

0
VTWdt ≥ −γ2 (7)

In the equation, γ is a finite positive real number.
By substituting Equation (6) into the inequality, we obtain:

η(0, t) =
∫ t

0

[
−εT(M − M̂

)
z
]
dt ≥ −γ2 (8)

Analyzing Equation (8) reveals the following when the motor parameters
are substituted:

η(0, t) =
∫ t

0

(
ψ̂ f − ψ f

)[ 0
εωe

Ls

]
dt ≥ −γ2 (9)
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By setting the adaptive rate in PI form, we obtain the following:

ψ̂ f − ψ f =
∫ t

0
f1(τ)dτ + f2(τ) (10)

Substituting Equation (10) into Equation (9) yields:

η(0, t) =
∫ t

0

(∫ t

0
f1(τ)dτ + f2(τ)

)[ 0
εωe

Ls

]
dt ≥ −γ2 (11)

To validate the above equation, an intermediate expression is introduced:∫ t

0

dR(t)
dt

kR(t)dt =
k
2

[
R2(t)− R2(0)

]
≥ k

2
R2(0), k > 0 (12)

In the equation:
dR(t)

dt = εωe
Ls

kR(t) =
∫ t

0 f1(τ)dτ
(13)

Differentiating both sides yields:

f1(τ) = Ki
εω

Ls
, Ki > 0 (14)

Considering:
f2(τ) = Kp

εω

Ls
, Kp > 0 (15)

When substituting the above two equations into Equation (9), the condition is al‑
ways satisfied.

Based on the above derivation, we can obtain the expression for the rotor flux adap‑
tive rate.

ψ̂ f = ψ f − Ls

(
Ki

∫ t

0
ωe
(
iq − îq

)
dt − Kpωe

(
iq − îq

))
(16)

2.3. Nonlinear Magnetic Chain Observer Based on Parameter Identification
For surface‑mounted permanent magnet synchronous motors, the relationship be‑

tween flux and voltage in the α − β coordinate system can be described as follows:[
ψα

ψβ

]
=

[
Lα 0
0 Lβ

][
iα
iβ

]
+

[
cos θ
sin θ

]
ψ f (17)

In the equation: ψα, ψβ is the stator flux and Lα, Lβ is the motor stator inductance in
the stationary coordinate system.

For surface‑mounted permanent magnet synchronous motors, Lα = Lβ = Ls, and the
above formula can be rewritten as follows:[

ψα − Lsiα

ψβ − Lsiβ

]
=

[
ψ f cos θ

ψ f sin θ

]
(18)

By replacing the permanent magnet flux value with the real‑time value identified by
MRAS, we obtain: [

ψα − Lsiα

ψβ − Lsiβ

]
=

[
ψ̂ f cos θ

ψ̂ f sin θ

]
(19)

So, based on the above equation:∣∣∣∣∣∣η(ψα, ψβ

)∣∣∣∣∣∣2 = ψ̂2
f (20)
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By using the gradient descent method to construct the nonlinear flux observer, the
observer error is described by Equation (21):

r
(
ψ̃α, ψ̃β

)
=
∣∣∣∣η(ψα, ψβ

)∣∣∣∣2−∣∣∣∣η(ψ̂α, ψ̂β

)∣∣∣∣2 (21)

In the equation, ψ̃α = ψ̂α − ψα, ψ̃β = ψ̂β − ψβ is the stator flux observation error in the
two‑phase stationary coordinate system.

Consequently, the constructed nonlinear flux observer is defined as follows:[
dψ̂α

dt
dψ̂β

dt

]
=

[
uα − Rsiα

uβ − Rsiβ

]
+ λ · r

(
ψα, ψβ

)
·
[

ψ̂α − Lsiα
ψ̂β − Lsiβ

]
(22)

In the equation, λ is the gain coefficient of the nonlinear magnetic chain observer; the
parameter λ has a great influence on the overall observation effect. In practice, when the
parameter λ is too large or too small, the observer will be unstable or converge very slowly,
so the choice of λ is important.

