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Abstract—The parameter mismatch problem has a great im-
pact on the control performance of model predictive control,
which is however unavoidable during the operation. In order to
improve the system robustness against the parameter mismatches
and disturbances, an improved direct model predictive current
control with a disturbance observer is proposed in this paper,
where the disturbance observer is realized by an incremental
moving horizon estimator. Moreover, another concern raised
from the applications of direct model predictive current control
is the computational burden, especially for the long-horizon
implementations. Therefore, a dual reference frame solution for
the surface permanent magnet synchronous motor (SPMSM) is
proposed in this paper to allocate a great proportion of heavy
computations required for the optimization problem to the offline
preparation, which can reduce the computational burden by
almost 50% on average for a prediction horizon of five time steps.
Besides, the parameter mismatch effects of individual electrical
parameters on the control performance of the model predictive
direct current control method are investigated and quantified via
simulations. A five-step direct model predictive current control
is implemented on a dSPACE system with a sampling frequency
of 20 kHz to validate the effectiveness of the proposed scheme
with a SPMSM drive system.

Index Terms—FCS-MPC, predictive control, disturbance ob-
server, PMSM

I. INTRODUCTION

THE permanent-magnet synchronous machine (PMSM)
has been widely used in high-performance applications

because of its considerable advantages, such as high power
density, high efficiency and good dynamic performance. How-
ever, due to the nonlinear nature of the PMSM drive system,
adoption of a linear controller, e.g. proportional-integral (PI)
control, can hardly obtain satisfactory control performance.
To tackle this problem, control methods, such as robust
control, fuzzy control and model predictive control (MPC),
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have been implemented in the PMSM system. Among them,
MPC has received significant attention for the control of power
electronics and electrical drives [1] thanks to the advances in
microprocessors and efficient numerical optimization methods.
It has been applied to various applications [2], [3] because of
its advantages, such as the ability to include constraints, the
fast dynamic response and capability to handle the system
nonlinearities.

MPC can be roughly divided into two groups: the
continuous-control-set model predictive control (CCS-MPC)
and the finite-control-set model predictive control (FCS-MPC).
CCS-MPC computes the predefined optimization problem for
the control problem and requires a modulator to actuate
the voltage command. Different from the CCS-MPC, FCS-
MPC takes advantage of the discrete nature of the power
converters and computes directly the switching states for the
inverter. Several comparative studies have been carried out
between CCS-MPC and FCS-MPC for AC machine drive
systems [4]–[6]. As it is indicated in [5], CCS-MPC has lower
requirement on the sampling time and FCS-MPC can achieve
faster dynamic performance. Nonetheless, because of the ad-
vantages of FCS-MPC, e.g. straightforward implementation,
comparatively simple principle and fast dynamic response, it
has been applied for various power converters [7]–[11].

A main disadvantage of FCS-MPC is the computational
burden of solving the underlying optimization problem with a
long prediction horizon, since the problem is NP-hard, i.e.
the computational complexity increases exponentially with
the prediction horizon and the voltage levels of the power
converter [12]. In many applications, the prediction horizon
is chosen to be one, aiming to enable the real-time im-
plementation of FCS-MPC. However, as it is indicated in
[13], [14], MPC benefits from a long prediction horizon in
terms of steady-state operation and current distortions. More
specifically, a long prediction horizon improves the control
performance of FCS-MPC in high-order system more signifi-
cantly than the one-step alternative. Therefore, several works
focusing on reducing the computational burden of the long
horizon FCS-MPC have been carried out [15]–[17].

Besides, the parameters in PMSMs vary during the op-
eration. For example, the resistance is influenced by the
temperature, the inductance can be described as a function
of the current, and the permanent magnet flux linkage can be
affected by the environmental condition, e.g. the temperature
and humidity. Moreover, the manufacturing error exists and
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is normally restrained within certain tolerance. Therefore,
it causes small unbalances among phases. A mathematical
analysis has been carried out to analyze the prediction error
caused by the parameter uncertainties in a three-phase two-
level inverter [18], which indicates that the changes of the
load resistance may affect the steady-state error, and the load
inductance will have impact on the current ripple as well
as on the harmonic distortion. [19] analyzed the impacts of
parameter mismatches on the long-horizon FCS-MPC for a
PMSM drive system.

