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ABSTRACT This article proposes an extended state observer based robust model predictive velocity control
to decrease system prediction error under parameter uncertainties for permanent magnet synchronous motor
(PMSM). We develop a new PMSM model that consists of velocity and acceleration to lump the system
information and an external disturbance into a disturbance. The extended state observer (ESO) is designed to
estimate the velocity, acceleration, and disturbance. By estimating the state variables and disturbance using
the ESO, the model predictive control (MPC) finds the optimal control input by predicting future system
behavior. Additionally, the direct current controller is designed so that the direct current converges to zero.
Because the proposed method is not designed based on the cascade structure from the viewpoint of velocity
control, the optimization control for the velocity and currents can be defined. Thus, the proposed method
is robust against external disturbances and parameter uncertainties owing to feedback linearization, state
feedback, and ESO-based MPC using the acceleration PMSM model. The proposed control algorithm was
experimentally verified and it showed improved velocity tracking performance compared with ESO-based
MPC using the conventional PMSM model.

INDEX TERMS Model predictive control, extended state observer, feedback linearization, permanent
magnet synchronous motor, velocity tracking.

I. INTRODUCTION
Permanent magnet synchronous motor (PMSM) have been
widely used in various applications, such as industrial
robots, electric vehicles, and air conditioners because of their
high efficiency, low maintenance cost, and high torque-to-
current ratio [1], [2]. However, it is difficult to guarantee
high control performance for a PMSM because it is a
nonlinear system with two inputs and its control performance
is affected by the existence of nonlinearities, parameter
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uncertainties, unmodeled dynamics, and load torque [3].
To address these problems, various control methods have
been developed for PMSM systems over the past few
decades. Proportional-integral-derivative (PID) control has
been widely used in various applications because of its
effectiveness and simplicity of design without considering
the system’s model. Nevertheless, a significant limitation of
the conventional PID controller is its sensitivity to system
uncertainties, which degrades control performance [4], [5].
To solve these problems, various control methods have been
proposed and applied to PMSM systems, such as sliding
mode control [6], adaptive control [7], [8], fuzzy control [9],
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disturbance observer based control [10], [11], and model
predictive control (MPC) [12]. Among the aforementioned
advanced control methods, optimization control methods
have been more thoroughly studied in recent years to achieve
high control performance.

Model predictive control, as an optimal control method,
has received increasing attention owing to its online
optimization ability, simple structure, and easy-to-include
constraints [13], [14]. However, for several decades, MPC
was only successfully applied in the process and chemical
industries because of its complicated models and slow
rate dynamics [15]. With the rapid increase in computing
hardware performance in recent years, MPC has been
widely implemented in many applications, such as machine
drives [16], controllable power supplies [17], and grid-
connected inverters [18]. In general, the MPC algorithm
is based on the repeated real-time optimization of a
mathematical system model, particularly regarding in the
PMSMmodel [19]. For every sampling time, MPC calculates
the future control action sequence by minimizing a cost
function to include a control objective and uses only the first
element of this control action sequence [20]. Thus, the MPC
method predicts the behavior of the future system in the
next control period and determines control actions through
optimization of the cost function according to the system
state variables [21]. This means that the MPC algorithm
is significantly affected by system uncertainties, including
external disturbances, because system uncertainties cause
prediction errors in the system control behavior and may
degrade the control performance [22].
An extended state observer (ESO) is a very effective

method to compensate for the severe effects of parameter
uncertainties in the PMSM by estimating the state variables
and disturbances, including the load torque [23], [24]. Thus,
various ESO based MPC methods have been studied [25],
[26]. In [27], to minimize the impact of parameter uncertain-
ties, improved MPC algorithms were presented to increase
the robustness and enhance the control performance under
load parameter uncertainty. However, these methods focus
on affecting only one parameter uncertainty in the control
performance. In general, most system models are not specific
to a particular parameter, so all parameter uncertainties and
disturbances must be estimated using an observer to achieve
high control performance. On the other hand, in [13], a simple
disturbance observer was designed to estimate parameter
uncertainties and used for a calculation of reference voltage.
However, this method was designed to compensate only
for electrical parameter uncertainties and did not consider
all system uncertainties, owing to the complexity of the
control structure. Therefore, a simple controller design is
required to estimate all system parameter uncertainties and
disturbances [28].
In this paper, an ESO based model predictive velocity