The quadrature phase‑locked loop method is used to obtain the motor rotor position
angle. The principle of the phase‑locked loopmethod involves demodulating the obtained
rotor magnetic chain into position information to estimate the rotor position:

∆ψ = ψ̂ f β cos θ̂ − ψ̂ f α sin θ̂ = ψ̂ f sin θ cos θ̂ − ψ̂ f cos θ sin θ̂ (23)

In the equation, ψ̂ f α, ψ̂ f β are the estimated stator flux linkages.
Based on trigonometric identity and the concept of an equivalent infinitesimal, we can

conclude that:
∆ψ = ψ̂ f sin

(
θ − θ̂

)
≈ ψ̂ f

(
θ − θ̂

)
(24)

Thus, we can derive the position error signal from the nonlinear flux linkage ob‑
server as:

ξ = ψ̂ f
(
θ − θ̂

)
(25)

As a result, the normalized position error is calculated as:

ξn =
ψ̂ f√

ψ̂2
f α + ψ̂2

f β

(
θ − θ̂

)
=
(
θ − θ̂

)
(26)

According to the above formulas, we obtain the block diagram of the normalized PLL
principle as Figure 3:
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3. Stability Analysis and Parameter Selection
Based on Equations (18)–(22), the flux linkage error equation is established as follows: d

.
ψ̃α
dt

d
.
ψ̃β

dt

 = λ

[
ψ̂α − Lsiα

ψ̂β − Lsiβ

]
r
(

ψα, ψβ

)
(27)

In the equation,
.
ψ̃α = ψ̂α − ψα,

.
ψ̃β = ψ̂β − ψβ is the difference between the observed

flux linkage and the actual flux linkage.
From Equation (1), we have:

ψ̂α,β − LSiα,β =
(
ψ̂α,β − ψα,β

)
+ ψα,β − LSiα,β = ψ̃α,β + ψ f ejθ (28)

By rewriting Equation (27) to Equation (28) and introducing a vector to construct the
error equation based on the flux linkage error, we obtain:

.
ψ̃α,β = λ

(
ψ̃α,β + ψ f ejθ

)(
2ψ2

f χ1−
∣∣∣ψ̃α,β

∣∣∣2) (29)

The expression of χ is:

χ = −
ψ̃α,β

ψ f
e−jθ = χ1 + jχ2 (30)

Based on Equation (30), the following relationship can be obtained:{
ψ̃α,β = −ψ f χejθ∣∣∣ψ̃α,β

∣∣∣2 =
∣∣∣χ∣∣∣2ψ2

f
(31)

By further rewriting the error equation proposed in Equation (29), we obtain:
.
ψ̃α,β = λσ(χ)ψ3

f (1 − χ)ejθ (32)

In the equation, σ(χ) = 2χ1−|χ|2 is a scalar factor.
Since the error function of the nonlinear flux linkage observer is a function of χ, to

simplify the complexity of the time derivative expression, a coefficient ε(χ) is introduced
as follows:

.
χ = −

 .
ψ̃α,β

ψ f
− jωψ̃α,β

e−jθ = −jωχ −

.
ψ̃α,β

ψ f
e−jθ = −(jω + ε(χ))χ + ε(χ) (33)

In the equation, ε(χ) = λψ2
f σ(χ) is a constant.

Thus, we obtain:
.
χ = ωχ2 − ε(χ)χ1 + ε(χ)− j(ωχ1 + ε(χ)χ2) (34)

Therefore, it is easy to obtain:{ .
χ1 = ωχ2 + (1 − χ1)ε(χ).
χ2 = −ωχ1 − ε(χ)χ2

(35)
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Next, when performing stability analysis, according to Lyapunov’s stability criterion,
a simple positive definite function V is chosen, and here we take the function:

V =
1
2

χTχ (36)

Then, the derivative of this simple positive definite function is:
.

V = χ1
.
χ1 + χ2

.
χ2 (37)

According to Equation (35), the derivative of the positive definite function is:

.
V =

(
(χ1 − 1)2 + χ2

2 − 1
)((

χ1 −
1
2

)2
+ χ2

2 −
1
4

)
(38)

Thus, according to Lyapunov’s stability criterion, to ensure the system’s stability, it
must satisfy V ≥ 0 and

.
V < 0. The following Figure 4 in Cartesian coordinates is drawn

based on the above derivative expression:
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As shown in Figure 4, the point set satisfying this constraint condition will not exceed
the range of this large circle, that is, |χ|≤ 2 .