In general, the influence of the parameter mismatch can be
attenuated by modifying the controller or by compensating for
the related disturbances. In [20], a model-free MPC was pro-
posed to deal with the parameter variation problem. However,
in order to tackle the stagnation problem, a minimum refresh
frequency is deployed, which can result in a non-optimum
solution of the MPC. An improvement of this method has
been given in [21], where the PMSM model is reconstructed
based on two most recent current variations. In [22], the
parameter mismatch problem was tackled by integrating the
prediction errors into the prediction stage. Besides, the robust
MPC is also widely applied to improve the system stability.
For example, in [23], a Lyapunov-based robust MPC was
proposed and validated with experiments. But the robust MPC
methods tend to be conservative, which may result in a
compromised nominal performance. In [24], a proportional-
integral cost function was proposed to mitigate the parameter
mismatch for FCS-MPC controlled PMSM drive systems. An
alternative for dealing with the parameter mismatch problem
is deploying the disturbance observer to estimate the resulted
disturbances. Authors in [25] employed an incremental pre-
diction model and an inductance disturbance observer, which
applied the incremental model to eliminate the influence from
the permanent magnet flux linkage and bypassed the impacts
from the resistance. A similar methodology was applied to
the dual three-phase PMSM system in [26]. An extended
high-gain state observer [27] was deployed to estimate the
disturbances. Besides, a comprehensive comparison among
different disturbance observers was given in [28]. The sim-
ulation and experimental results showed that the deployment
of the disturbance observer can improve the reference tracking
performance and the disturbance rejection ability.

Given the above methods, this paper presents an optimal
disturbance observer that enhances the robustness of FCS-
MPC to model uncertainties over the whole range of operating
points. Moreover, to facilitate the real-time implementation
of the proposed scheme, a dual reference frame modelling
is adopted that manages to not significantly tax the already
pronounced computational requirements of long-horizon FCS-
MPC. Specifically, the main contributions of this paper can be
summarized as follows.
• Firstly, the effects of parameter mismatches on a sur-

face permanent magnet synchronous motor (SPMSM)
drive system under the finite-control-set model predictive
current control (FCS-MPCC) are comprehensively simu-
lated. The corresponding quantitative assessment is also
given.

• In order to improve the robustness of the drive system

and guarantee the control performance under the exis-
tence of any type of disturbances, a moving horizon
estimator (MHE) is implemented as disturbance observer,
through which the external disturbance is estimated. Con-
sequently, the estimated disturbance is integrated in the
direct control problem. MHE formulates the estimation
problem as an optimization problem and provides the ca-
pability of including the system constraints, thus ensuring
effective disturbance rejection.

• Furthermore, in order to reduce the computational burden
of the optimization problem of long-horizon FCS-MPCC
and guarantee its real-time feasibility, the control problem
of the SPMSM is formulated in the αβ reference frame.
This enables the reduction of the computational burden
by allowing for the time-invariant parts of the model to
be computed offline, thus greatly alleviating the real-time
computational effort.

The remainder of the paper is organized as follows. The
system model of a SPMSM in the dq as well as in the
αβ reference frame is given in Section II. The basics of
the long horizon model predictive direct current control, i.e.
the cost function and the constraints, are also explained. In
Section III, the moving horizon estimator and the proposed
dual reference frame real-time model predictive direct current
control with long horizons are presented. The impact of the
parameter mismatches on the steady-state error of the tracking
problem is shown in Section IV. Subsequently, in Section V,
the experimental results investigating the feasibility of the
proposed method in real time and its effectiveness against
the parameter mismatches are demonstrated and discussed.
Finally, Section VI draws conclusions for this paper.

II. PROBLEM FORMULATION

A. System Model

The mathematical model of a PMSM is formulated in the
rotating reference frame in most applications. However, in this
paper, both reference frames, namely the dq reference frame
and the αβ reference frame, are employed. The dq reference
frame is the rotating reference frame, which rotates with the
synchronous angular frequency, while the αβ reference frame
is the stationary reference frame. The stator voltage equation
of a PMSM in the dq reference frame is firstly presented,
which can be given as

usd = Rs isd +
dψsd

dt
− ωeψsq ,

usq = Rs isq +
dψsq

dt
+ ωeψsd ,

(1)

where
ψsd = Ld id + Ψm ,

ψsq = Lq iq ,
(2)

and us and is denote the voltages and the currents of a PMSM
in the dq reference frame, respectively. Rs represents the stator
resistance. ψsd and ψsq are the stator flux linkage in the d- and
q-axis, respectively. Ld and Lq denote the inductance of d- and
q- axis. Ψm represents the permanent magnet flux linkage. ωe
denotes the electrical angular speed.
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The PMSM system model in the stationary two-axis refer-
ence frame, which is also called the αβ reference frame, is
furthermore given. The system model in the αβ-domain can
be derived from (1) via the inverse Park transformation [29].
Since the SPMSM is discussed in this paper, where Ld = Lq
can be assumed, the equations in (1) can be written in the αβ
reference frame as[

usα
usβ

]
=

[
Rs 0
0 Rs

] [
isα
isβ

]

+

[
Ls 0
0 Ls

]diα
dt

diβ
dt

+ ωeΨm

[
− sin(θe)
cos(θe)

]
.

(3)

The system model of a SPMSM in the dq reference frame
given in (1) can be discretized via the forward Euler method
and rewritten in a compact form as

xFk+1 = AFxFk +BFuFk +EF
k ,

yFk = CxFk ,
(4)

where the superscript F denotes the dq reference frame. x and
y represent the system states and measurements, respectively.
They are given as [id iq]

T . uFk denotes the voltage [ud uq]
T ,

which is transformed from three-phase switch states v via the
Park transformation. EF is the term including the permanent
magnet flux linkage Ψm, which is denoted by [0 −ωeTs

Ψm
Lq

]T .
Ts denotes the sampling interval.