control is proposed to achieve high control performance
under disturbances and parameter uncertainties in a PMSM.
We propose a single MPC that integrates the control

of both velocity and current in a non-cascade structure.
This innovative approach to velocity control applies a
newly defined acceleration-based PMSM model to design
a robust unified controller that effectively compensates
for disturbances with partial system information. Utilizing
the new model, a external disturbance and acceleration
dynamics, including parameter uncertainties, can be lumped
into the disturbance. The ESO estimates the state variables
and disturbances, allowing the MPC to determine the
optimal control input by predicting future system behavior.
The direct current controller is designed for the direct
current to zero using feedback linearization and ESO-based
MPC, operating within an independent reference frame.
Thus, the combination of the new model and ESO based
MPC improves the velocity tracking performance using the
nominal input parameter. Also, because the proposed method
is not designed based on the cascade structure from the
viewpoint of velocity control, the optimization control for
the velocity and currents can be obtained. Therefore, the
proposed method is robust against external disturbances and
parameter uncertainties owing to feedback linearization, state
feedback, and ESO based MPC for the new PMSM model.
The performance of the proposed method is validated via
experiments.

The main contributions are summarized as follows:
• Unlike conventional PMSM modeling approaches that
rely on precise system information, our method is based
on acceleration dynamics using only input parameter
information. This structure integrates the inner and outer
control loops, enabling high control performance even
under external disturbances and parameter uncertainties.

• The proposed control strategy enhances the robustness
of MPC against external disturbance and parameter
uncertainties by estimating a lumped disturbance, effec-
tively compensating for system uncertainties.

• The newly developed PMSM model, incorporating
acceleration dynamics, eliminates the need for addi-
tional control design while ensuring optimal velocity
control.

• The direct current control based on ESO-based MPC
improves the control performance while minimizing
the requirement for precise system information, thereby
significantly reducing system dependency.

II. PMSM MODEL AND PROBLEM FORMULATION
A. MATHEMATICAL MODEL OF PMSM
Consider the mathematical PMSM model represented in the
d − q frame as follows:

ω̇ =
1
J

[
Kmiq−Bω − τL

]
i̇q =

1
L

[
vq−Riq−PωLid − Keω

]
i̇d =

1
L

[
vd−Rid + PωLiq

]
(1)

where ω is the angular velocity (rad/s), B is the viscous
friction coefficient (N·m·s/rad), J is the inertia of the motor
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(kg·m/rad), Km is the torque constant (rad/s), R is the phase
winding resistance (�), L is the phase winding inductance
(H),P is the number of rotor teeth, τL is the load torque (N·m),
and iq, id , and vq, vd are the direct and quadrature currents (A)
and voltages (V). The load torque perturbation is denoted by
τL . The derivative of the load torque τL with respect to time
exists and is bounded, i.e., τ̇L = δτ is bounded, but unknown.
Among the PMSM parameters, only the nominal value of is
known. The PMSMmodel (1) is a third-order systemwith the
phases d and q voltage inputs and velocity output.