Therefore, according to the definition of χ:∣∣∣ψ̃α,β

∣∣∣≤ 2ψ f (39)

Within this range, the nonlinear flux linkage observer is globally asymptoti‑
cally convergent.

Next, when proving the error convergence, assuming ω = 0, to make the error deriva‑
tive approach 0, the following conditions must be satisfied simultaneously:

σ(χ) = 0
χ1 = 0
χ2 = 0

(40)

Obviously, it can be concluded that when ω = 0, the error can never approach 0.
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Then, assuming ω ̸= 0, the error convergence situation is analyzed; let
.

V = 0:
σ(χ) = 0
χ1 = 0
χ2 = 0

(41)

That is, under the above constraint conditions, the error converges to 0 only at
the origin.

Assuming σ(χ) ̸= 0, to make the error converge to 0, the following conditions must
be satisfied:

ω > λ
∣∣∣χ2

∣∣∣ψ2
f (42)

Thus, the adjustable parameter λ range of the nonlinear flux linkage observer is:

0 < λ <
ω∣∣∣χ2

∣∣∣ψ2
f

(43)

The experimental results show that the best way to select the parameter lambda is
through a trial‑and‑error method.

Below is the constructed nonlinear flux linkage observer with the MRASmodel block
diagram, as shown in Figure 5:
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4. Simulation Analysis
To perform a simulation analysis of the nonlinear flux linkage observer, a Simulink

simulation model was constructed, as shown in Figure 6. This model simulates a sce‑
nario where the motor’s flux linkage value changes suddenly during operation, utilizing
a surface‑mounted PMSM simulation model based on the mathematical representation of
the motor in Simulink.

The simulation parameters of the constructed surface‑mounted PMSM are detailed in
Table 1.

To verify the control effect of the proposed parameter adaptive nonlinear flux ob‑
server, the following experiments were conducted:

At 0.25 s, the rotor flux linkage of the self‑constructed motor was suddenly reduced
to 0.15 Wb, and both the nonlinear flux observer and the parameter adaptive flux model
were employed for control.
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Figure 6. MRAS + nonlinear flux observer simulink model. 

Figure 6. MRAS + nonlinear flux observer simulink model.

Table 1. Main parameters of the simulation motor.

Parameter Value Unit

Rated Line Voltage 220 V
Rated Line Current 3 A

Rated Power 1000 W
Rated Speed 2500 r/min

Stator Resistance 2.875 Ω
Inductance 4 mH

Permanent Magnet Flux 0.175 Wb
Number of Pole Pairs 4

Figure 7 presents the waveform of the estimated electric angle and its error through
the utilization of the nonlinear flux observer. It can be observed from Figure 7b that sub‑
sequent to the alteration of the flux value, the estimated angle error gradually enlarges,
attaining a maximum of 0.36 rad, and tends to be unstable.
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Figure 8 represents the waveform of the electrical angle and its error estimated by
the parameter adaptive flux model. It can be observed from Figure 8b that following the
change in the flux value, the maximum angle error is merely 0.18 rad, which is 0.18 rad
lower than that of the nonlinear flux model and tends to stabilize.
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Figure 9 represents the corresponding velocity observation waveform. It can be ob-
served from Figure 9a that when the nonlinear flux model is employed, the maximum 
velocity fluctuation amounts to 15 r/min, with an error as high as 5%. It can be noted from 
Figure 9b that the speed fluctuation of the parameter adaptive flux model has been signif-
icantly enhanced. The maximum is merely 2 r/min, the fluctuation is only 0.4%, and the 
error has decreased by 4.6% compared with the nonlinear flux model. The estimated speed 
experiences oscillations because the model needs time to adapt to the new rotor flux link-
age value. The rotor flux linkage estimated by the nonlinear flux linkage model does not 
match the actual value, resulting in significant errors. This leads to inaccuracies in the 
estimated electrical angle, which in turn causes fluctuations in the estimated speed. 
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Figure 9. (a) Nonlinear flux linkage model; (b) parameter-adaptive flux linkage model. 