Analogously, the system model of a SPMSM in the αβ
domain can be rewritten as

xSk+1 = ASxSk +BS Tc vk +ES
k ,

ySk = CxSk ,
(5)

where the superscript S denotes the αβ reference frame.
Tc denotes the Clarke transformation, which transforms the
quantity in three-phase domain into αβ domain. The states
and the measured output are given as xS := [iα iβ ]T and
yS := [iα iβ ]T , respectively. v denotes the switching states
of three phases, i.e. v := [va vb vc]

T .

B. Long Horizon Direct Model Predictive Current Control

The direct model predictive controller, which is also referred
as FCS-MPC, aims to compute the switching signals for the
inverter. As it is indicated in [13], a long prediction horizon
of MPC is beneficial for closed-loop stability and the control
performance. However, the most applied method to solve
the reference tracking problem arisen from the direct current
control problem of PMSM is the exhaustive enumeration.
Its computational complexity increases exponentially with the
dimension of the optimizer [12]. In [15], an efficient approach
is proposed to reduce the computational burden of FCS-MPC
with the long prediction horizon. In this paper, the symmetry
of the SPMSM in the αβ reference frame is utilized to further
reduce the computational burden, which can be regarded as
a further improvement regarding the computational efficiency
based on the work in [30].

RFCS-MPCC

FCS-MPCC

MHE

VSI

abc

αβ

abc

dq

dq
αβ

PMSM

Load

yr v

i

u

ωr

iF

uF

ε̂F îF

ε̂S îS

iS

Fig. 1: The proposed RFCS-MPCC strategy for the reference tracking in
PMSM drive system.

The long-horizon model predictive direct current control for
a SPMSM drive system can be formulated as an optimization
problem Pc in the following [15]

minimize
V

J =

k+Np−1∑
j=k

‖yr, j+1 −C xSj+1‖22 + λ‖vj − vj−1‖22

subject to xSj+1 = AS xSj +BS Tc vj +ES ,

vj ∈ V× V× V ,
(6)

where Np is the prediction horizon. Vk denotes the control se-
quence and can be given as Vk := [vTk v

T
k+1 . . . vTk+Np−1]T .

V is the feasible set of the control output, which can be given
as

V := {−1, 1} (7)

for the two-level inverter.

III. PROPOSED DUAL REFERENCE FRAME REAL-TIME
FCS-MPCC

The underlying optimization problem includes the system
model as the constraint, as presented in (6). This characteristic
of the FCS-MPCC results in the sensitivity of the FCS-MPCC
to the model inaccuracy. A moving horizon estimator based
disturbance observer is employed in this paper to improve the
system robustness against the parameter mismatches. MHE
exhibits high dynamic performance and is capable to handle
the system constraints. Many works have shown the superi-
ority of MHE over other estimators [31], [32]. The overall
block diagram of the proposed dual reference frame real-time
long-horizon robust finite-control-set model predictive current
control (RFCS-MPCC) is shown in Fig. 1. The disturbance
observer delivers the estimated current and the disturbance
to the controller, where the estimator is established in the dq
domain to guarantee the estimation accuracy, and the controller
is set up in the αβ domain to reduce the computational burden
in real time.
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A. Moving Horizon Estimator

The moving horizon estimator is implemented to estimate
the disturbance caused by the parameter mismatch, of which
the estimation accuracy is guaranteed by formulating the
estimator in the dq reference frame. This is because the
estimation of a constant value is in general easier than the
estimation of a varying value. The incremental MHE for the
estimation can be formulated as an optimization problem Pe
at time k over a horizon of Ne and is written as [33]

minimize
x̂,∆ε̂

Jobs

subject to x̂Fj+1 = AF x̂Fj +BFuFj +EF + ε̂Fj ,

ε̂Fj+1 = ε̂Fk + ∆ε̂Fj ,

(8)

where

Jobs =

k∑
j=k−Ne+1

‖yFj −Cx̂Fj ‖2Q +

k−1∑
j=k−Ne+1

‖∆ε̂Fj ‖2R .

The optimization problem Pe in (8) is then sorted as a matrix
formulation after substituting the system state-space model
into the cost function, which can be given as

Jobs = (Y F − Ŷ F )TQ (Y F − Ŷ F ) + (∆Ê
F

)TR∆Ê
F

(9)

where Y F is the sequence of measurements, which can
be written as Y F := [yTk−Ne+1 yTk−Ne+2 . . . yTk ]T ,
∆Ê is the sequence of the disturbance increments over
the estimating horizon, which can be denoted by ∆Ê :=
[∆ε̂Tk−Ne+1 ∆ε̂Tk−Ne+2 . . . ∆ε̂Tk ]T . Ŷ is the sequence of
the estimations on the output variables, which is defined
as Ŷ := [ŷTk−Ne+1 ŷ