B. MODEL REPRESENTATION
The acceleration α is defined as

α = ω̇

=
1
J

(
Kmiq−Bω − τL

)
. (2)

From (2), the new PMSM is obtained as

ω̇ = α

α̇ =
1
JL

[Kmvq − (JR+ LB)α − (BR+ KmKe

− KmLPid )ω−RτL−L τ̇L]. (3)

We define the input gain gq as

gq =
Km
JL

= gqo + 1gq (4)

where gqo is the nominal value of gq and 1gq represents the
uncertainties in gq. From (1)-(4), the new model of PMSM is
obtained as

ẋ1 = x2

ẋ2 = (gqo + 1gq)u−
1
JL

[(JR+ LB)x2 + (BR+ KmKe

−KmLPid )x1 + RτL + L τ̇L] (5)

where x1 = ω and x2 = α. In (5), the disturbance dq = x3 is
defined as

x3 = 1gqvq −
1
JL

[(JR+ LB)x2 + (BR+ KmKe

−KmLPid )x1 + RτL + L τ̇L]. (6)

Assumption 1: The derivative of the lumped disturbance
x3 is varying and bounded since x3 include τL , i.e., ẋ3,
is bounded but unknown.

From Assumption 1, ẋ3 = δq is bounded. All state
variables in most systems are physically bounded, because
the input is bounded in a practical system [28]. Therefore,
it is reasonable that the lumped disturbance dq composed of
a linear combination of the state variable and parameter is
bounded. Therefore, there exists an upper positive bound such
that sup|δq(t)| = δq,max . The PMSM model (1) for velocity
control without considering id is defined as

ẋ1 = x2
ẋ2 = gqovq + x3 (7)

where x = [x1, x2, x3]T is the state vector. The aim is to make
the velocity x1 tracks the desired velocity x1d using only the
information of gqo.
Remark 1: Generally, id is controlled to a given reference

(typically zero) because it represents internal dynamics from
the viewpoint of velocity control. Therefore, an additional
controller design is required to ensure that id converges to
zero.

III. ESO-BASED MPC CONTROLLER
A. VELOCITY TRACKING CONTROL USING ESO-BASED
MPC
Using Euler’s law, the new normal form of the PMSM for
velocity control in discrete-time is obtained as follows:

xe(k + 1) = Aexe(k) + Bevq(k)

ye(k) = Cexe(k) (8)

where

Ae =

1 Ts 0
0 1 Ts
0 0 1

 ,Be =

 0
goTs
0

 ,Ce =
[
1 0 0

]
.

xe = [x1 x2 x3]T is the state variable vector, k is the time
index, and Ts is the sampling time. An ESO is used to estimate
the lumped disturbance for the MPC. The estimation state
variable vector x̂e is defined as

x̂e =
[
x̂1 x̂2 x̂3

]T
. (9)

Using (7) and (8), the ESO in the discrete-time model is
designed as follows:

x̂e(k + 1) = Aex̂e(k) + Bevq(k) + L(ye(k) − ŷe(k))

ye(k) = Cex̂e(k) (10)

where

L =
[
l1Ts l2Ts l3Ts

]T
.

L is an observer gain. We assume that d(k + 1) = d(k) +

1d(k) where 1d(k) ≤ δmax . Therefore, the estimation errors
are defined as

x̃e = xe − x̂e =

x̃1x̃2
x̃3

 =

x1 − x̂1
x2 − x̂2
x3 − x̂3

 . (11)

From (8)-(11), the estimation error dynamics can be defined
as

x̃e(k + 1) = Aox̃e(k) + Dδ (12)

where

D =

0
0
1

 , δ =
d(k + 1) − d(k)

Ts
,

Ao = Ae−LCe. If the observer gain L is set to be the
eigenvalues of Ao in a unit circle, x̃e converges to the bounded
ball. As an augmented model for the MPC, xq(k) is defined
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as the amount of change in the state variable and the output
as follows:

xq(k) =

1x1(k)
1x2(k)
ye(k)

 (13)

where 1xi(k) = xi(k) − xi(k − 1), i = [1 2] and ye(k) is
the velocity as output. Using (13), the augmented model is
defined as

xq(k + 1) = Aqxq(k) + Bq1vq(k) + Hq1x̂3(k)

yq(k) = Cqxq(k) (14)

where

Aq =

1 Ts 0
0 1 0
1 Ts 1

 ,Bq =

 0
gqoTs
0

 ,

Hq =

 0
Ts
0

 ,Cq =
[
0 0 1

]
.