Figure 10 displays the corresponding current observation waveforms. As shown in 
Figure 10a, there is a large q-axis current fluctuation using the nonlinear flux model when 
the motor flux value changes suddenly. From Figure 10b, the q-axis current fluctuation is 
significantly reduced when using the parameter adaptive flux model. 

Figure 8. (a) Electrical angle; (b) electrical angle tracking error.

Figure 9 represents the corresponding velocity observation waveform. It can be ob‑
served from Figure 9a that when the nonlinear flux model is employed, the maximum
velocity fluctuation amounts to 15 r/min, with an error as high as 5%. It can be noted from
Figure 9b that the speed fluctuation of the parameter adaptive flux model has been sig‑
nificantly enhanced. The maximum is merely 2 r/min, the fluctuation is only 0.4%, and
the error has decreased by 4.6% compared with the nonlinear flux model. The estimated
speed experiences oscillations because the model needs time to adapt to the new rotor flux
linkage value. The rotor flux linkage estimated by the nonlinear flux linkage model does
not match the actual value, resulting in significant errors. This leads to inaccuracies in the
estimated electrical angle, which in turn causes fluctuations in the estimated speed.
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Figure 9. (a) Nonlinear flux linkage model; (b) parameter‑adaptive flux linkage model.

Figure 10 displays the corresponding current observation waveforms. As shown in
Figure 10a, there is a large q‑axis current fluctuation using the nonlinear flux model when
the motor flux value changes suddenly. From Figure 10b, the q‑axis current fluctuation is
significantly reduced when using the parameter adaptive flux model.



Actuators 2024, 13, 403 12 of 20

Actuators 2024, 13, 403 13 of 21 
 

 

  
(a) (b) 

Figure 10. (a) Nonlinear flux linkage model; (b) parameter-adaptive flux linkage model. 

Figure 11 shows the rotor flux linkage value observed by MRAS. There are some fluc-
tuations in tracking when the motor starts or when the rotor flux linkage changes sud-
denly, but it quickly converges to a stable state. 

 
Figure 11. Rotor flux linkage value observed by MRAS. 

Simulating conditions where parameter inaccuracies are caused by measurement er-
rors, the rotor flux linkage of the self-built motor is initially reduced to 0.15 Wb, and both 
the nonlinear flux observer and the parameter-adaptive flux model are utilized for control. 

Figure 12 shows the electrical angle and its error waveform estimated by the nonlin-
ear flux observer. It can be seen from Figure 12b that after the motor is started, the esti-
mated angle error gradually becomes larger and keeps rising, with the maximum error 
reaching 0.25 rad. 

Figure 10. (a) Nonlinear flux linkage model; (b) parameter‑adaptive flux linkage model.

Figure 11 shows the rotor flux linkage value observed by MRAS. There are some fluc‑
tuations in trackingwhen themotor starts orwhen the rotor flux linkage changes suddenly,
but it quickly converges to a stable state.
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Figure 11. Rotor flux linkage value observed by MRAS.

Simulating conditions where parameter inaccuracies are caused by measurement er‑
rors, the rotor flux linkage of the self‑built motor is initially reduced to 0.15 Wb, and both
the nonlinear flux observer and the parameter‑adaptive flux model are utilized for control.

Figure 12 shows the electrical angle and its errorwaveform estimated by the nonlinear
flux observer. It can be seen from Figure 12b that after the motor is started, the estimated
angle error gradually becomes larger and keeps rising, with the maximum error reaching
0.25 rad.

Figure 13 presents the waveform of the electric angle and its error estimated by the
parameter‑adaptive flux model. From Figure 13b, it can be observed that the angle error is
considerable at the outset, with a maximum of 0.34 rad. However, the angle error reduces
to 0.05 rad at 0.15 s, which implies that the parameter‑adaptive flux model can rapidly
converge to the true angle and handle the angle error caused by the measurement error
more effectively.
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Figure 13. (a) Electrical angle; (b) electrical angle tracking error.