T
k−Ne+2 . . . ŷTk ]T . Furthermore, Ŷ

can be formulated as a function of the initial value of
the estimated state x̂k, the sequence of the applied voltage
U := [uFk−Ne+1

T
uFk−Ne+2

T
. . . uFk

T
]T and the estimated

disturbance ε̂k as

Ŷ F = ΠF x̂Fk +ΛF UF +ΣF (EF + ε̂Fk )+ΦF∆Ê
F
, (10)

where ΠF , ΛF , ΣF and ΦF are given in the appendix. The
problem Pe is then solved with

∇
∆ÊF Jobs = 0 . (11)

By substituting (10) into (9), the solution of (11) can be
derived as

∆Ê
F

= ((ΦF )T QΦF +R)−1(ΦF )TQξ , (12)

where

ξ = Y F −ΠF x̂Fk −ΛF UF −ΣF (EF + ε̂Fk ) . (13)

Here it is important to point out that the stability of MHE
has been addressed in works such as [34]. Hence, by properly
designing the MHE scheme, the asymptotic stability is ensured
[34].

B. Real-Time Long Horizon Model Predictive Direct Current
Control

After obtaining the estimates x̂F and ε̂F from the afore-
mentioned MHE, the inverse Park transformation is deployed
to transform the quantity from the dq reference frame to
the αβ reference frame. The Park transformation is given by
xdq = Tp xαβ with

Tp =

[
cos θe sin θe
− sin θe cos θe

]
. (14)

The optimization problem in (6) is then reformulated for the
RFCS-MPCC by replacing the currents and the disturbance
with their estimates and extrapolating them within the predic-
tion horizon. RFCS-MPCC is then given as

minimize
V

J =

k+Np−1∑
j=k

‖yr, j+1 −C x̂j+1‖22 + λ‖vj − vj−1‖22

subject to x̂Sj+1 = AS x̂Sj +BS Tc vj +ES + ε̂Sj ,

vj ∈ V× V× V .
(15)

The cost function in (15) is then reformulated regarding the
control sequence Vk as

J = θk + 2(Θk)TVk + ‖Vk‖2Ht
(16)

where

θk :=‖Yr −ΠS x̂k −ΦS T (EF + ε̂Fk )‖22 + λ‖δvk−1‖22 ,
Θk :=((Yr −ΠSx̂k −ΦST (EF + ε̂Fk ))TΥ− λ(δvk−1)TS)T

Ht :=ΥTΥ + λSTS ,

where Yr denotes the output reference trajectory over the
prediction horizon Np. The matrices ΠS , ΦS , Υ, S, T and
δ are given in the appendix.

Analogously to [15], the optimization problem in (15) can
be simplified and rewritten more compactly as a problem
finding

V ∗ = arg min
Vk

‖HVk − V̄k‖22 , (17)

where HTH = Ht and V̄k := H(−H−1
t Θk). It is worth

mentioning that the matrices ΠS , ΦS and Υ can be computed
offline, since they are only related to the system matrix AS ,
the input matrix BS , the output matrix C and the Clarke
transformation matrix Tc , which are time invariant. Therefore,
the computation of the intermediate matrices H−1

t and H
is then allocated offline, which reduces the online computa-
tional burden significantly. After constructing the optimization
problem, the problem in (15) is then solved with the sphere
decoding algorithm in [15]. The complete procedure, that
describes the tasks performed offline and in real time, is given
in Procedure 1.

IV. IMPACT OF THE PARAMETER MISMATCHES

The effect of the parameter mismatches on the SPMSM
is studied via theoretical analysis and simulations in this
section. The parameters of the real PMSM drive system may
differ from the those used in the controller. On the one hand,
the environmental conditions, e.g. the temperature and the
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Procedure 1 Computation procedure of RFCS-MPCC

1: Compute the matrices ΠS , ΦS , and Υ, and, consequently,
H−1
t and H

2: while online do
3: Measure the current
4: if MHE is activated then
5: Solve the optimization problem in (8) to obtain ε̂F

and îF

6: Transform the dq quantities into the αβ-frame,
i.e., acquire ε̂S and îS , and feed them into the current
controller

7: end if
8: Solve the optimization problem (15)
9: Deliver v∗ to the inverter

10: end while

humidity, have influence on the parameter value. On the other
hand, the working conditions can also affect the machine
parameters. The conventional FCS-MPCC is established on
the nominal system model, where the nominal parameters
that are either measured offline or directly obtained from the
manufacturer’s data sheet are employed. Therefore, the control
performance can deteriorate due to the parameter mismatches
[19]. Recall the nominal current prediction model based on
(3), the current predictions including the parameter mismatch
effect can be given as

iα, k+1 =
(

1− Rs + ∆R

L0 + ∆L
Ts

)
iα, k

+
ωe (Ψm + ∆Ψ)

L0 + ∆L
Ts sin(θe) +

Ts
L0 + ∆L

uα, k ,

iβ, k+1 =
(

1− Rs + ∆R

L0 + ∆L
Ts

)
iβ, k

−ωe (Ψm + ∆Ψ)

L0 + ∆L
Ts cos(θe) +

Ts
L0 + ∆L

uβ, k ,

(18)

where ∆R, ∆L and ∆Ψ denote the bias of the parameters.
The prediction error accumulates as the prediction horizon
increases. However, because of the inclusion of the discrete
nature of the inverter and the implementation of the receding
horizon policy in FCS-MPCC, the impact of the parameter
mismatch is difficult to be quantified through theoretical
analysis. Therefore, simulations are conducted, which aims to
quantify the resulted control performance of the FCS-MPCC.