The predicted output is obtained by using the calculated
future state of the system in the augmented model (14). The
predictive output is defined as

Yq = Fqxq(k) + 8q1vq(k) + Lq1x̂3(k) (15)

where

Fq =

[
CqAq CqA2q CqA3q · · · CqA

Np
q

]T
,

8q =


CqBq 0 · · · 0
CqAqBq CqBq · · · 0
CqA2qBq CqAqBq · · · 0

...
...

. . .
...

CqA
Nq−1
q Bq CqA

Nq−2
q Bq · · · CqA

Np−Nc
q Bq

 ,

Lq =


CqHq 0 · · · 0
CqAqHq CqHq · · · 0
CqA2qHq CqAqHq · · · 0

...
...

. . .
...

CqA
Np−1
q Hq CqA

Np−2
q Hq · · · CqA

Np−Nc
q Hq

 .

(16)

Np is the prediction horizon and Nc is the control horizon.
Using (15), the cost function that reflects the control objective
is defined as

Jq = (Rs − Yq)T (Rs − Yq) + 1vTq R̄q1vq,

R̄q =

rw · · · 0
...

. . .
...

0 · · · rw

 ,RTs =
[
1 1 · · · 1

]
r(ki) (17)

where R̄q is the weight matrices and Rs is the reference of
control. To find the optimal value of 1vq that minimizes

Jq, the first derivative of the cost function is zero. Thus, the
optimal solution for the control signal is obtained as

1vq = (8T
q8q + R̄q)−18T

q (Rs − Fqxq(ki) − Lq1x̂3(k)).

(18)

Finally, the velocity control input through theMPC is defined
as

vq(k + 1) = vq(k) + 1vq (19)

where vq(k) is the velocity control input for velocity tracking.

B. DIRECT CURRENT CONTROLLER USING ESO-BASED
MPC
A feedback linearization for vd is designed to remove the
coupled quadrature current as follows:

vd = ud − PLωiq. (20)

Similarly, in (7), id can be defined as

i̇d = gdoud + dd (21)

where gdo is the nominal value of gd , gd =
1
L = gdo + 1gd ,

and 1gd denotes the uncertainties of gd . dd is the lumped
disturbance for the id dynamics. The lumped disturbance is
defined as the uncertainty of the input parameter and the
system information. The lumped disturbance dd is

dd =
R
L
id + 1gd . (22)

The id dynamics model of PMSM in discrete-time is also
defined as

id (k + 1) = id (k) + Tsgdoud (k) + Tsdd (k). (23)

The ESO is used to estimate the lumped disturbance because
the lumped disturbance is difficult to know exactly. The
state variable vector is xd = [id , dd ]T , and the estimation
state variable vector is x̂d = [îd , d̂d ]T . The ESO in the
discrete-time model is designed as follows:

x̂d (k + 1) = Acx̂d (k) + Bcud (k) + Lc(yd (k) − ŷd (k))

yd (k) = Ccx̂d (k) (24)

where

Ac =

[
1 0
0 1

]
, Bc =

[
gdoTs
0

]
,

Lc =
[
ld1Ts ld2Ts

]T
, Cc =

[
1 0

]
.

yd is the direct current as output and Lc is an observer gain.
The estimation errors are defined as

x̃d = xd − x̂d =

[
ĩd
d̃d

]
=

[
id − îd
dd − d̂d

]
. (25)

From (24) and (25), the estimation error dynamics can be
defined as

x̃d (k + 1) = Adox̃d (k) + Ddδd (26)
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where

Dd =

[
0
1

]
, δd =

dd (k + 1) − dd (k)
Ts

, (27)

Ado = Ac − LcCc. If the observer gain, Lc is set to the
eigenvalues of Ado in a unit circle, x̃d converges to the
bounded ball. id is controlled to converge to zero by theMPC.
In the augmented model, xd (k) is defined as the amount of
change of id and the output.