Figure 14 displays the rotor flux linkage values observed by theMRAS. Initially, there
are some fluctuations, peaking at 0.001 Wb, but the system reaches a stable state by 0.05 s,
demonstrating that the parameter‑adaptive fluxmodel accurately identifies the correct val‑
ues, even amidst measurement errors.

To verify the robustness of the proposed algorithm, a sudden change in the stator resis‑
tance was introduced during operation to observe its effects on the angle and
speed estimation.

At 0.25 s, the stator resistance was suddenly increased to twice its rated value. As
shown in Figure 15a, the estimated electrical angle using the proposed algorithm remains
accurate. From Figure 15b, it can be observed that the corresponding estimated speed
also demonstrates strong robustness during the abrupt change in stator resistance. This
indicates that the proposed algorithm exhibits strong robustness against sudden changes
in stator resistance.
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5. Experimental Verification
To further verify the effectiveness of the proposed control strategy, an experimental

analysis platform for the permanent magnet synchronous motor was constructed, as illus‑
trated in Figure 16. The TMS320F28335 digital signal processor was employed as the core
control chip, with a DCmotor as the load motor. The switching resistor was set to 2 ohms,
with one end connected to the phase line of the test motor, and the other end connected to
the three‑phase output of the power board, connected in parallel with a wire. The switch
is connected in series with the wire; when the switch is closed, the switching resistor is
shorted, and when the switch is open, the switching resistor is connected in series with the
three‑phase output.

The experimental verification continued to employ the “Id = 0” vector control strategy
(FOC). The PWM switching frequency and current sampling frequency were set to 10 kHz.
The principal parameters of the experimental motor are detailed in Table 2.

Suddenly changing the flux linkage value in the model during operation can also ver‑
ify the observed effects of the nonlinear flux linkage model, with the observed angle and
speed waveforms shown in Figure 17.
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From Figure 17a, it can be seen that when the flux linkage value inside the model is 
suddenly changed at 0.25 s, the estimated angle error increases significantly. From Figure 
17b, it is evident that the speed is also greatly affected after the sudden change in flux 
linkage value. The speed first experiences a large fluctuation and then gradually stabilizes 
around 290 r/min, with a significant error compared to the given speed. This indicates that 
the nonlinear flux linkage model’s estimation performance deteriorates when there is a 
sudden change in motor parameters or when the parameters are incorrect. 
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Table 2. Main parameters of the experimental motor.

Parameter Value Unit

Rated Line Voltage 220 V
Rated Line Current 3 A

Rated Power 1000 W
Rated Speed 2500 r/min

Stator Resistance 2.875 Ω
Inductance 4 mH

Permanent Magnet Flux 0.175 Wb
Number of Pole Pairs 4
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At the beginning, an incorrect flux linkage value is given to the model, and the non-
linear flux linkage model is used to observe the motor’s electrical angle and speed. The 
experimental results are shown in Figure 18. 

From Figure 18a, it can be seen that when the flux linkage value does not match the 
actual value from the beginning, the estimated electrical angle error is significant. Figure 
18b shows that the corresponding estimated speed is also incorrect, consistently having a 
certain error compared to the actual speed. This further indicates that the nonlinear flux 
linkage model alone cannot handle situations where the flux linkage value does not cor-
respond to the actual value. 
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To verify the robustness of the model reference adaptive system combined with the 
nonlinear flux linkage model against other parameter changes, the stator resistance value 
was suddenly changed during operation. The comparison between the predicted electrical 
angle and speed waveforms from the model and the actual values is observed. The exper-
imental results are shown in Figure 19. 

At 0.05 s, the stator resistance suddenly increased to 4.875 ohms. As can be seen from 
Figure 19a, there was a slight fluctuation in the estimated angle, but the estimated value 
was almost equal to the actual value. As can be seen from Figure 19b, the estimated speed 
is very good and consistent with the actual value. This shows that the proposed model 

Figure 17. (a) Electrical angle; (b) speed.