The corresponding simulation results are shown in the fol-
lowing, where the simulations are designed based on different
rates of parameter change and various working points. The
ratio rp is applied to indicate the relationship between the
parameter values in the controller and their actual value, which
is given by

rp =
pc
pm
× 100% , (19)

where pc is the value of the parameter in the current controller
and pm is that in the motor. The effect of the parameter
mismatch is quantified by the steady-state offset ei, which
is computed by

ei =
‖i− ir‖2

IN
, (20)

Fig. 2: The steady-state error ei caused by the parameter mismatch of Rs for
the FCS-MPCC with Np = 1.

Fig. 3: The steady-state error ei caused by the parameter mismatch of Rs for
the FCS-MPCC with Np = 5.

where i denotes the measured current, ir is the reference
current and IN is the rated current. Different scenarios are
tested for both Np = 1 and Np = 5. The simulation results are
summarized and illustrated in Fig. 2 - Fig. 7, where the actual
values ei are denoted by black dots and the maps are fitted
in MATLAB. The simulations are carried out at a switching
frequency around 1.5 kHz.

The impact from the Rs mismatch is presented in Fig. 2 for
Np = 1 and in Fig. 3 for Np = 5. It can be noted that in the
context of the Rs mismatch the rate of the parameter mismatch
rp has less impact than the load condition on the steady-state
error. Moreover, the relationship between the load condition
and the steady-state error at the same rate of Rs change is
nonlinear. For the one-step control, the largest error appears at
full-load condition, while it can be found at no-load condition
for Np = 5.

Furthermore, the impact of the Ls mismatch is investigated.
Different from the CCS-MPC, for which Ls can affect the
closed-loop system stability, FCS-MPC remains stable under
the parameter mismatch of Ls [35]. It can be explained by the
fact that the FCS-MPC directly employs the discrete nature of
the inverter and therefore less sensitive to the model accuracy
than the CCS-MPC. Moreover, the parameter mismatch of Ls
can induce larger steady-state error than Rs, which amounts
up to 4% for Np = 1 and more than 3% for Np = 5. It can
be observed from Fig. 4 that the rate of parameter mismatch
has a positive relationship with the steady-state error, but this
relationship is not symmetric about rp = 100%, which can be
traced back to the fact that the term associated with Ls appears
at the denominator in (18). This asymmetry is more obvious in
Fig. 5. More specifically, the relationship between the rate of
change and the steady-state error is rather nonlinear. Different
from Rs, the largest steady-state error caused by Ls mismatch
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Fig. 4: The steady-state error ei caused by the parameter mismatch of Ls for
the FCS-MPCC with Np = 1.

Fig. 5: The steady-state error ei caused by the parameter mismatch of Ls for
the FCS-MPCC with Np = 5.

can be found at the full-load and rp = 50% for both one-step
and multistep FCS-MPCC.

It can be noted from Fig. 6 and Fig. 7 that the parameter
mismatch of Ψm causes more steady-state error for the FCS-
MPCC with Np = 5 than for the FCS-MPCC with Np = 1.
For the one-step FCS-MPCC, the variation of Ψm in a range
from rp = 50% to rp = 150% can result in a steady state
error up to 8% of the rated current. Nonetheless, it can cause
a steady-state error of FCS-MPCC with Np = 5 up to almost
15% of the rated value. Different from the simulation results
of Ls mismatch, the steady-state error resulted from the Ψm
mismatch is symmetric about rp = 100% for Np = 1 and
positively related to rp for Np = 5.

Conclusions can be drawn from the simulation results and
the associated observations. Firstly, the stator resistance has
the least impact on the control performance of FCS-MPCC,
while the permanent magnet flux linkage can cause the largest
steady-state error. Moreover, the influence from the parameter
variation of Rs and Ls is nonlinear with respect to the
operating condition. On the contrary, the steady-state error
resulted from the parameter variation of Ψm is nearly linear
with respect to the load torque. For a certain load condition,
the steady-state error is positively dependent on the ratio of
the Ψm variation.