xd (k)T =

[
1id (k)T

id (k)

]
(28)

where 1id (k) = id (k) − id (k − 1) and id (k) is the output.
Therefore, using (23), the augmented model for id is defined
as

xd (k + 1) = Adxd (k) + Bdud (k) + Hd1d̂d (k)

yd (k) = Cdxd (k) (29)

where

Ad =

[
1 0
1 1

]
, Bd =

[
gdoTs
gdoTs

]
,

Hd =

[
Ts
Ts

]
, Cd =

[
0 1

]
. (30)

The prediction output is obtained using the calculated future
state of the system in the augmented model (29). The
predictive output is defined as

Yd = Fdxd (k) + 8d1ud (k) + Ld1d̂d (k) (31)

where

Fd =

[
CdAd CdA2d CdA3d · · · CdA

Np
d

]T
,

8d =


CdBd 0 · · · 0
CdAdBd CdBd · · · 0
CdA2dBd CdAdBd · · · 0

...
...

. . .
...

CdA
Np−1
d Bd CdA

Np−2
d Bd · · · CdA

Np−Nc
d Bd

 ,

Ld =


CdHd 0 · · · 0
CdAdHd CdHd · · · 0
CdA2dHd CdAdHd · · · 0

...
...

. . .
...

CdA
Np−1
d Hd CdA

Np−2
d Hd · · · CdA

Np−Nc
d Hd

 .

(32)

Subsequently, using (31), the cost function that reflects the
control objective is defined as

Jd = (Rd − Yd )T (Rd − Yd ) + 1uTd R̄d1ud ,

R̄d =

rw · · · 0
...

. . .
...

0 · · · rw

 ,RTd =
[
1 1 · · · 1

]
r(ki) (33)

where R̄d denotes the weight matrices and Rd is the reference
of control. To find the optimal 1ud that minimizes Jd , the

TABLE 1. Hardware specification.

first derivative of the cost function is zero. Thus, the optimal
solution for the control signal id is obtained as

1ud = (8T
d8d + R̄d )−18T

d (Rd − Fdxd (ki) − Ld1d̂d (k)).

(34)

Finally, the direct current control input for MPC is defined as

ud (k + 1) = ud (k) + 1ud . (35)

Fig. 1 shows a block diagram of the proposed method.
The proposed control algorithm consists of two main parts,
velocity tracking control and direct current control. For
the velocity tracking controller, the ESO (10) estimates xe
using the feedback of x1. Then, the MPC (19) generates the
control input vq using x̂e and x1. The direct current controller
is designed so that the direct current converges to zero.
Feedback linearization (20) removes the nonlinear coupled
terms, and the ESO(24) estimates dd using the feedback of id .
Then, the MPC (35) makes the optimal control input ud using
d̂d and id . Thus, the proposed method is designed using two
MPCs to achieve high control performance.

IV. EXPERIMENTAL RESULTS
Experiments were conducted to evaluate the control perfor-
mance of the proposed method by using a PMSM driver set.
The experimental setup consisted of a host computer with
ControlDesk software, a three-phase inverter (Rapid-Pro),
a PMSM (APM-SB03ADK-9, Kwapil and company), and
the SCALEXIO real-time system manufactured by dSPACE
GmbH. A host computer was used to implement the
control program generated through MATLAB/Simulink in C
language, compile the program, and upload the executable
output code to the SCALEXIO real-time system. The three-
phase inverter(Rapid-Pro) consisted of three half bridge
power stage modules. The PMSM was directly connected
to an incremental encoder (2500 pulses/revolution). The
switching frequency was set at 20 kHZ. Fig. 2 shows the
hardware configuration of the PMSM driver set. The detailed
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FIGURE 1. Block diagram of proposed method.