From Figure 17a, it can be seen that when the flux linkage value inside the model
is suddenly changed at 0.25 s, the estimated angle error increases significantly. From
Figure 17b, it is evident that the speed is also greatly affected after the sudden change
in flux linkage value. The speed first experiences a large fluctuation and then gradually
stabilizes around 290 r/min, with a significant error compared to the given speed. This in‑
dicates that the nonlinear flux linkage model’s estimation performance deteriorates when
there is a sudden change in motor parameters or when the parameters are incorrect.
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At the beginning, an incorrect flux linkage value is given to the model, and the non‑
linear flux linkage model is used to observe the motor’s electrical angle and speed. The
experimental results are shown in Figure 18.
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From Figure 18a, it can be seen that when the flux linkage value does not match the ac‑
tual value from the beginning, the estimated electrical angle error is significant. Figure 18b
shows that the corresponding estimated speed is also incorrect, consistently having a cer‑
tain error compared to the actual speed. This further indicates that the nonlinear flux link‑
agemodel alone cannot handle situationswhere the flux linkage value does not correspond
to the actual value.

To verify the robustness of the model reference adaptive system combined with the
nonlinear flux linkage model against other parameter changes, the stator resistance value
was suddenly changed during operation. The comparison between the predicted electri‑
cal angle and speed waveforms from the model and the actual values is observed. The
experimental results are shown in Figure 19.
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Figure 21a,b illustrate the speed and current waveforms of the parameter-adaptive 
flux model before and after the sudden application of torque load. Figure 21a shows that 
the speed fluctuates by 38 r/min upon the application of a heavy load but swiftly returns 
to 300 r/min. Figure 21b shows a quick response in the q-axis current, reaching 3 A, while 
the d-axis current remains stable. This confirms the robustness of the parameter-adaptive 
flux model in managing load changes. 

Figure 19. (a) Electrical angle; (b) speed.

At 0.05 s, the stator resistance suddenly increased to 4.875 ohms. As can be seen from
Figure 19a, there was a slight fluctuation in the estimated angle, but the estimated value
was almost equal to the actual value. As can be seen from Figure 19b, the estimated speed
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is very good and consistent with the actual value. This shows that the proposed model
reference adaptive plus nonlinear flux model algorithm has strong robustness to changes
in stator resistance.

The sudden addition of load torque during operation was conducted to examine the
impact of load changes on MRAS rotor flux linkage value identification.

Figure 20a,b exhibit the angle estimation waveforms before and after the sudden im‑
position of a torque load on the nonlinear fluxmodel, seamlessly integratedwith theMRAS
system. These figures distinctly demonstrate that the angle estimation error is effectively
contained and maintained at a negligible level, even subsequent to the application of the
torque load. This controlled response underscores the robust performance of the combined
system in ensuring precise angle estimation amidst dynamic load variations.

Actuators 2024, 13, 403 18 of 21 
 

 

reference adaptive plus nonlinear flux model algorithm has strong robustness to changes 
in stator resistance. 

  

(a) (b) 

Figure 19. (a) Electrical angle; (b) speed. 

The sudden addition of load torque during operation was conducted to examine the 
impact of load changes on MRAS rotor flux linkage value identification. 

Figure 20a,b exhibit the angle estimation waveforms before and after the sudden im-
position of a torque load on the nonlinear flux model, seamlessly integrated with the 
MRAS system. These figures distinctly demonstrate that the angle estimation error is ef-
fectively contained and maintained at a negligible level, even subsequent to the applica-
tion of the torque load. This controlled response underscores the robust performance of 
the combined system in ensuring precise angle estimation amidst dynamic load varia-
tions. 

  
(a) (b) 

Figure 20. (a) Electrical angle before loading; (b) electrical angle after loading. 

Figure 21a,b illustrate the speed and current waveforms of the parameter-adaptive 
flux model before and after the sudden application of torque load. Figure 21a shows that 
the speed fluctuates by 38 r/min upon the application of a heavy load but swiftly returns 
to 300 r/min. Figure 21b shows a quick response in the q-axis current, reaching 3 A, while 
the d-axis current remains stable. This confirms the robustness of the parameter-adaptive 
flux model in managing load changes. 

Figure 20. (a) Electrical angle before loading; (b) electrical angle after loading.