V. EXPERIMENTAL EVALUATION

The proposed RFCS-MPCC and the conventional FCS-
MPCC are implemented on a dSPACE system, in order to
validate the feasibility of the formulated optimization problem
in real-time application and the effectiveness of the proposed
RFCS-MPCC against the parameter mismatches. The dSPACE
SCALEXIO real-time system consists of a 4 GHz Intel XEON
processor and a Xilinx Kintex-7 field-programmable gate array
(FPGA). The drive system comprises a SEW-MDX inverter

Fig. 6: The steady-state error ei caused by the parameter mismatch of Ψm
for the FCS-MPCC with Np = 1.

Fig. 7: The steady-state error ei caused by the parameter mismatch of Ψm
for the FCS-MPCC with Np = 5.

and a 1024-ppr incremental encoder. The sampling time is set
to Ts = 50 µs. The DC-link voltage is around 560 V. The
investigated PMSM is coupled with an IM rated 2.2 kW. The
parameters of the PMSM are given in Table. I.

The proposed RFCS-MPCC and the conventional FCS-
MPCC were tested under various scenarios, i.e. the parameter
mismatch of Ψm and Ls with rp = 50% as well as with
rp = 150%. However, only the experimental results of rp =
50% are included to keep the presentation of the results and
the subsequent impact on the control performance succinct,
concise and simple. Similar conclusions for the results of
rp = 150% can be drawn from rp = 50%. Therefore, the
results of rp = 150% are omitted. A load step from 0% to
50% of the rated torque is added at t = 2 s and another load
step from 50% to full load is conducted at t = 4 s.

A. Performance under the Nominal Condition

Firstly, both methods are tested under the nominal condition,
i.e. with the nominal parameters listed in Table. I. The exper-
imental results are shown in Fig. 8 and Fig. 9. They indicate
the comparison under the Np = 1 control and the Np = 5
control, respectively.

It can be observed from Fig. 8 that the FCS-MPCC and
RFCS-MPCC yield similar performance under the nominal
condition with Np = 1 and Np = 5. Moreover, in Fig. 9,
a similar phenomenon can be observed. However, a smaller
current ripple during steady state with RFCS-MPCC is worth
mentioning.

B. Performance under the Variation of Ψm

The first validating scenario is the parameter variation of the
permanent magnet flux linkage Ψm. The measurements under
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TABLE I: Parameters of PMSM

Parameter Symbol PMSM

Rated voltage UN 380 V

Rated current IN 6.3 A

Rated speed wmN 3000 rpm

Rated torque TN 10.5 N m

Number of pole pairs np 3

Nominal permanent flux Ψm 0.26 Wb

Nominal phase resistance Rs 0.95 Ω

Nominal inductance Ls 9.6 mH
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Fig. 8: Comparison between the RFCS-MPCC and FCS-MPCC with Np = 1
under the nominal condition. The figures of the left column denote the
performance of FCS-MPCC and the figures of the right column represent
the control performance of the proposed RFCS-MPCC. (a) and (b) denote
the tracking performance of d-current. (c) and (d) represent the tracking
performance of q-current. (e) and (f) are the switching frequencies.

rp = 50% are presented in Fig. 10 for Np = 1 and in Fig. 11
for Np = 5.

It can be noted from Fig. 10 and Fig. 11 that the decrease
of the Ψm value generates a negative steady-state offset. More
specifically, a steady-state error around 25% of the rated
current in q-axis can be observed at Np = 1, which is around
13% of the rated current at Np = 5. On the d-axis, a steady-
state error can also be noticed, which however is smaller than
that on the q-axis. Nonetheless, the implementation of the
proposed RFCS-MPCC mitigates the steady-state error caused
by the decrease of Ψm effectively.

Moreover, the convergence of the estimated disturbance is
shown in Fig. 12 for both cases Np = 1 and Np = 5, while the
drive system is being operated at steady state with id = 0 per
unit (p.u.) and iq = 1 p.u. and the initial values of the estimator
are zeros. The MHE is activated at t = 0.05 s. As it is shown
in the figure, the estimated disturbance quickly converges to
the new steady state after the activation of the estimator.
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Fig. 9: Comparison between the RFCS-MPCC and FCS-MPCC with Np =
5 under the nominal condition. The figures of the left column denote the
performance of FCS-MPCC and the figures of the right column represent the
control performance of the proposed RFCS-MPCC.
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Fig. 10: Comparison between the RFCS-MPCC and FCS-MPCC with Np = 1
under the parameter mismatch of Ψm with rp = 50%. The figures of the left
column denote the performance of FCS-MPCC and the figures of the right
column represent the control performance of the proposed RFCS-MPCC.

C. Performance under the Variation of Ls

FCS-MPCC and RFCS-MPCC are further tested under the
parameter mismatch of Ls. The experimental results of rp =
50% are shown in Fig. 13 and Fig. 14, respectively.

Steady-state errors can also be observed under the varia-
tion of Ls. More conspicuous steady-state errors than at the
variation of Ψm are shown in Fig. 13 and Fig. 14. A steady-
state error of around 40% of the rated current is evoked on
the q-axis for Np = 1, which increases to about 50% of IN
for Np = 5, i.e. the control performance under Np = 5 has
larger error than Np = 1. Moreover, the steady-state errors can
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Fig. 11: Comparison between the RFCS-MPCC and FCS-MPCC with Np = 5
under the parameter mismatch of Ψm with rp = 50%. The figures of the left
column denote the performance of FCS-MPCC and the figures of the right
column represent the control performance of the proposed RFCS-MPCC.