FIGURE 2. PMSM experimental testbed.

hardware specifications are listed in Table 1. The maximum
desired angular velocity was 20π rad/s. The load torque,
which is an external disturbance, was injected using a powder
brake. The viscosity of the powder positioned between the
rotor and stator was generated by the current applied to
the powder brake. Therefore, the load torque injected by
the powder brake can be expressed as

τL =

 0 (5 ≤ t < 10)

0.25 sin
(
5π t
2

)
+ 0.3 (10 ≤ t ≤ 15)

(36)

The load torque τL was injected, as shown in Fig.3.
The parameters of the PMSM listed in Table 2 were

used. The observer gain L in the ESO was determined using
MATLAB’s place function based on the linearized plant
model. The gain was selected to ensure fast disturbance

TABLE 2. Model parameter and control gain.

FIGURE 3. Load torque injected by the powder brake.

estimation while avoiding excessive sensitivity to noise.
The prediction horizon, Nc = 2, was chosen to reduce
computational load while maintaining acceptable prediction
accuracy. The control weight was selected to smooth control
actions without compromising tracking performance. These
parameters were tuned empirically through simulation to
ensure reliable control behavior under various conditions.

The following two cases were conducted to evaluate the
performance of the proposed method.

1) Case 1: Velocity tracking control ESO based MPC
using conventional PMSM model.

2) Case 2: Proposed method.

In Case 1, the nominal PMSMmodel was used through MPC
based on an ESO. The feedback linearization for the d − q
input voltages was designed to remove coupled nonlinear
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FIGURE 4. Block diagram of Case 1.

FIGURE 5. Velocity errors in Cases 1-2 in Scenario 1.

terms as follows:

vd = ud−pLωiq
vq = uq + pLωid . (37)

The disturbance in velocity dynamics was defined as

d = τL . (38)

The ESO was defined as

ω̂(k + 1) = ω̂(k) −
Ts
J

[
−Bω̂(k) + Kmiq(k) − d̂(k)

]
+ Tslq1(ω(k) − ω̂(k))

îq(k + 1) = îq(k) +
Ts
L

[
−Keω̂(k) − Rîq(k) + vq(k)

]
+ Tslq2(ω(k) − ω̂(k)). (39)

FIGURE 6. Estimated lumped disturbances in velocity dynamics of
Cases 1-2 in Scenario 1.

The control input for velocity control was defined as

uq(k + 1) = uq(k) + 1uq (40)

where 1uq was obtained from the MPC cost function. This
controller was designed to compensate for only mechanical
disturbance, τL , using the ESO. The direct current control was
designed to be the same as that in the proposed method. The
observer gains were set as lq1 = 1.518 ×103, lq2 = −301.2.
The observer gains for id and the MPC gains listed in Table 1
were used. A block diagram of the Case 1 algorithm is shown
in Fig. 4.

In Case 2, the proposed control algorithm was used. The
observer gains were set as l1 = 2022, l2 = 1.3 × 106,
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FIGURE 7. Direct current and lumped disturbance in direct current
dynamics of Cases 1-2 in Scenario 1.

and l3 = 3.05×108. Same as in Case 1, the observer gains
for id and the MPC gains listed in Table 1 were used.

Experiments were conducted to validate the velocity-
tracking performance of all cases. The experiments were
conducted under the following two scenarios:

1) Scenario 1: Velocity control was conducted without
parameter uncertainties.

2) Scenario 2: Velocity control was conducted with 30%
parameter uncertainties.

A. SCENARIO 1
The model parameters used in the experiment are the above
mentioned values, in which τL represents the load torque.
Fig. 5 shows the velocity tracking error, eω = ω − ωd .
The peaks of velocity tracking in both Cases appeared at
t = 10 due to the injected load torque, but both peaks
rapidly decreased. On the other hands, Although the tracking
error peaks in Case 2 were slightly larger than those in
Case 1, the velocity tracking in both Cases had similar
control performance. Fig. 6 shows the estimated lumped

FIGURE 8. Direct and quadrature voltages of Cases 1-2 in Scenario 1.