Figure 21a,b illustrate the speed and current waveforms of the parameter‑adaptive
flux model before and after the sudden application of torque load. Figure 21a shows that
the speed fluctuates by 38 r/min upon the application of a heavy load but swiftly returns
to 300 r/min. Figure 21b shows a quick response in the q‑axis current, reaching 3 A, while
the d‑axis current remains stable. This confirms the robustness of the parameter‑adaptive
flux model in managing load changes.
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Figure 23a illustrates the angle waveform of the parameter-adaptive flux linkage 
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angle converges perfectly to the actual angle, showcasing the model’s rapid adaptation. 
Meanwhile, Figure 23b presents the corresponding speed waveform. Although there is a 
slight error at the beginning, the speed quickly reaches and stabilizes at the specified 300 
rpm, emphasizing the system’s ability to maintain accurate speed control. These refined 
details highlight the effectiveness and accuracy of the parameter-adaptive flux linkage 
model in real-world applications involving loaded startup conditions. 
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Figure 22 showcases the variation curve of the rotor flux linkage value, as precisely
identified by the MRAS system, during the abrupt application of a torque load. Notably,
the variation remains minimal at just 0.7%, underscoring the remarkable capability of the
proposed MRAS to accurately track and identify flux linkage values even under dynamic
and challenging load conditions. This performance underscores the robustness and relia‑
bility of the MRAS in ensuring the precise control and stability of the system.
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Figure 22. MRAS identified rotor flux linkage value.

Starting with a load at an initial speed of 300 rpm, we observed the angle and speed
waveforms for assessment.

Figure 23a illustrates the angle waveform of the parameter‑adaptive flux linkage
model. At startup, a noticeable error is evident, but within two electrical angle cycles,
the angle converges perfectly to the actual angle, showcasing the model’s rapid adapta‑
tion. Meanwhile, Figure 23b presents the corresponding speed waveform. Although there
is a slight error at the beginning, the speed quickly reaches and stabilizes at the specified
300 rpm, emphasizing the system’s ability to maintain accurate speed control. These re‑
fined details highlight the effectiveness and accuracy of the parameter‑adaptive flux link‑
age model in real‑world applications involving loaded startup conditions.
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6. Conclusions
This paper presents the integration of a nonlinear flux observerwith amodel reference

adaptive system (MRAS). Utilizing MRAS to detect real‑time changes in motor parame‑
ters and incorporating these into the nonlinear flux model significantly mitigates control
performance degradation or failure due to parameter shifts. When the rotor flux linkage
decreases abruptly from 0.175 Wb to 0.15 Wb, the maximum speed error of the nonlinear
flux algorithm is 15 r/min. In contrast, the parameter adaptive flux algorithm limits the
speed error to 2 r/min, markedly enhancing dq‑axis current stability. With the initial rotor
flux linkage set at 0.15 Wb, the angle error in the nonlinear flux model progressively in‑
creases, whereas the angle error in the parameter adaptive flux model rapidly diminishes
and aligns closely with the actual values. The proposed algorithm effectively handles fluc‑
tuations when the stator resistance undergoes sudden changes, demonstrating strong ro‑
bustness. Moreover, when the rotor flux linkage value in the model is abruptly changed
during operation, the angle and speed estimation of the nonlinear flux linkage model sig‑
nificantly deteriorate. This indicates that it is indeed necessary to identify the actual flux
linkage value and feed it into the nonlinear flux linkage model. The experiments con‑
clusively demonstrate the robust stability of the combined nonlinear flux algorithm and
MRAS control scheme under conditions of both loaded startup and sudden torque appli‑
cation. Upon the abrupt imposition of torque load, the Q‑axis current promptly surges and
stabilizes at 3 A, while the angle and speed control mechanisms exhibit exemplary perfor‑
mance. Initiating operation with a pre‑existing load, the system swiftly attains the preset
speed with minimal fluctuations, thereby strongly validating the practicality of the pro‑
posed parameter‑adaptive fluxmodel. However, given the inherent limitations in replicat‑
ing real‑world scenarios of permanent magnet flux variation during motor operation, our
future endeavors will center on simulating this critical operating condition on the dSPACE
hardware platform, aiming for even greater realism and precision.
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