(a) (b)

Fig. 12: The estimated disturbance ε̂ with RFCS-MPCC for both Np = 1 in
(a) and Np = 5 in (b). The real value of the disturbance is shown in red,
while the estimated disturbance on the d-axis is denoted in light blue and the
estimated disturbance on the q-axis is shown in green.

also be observed on the d-axis, when the system is controlled
with FCS-MPCC. The corresponding switching frequencies
have also been influenced. However, the deployment of the
proposed RFCS-MPCC can effectively eliminate any steady-
state errors and stabilizes the switching frequencies under the
existence of the Ls mismatch.

D. Total Demand Distortion

Furthermore the total demand distortion (TDD) of the FCS-
MPCC and of the RFCS-MPCC is investigated, since the
current quality is an important metric for evaluating the control
performance of the direct current controller. TDD is computed
based on the nominal current. Therefore, it is immune to
potential tracking errors and fairly demonstrates the harmonic
content. The TDD is computed with

TDD =
1√
2 IN

√∑
j 6=1

i2s, j , (21)

where j denotes the order of the current harmonics. The
results are shown in Fig. 15 and Fig. 16, where Fig. 15 shows
the impact from the parameter variation of Ψm and Fig. 16
represents the results under the variation of Ls.

0 1 2 3 4 5 6

Time (s)

-1

0

1

(a)

0 1 2 3 4 5 6

Time (s)

-1

0

1

(b)

0 1 2 3 4 5 6

Time (s)

0

1

2

(c)

0 1 2 3 4 5 6

Time (s)

0

1

2

(d)

0 1 2 3 4 5 6

Time (s)

2

4

6

8

(e)

0 1 2 3 4 5 6

Time (s)

2

4

6

8

(f)

Fig. 13: Comparison between the RFCS-MPCC and FCS-MPCC with Np = 1
under the parameter mismatch of Ls with rp = 50%. The figures of the left
column denote the performance of FCS-MPCC and the figures of the right
column represent the control performance of the proposed RFCS-MPCC.
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Fig. 14: Comparison between the RFCS-MPCC and FCS-MPCC with Np = 5
under the parameter mismatch of Ls with rp = 50%. The figures of the left
column denote the performance of FCS-MPCC and the figures of the right
column represent the control performance of the proposed RFCS-MPCC.

It worth mentioning that at rp = 150% and full-load
condition, the TDD value of FCS-MPCC is exceptional small,
because the PMSM under the control of FCS-MPCC exhibits
large overshoot at the transient and reached the current limit
of the system, which further causes the control failure. It can
be concluded from the presented results that a long prediction
horizon benefits the FCS-MPCC in terms of the current ripple,
since smaller TDD can be observed with similar switching
frequencies. In Fig. 15, RFCS-MPCC produces smaller TDD
at all working points than FCS-MPCC with the same switch-
ing frequencies or even FCS-MPCC with faster switching
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Fig. 15: Comparison of the TDD under the parameter mismatch of Ψm, where
the blue and the green denote the TDD with switching frequencies shown
in previous testing scenarios of FCS-MPCC and the proposed RFCS-MPCC,
respectively and the yellow represents the TDD of FCS-MPCC with the mean
switching frequency same as that of the RFCS-MPCC in previous scenarios.
(a) denotes the control of Np = 1 and (b) shows the results from the control
of Np = 5.
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Fig. 16: Comparison of the TDD under the parameter mismatch of Ls . (a)
and (b) represent the results from the current control of Np = 1 and Np = 5,
respectively.

frequencies. Analogously, RFCS-MPCC reduces the TDD of

TABLE II: Comparison of FCS-MPCC and RFCS-MPCC for operation at the
same switching frequency and rp = 100%

Load Np = 1 Np = 5

RFCS-MPCC FCS-MPCC RFCS-MPCC FCS-MPCC

0 % 19.64 28.07 14.50 15.35
50 % 20.64 29.47 15.57 16.66
100 % 23.22 36.52 17.66 19.06

Fig. 17: Performance of FCS-MPCC with Np = 5 under the load step.

the FCS-MPCC under the existence of the Ls mismatch at
most working points. In summary, the proposed RFCS-MPCC
yields smaller TDD than the FCS-MPCC for the most cases.

Finally, Table II compares the steady-state performance of
conventional FCS-MPCC and the proposed RFCS-MPCC in
terms of current TDD. For a fair comparison, TDDs with the
same switching frequency and under rp = 100% is considered.
As can be seen, even when no mismatch exists, the proposed
scheme, and thanks to the implemented optimal observer,
can effectively tackle real-world non-idealities, unmodeled
dynamics, etc., thus ensure superior steady-state performance.