FIGURE 9. Velocity errors in Cases 1-2 in Scenario 2.

disturbance in the velocity tracking controller. Compared to
Case 1, the estimated lumped disturbance in Case 2 had
large values because all parameter uncertainties except for
the input parameter were designed to be estimated. After
10 s, when the load torque was injected, the oscillation
of the estimated lumped disturbance in both Cases was
accompanied by the load torque. Although the estimated
disturbance in Case 1 was only load torque, the estimated
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FIGURE 10. Estimated lumped disturbances in velocity dynamics of
Cases 1-2 in Scenario 2.

lumped disturbance in Case 1 had higher values than the
injected load torque shown in Fig. 3 because of several
unavoidable reasons, such as non-ideal sinusoidal flux
disturbance and ripples of pulse width modulation. Fig. 7
shows the direct current and estimated lumped disturbance in
the direct current controller. The direct current controllers in
both Cases had similar and satisfactory control performance
because the same controller was applied. The input voltages
are shown in Fig. 8. Direct voltages in both Cases also had
similar values because estimated lumped disturbances in the
direct current controller in both Cases had similar values.

B. SCENARIO 2
In Scenario 2, to validate the robustness of the performance
of the proposed method, the experiment was performed with
30% parameter uncertainties. The other parameters were
the same as those in Scenario 1. Velocity tracking errors
are shown in Fig. 9. The magnitude of the ripples of the
velocity tracking error in Case 1 increased than in Case 2.
The tracking error in Case 1 increased by 10% compared to
that in Case 2 at 5-10 seconds and increased by 25% at 10-15
seconds after injecting the load torque. Meanwhile, the ripple
of the velocity tracking error in Case 2 exhibited no obvious
change compared to Scenario 1. It can be seen that the control
algorithm in Case 2 was robust to system uncertainties,
whereas the controller in Case 1 was susceptible to parameter
uncertainties. In other words, the existence of parameter
uncertainties in Case 1 led to a velocity tracking error, which
aggravates the control performance of the entire control
system. Fig. 10 shows the estimated lumped disturbance

FIGURE 11. Direct current and lumped disturbance in direct current
dynamics of Cases 1-2 in Scenario 2.

for the velocity tracking controller. The estimated lumped
disturbances in both Cases had more oscillations than in
Scenario 1 due to parameter uncertainties. Fig. 11 shows the
direct current and estimated lumped disturbances in the direct
current controller. The direct current in Case 1 was smaller
than that in Scenario 1 because the input parameter was set
to increase. Meanwhile, in Case 2, the direct current was
similar to that in Scenario 1 because the lumped disturbance
values in the direct current controller were reduced compared
to those in Scenario 1. Although the direct current controller
in Case 1 had better control performance than that in Case 2,
the velocity tracking control in Case 2 was significantly more
robust than that in Case 1 because the direct current was an
internal dynamic of the PMSM. The voltages are shown in
Fig. 12. The voltage values in both Caseswere similar to those
in Scenario 1, even under parameter uncertainties. Therefore,
the quadrature voltage in Case 2 was slightly reduced because
the parameter uncertainties were set by increasing the input
parameter.
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FIGURE 12. Voltages of Cases 1-2 in Scenario 2.

V. CONCLUSION
In this paper, we proposed an ESO based model predic-
tive velocity control to achieve high control performance
under disturbance and parameter uncertainties for a new
PMSM. The proposed method was designed to estimate the
lumped disturbance based on the new PMSM model that
uses acceleration dynamics instead of quadrature current
dynamics. Thus, the proposed velocity tracking controller
compensated for the uncertainties of the entire PMSM
because it was not designed based on a cascade structure.
The experimental results showed that the proposed control
algorithm is robust against parameter uncertainties. Although
ripples were caused by several unavoidable factors, including
low encoder resolution, pulse width modulation ripples, and
non-ideal sinusoidal flux disturbances, the velocity tracking
errors of the proposed method were small in the steady
state responses compared to the conventional PMSM model.
The combination of the new model and ESO based MPC
improved the velocity tracking performance.
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