E. Performance under a Load Step

In order to show the transient performance, RFCS-MPC and
the conventional FCS-MPCC are tested under a load step from
the no-load condition to the full-load condition, which is given
at t = 0.5 s and a load step back to the no-load condition at
t = 1 s.

A steady-state error can be observed in Fig. 17 at the no-
load condition, which increases after the rated load torque is
applied, i.e. between t = 0.5 s and t = 1 s. It can be explained
by the fact that the model parameters used in the controller
are potentially different from the real-motor parameters and
vary with the operating points. In comparison to FCS-MPCC,
the proposed RFCS-MPCC delivers more accurate tracking
performance. It is noteworthy, however, that both controllers
converge to the new reference value within 1 ms.

F. Performance under a Speed Ramp

The performance of the proposed RFCS-MPCC and FCS-
MPCC is further tested under various speeds. A speed ramp
from 300 rpm to 2400 rpm is added at t = 0.5 s and lasts
0.12 s. The corresponding results are shown in Fig. 19 and Fig.
20, respectively. It can be observed from the experimental
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Fig. 18: Performance of the proposed RFCS-MPCC with Np = 5 under the
load step.

Fig. 19: Performance of the FCS-MPCC with Np = 5 under the speed ramp.
(a) denotes the motor speed, (b) shows the d-current and (c) represents the
q-current.

results that RFCS-MPCC has improved the tracking accuracy
over the whole range of examined speeds, for both id and
iq . Moreover, the proposed RFCS-MPCC demonstrates more
robust behaviour during the acceleration.

G. Computational Burden

Finally, the computational burden of the proposed dual
reference frame RFCS-MPCC is investigated. It is quantified
and represented by the turnaround time. The corresponding
measurements are shown in Fig. 21, where the RFCS-MPCC
in the dq reference frame and the proposed αβ formulation
are compared. The average, maximal and minimal turnaround
times are deployed to demonstrate the computational burden.
Their development to the prediction horizon is also presented.

The proposed method allocates a great portion of matrix
computation offline, which results in a significant reduction of
the online computational burden of RFCS-MPCC. As shown
in Fig. 21, the proposed solution can reduce the average
turnaround time by almost 50%—as compared with a formu-
lation exclusively in the dq-reference frame—for a prediction

Fig. 20: Performance of the proposed RFCS-MPCC with Np = 5 under the
speed ramp.

Fig. 21: The turnaround time of the RFCS-MPCC problem formulated in the
αβ reference frame and the dq reference frame. The proposed RFCS-MPCC
problem formulation in the αβ reference frame is presented in blue, where
the averaged turnaround time is shown in solid line and the blue region is
defined by the minimal, maximal turnaround time. The RFCS-MPCC problem
in dq reference frame is demonstrated in red.

horizon of five steps. Moreover, for the same horizon length,
the worst-case turnaround time can be reduced by almost 30%,
thus greatly facilitating the real-time implementation of the
proposed RFCS-MPCC.

VI. CONCLUSION

A robust long-horizon model predictive direct current con-
trol strategy for the SPMSM drive system is proposed. The
disturbance, including the parameter mismatch and the un-
modeled uncertainty, is treated as a constant within several
sampling periods and estimated with the moving horizon esti-
mator. The impact of the parameter variations is investigated
at different operating points. An obvious improvement of
the proposed method can be observed at different parameter
mismatch cases. The proposed method retains the stability of
the control loop and alleviates the steady-state error caused
by the parameter mismatch. Besides, the long-horizon direct
current control problem is formulated in the αβ domain, which
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therefore allocates some heavy computations to the offline
preprocessing and reduces the online computational cost of
solving the optimization problem. The computational burden
is evaluated via the turnaround time in the dSPACE system.
More specifically, the proposed control strategy can reduce
the average turnaround time by almost 50% and the worst-
case turnaround time by almost 30% for a horizon of Np = 5.
The effectiveness of the proposed method is validated under
various scenarios. Moreover, the feasibility of applying the
proposed method for real-time implementation is verified with
a sampling time of 50 µs for a prediction horizon of five.

APPENDIX A

The matrices in (13) for MHE are given in the following

ΠF =


CAF

C(AF )2

...
C(AF )Ne

 ,

ΛF =


CBF 0 . . . 0

CAFBF CBF . . . 0
...

...
. . .

...
C(AF )

Ne−1
BF C(AF )

Ne−2
BF . . . CBF

 ,

ΣF =


CI

CAF +CI
...

C(AF )Ne−1 +C(AF )Ne−2 + . . .+CI

 ,

ΦF =


CI 0 . . . 0
CAF CI . . . 0

...
...

. . .
...

C(AF )Ne−1 . . . . . . CI

 .

The matrices for RFCS-MPCC are shown as follows

ΠS =


CAS

C(AS)2

...
C(AS)Np

 , S =


I 0 . . . 0
−I I . . . 0
0 −I . . . 0
...

...
. . .

...
0 0 . . . I

 , δ =


I
0
0
...
0

 ,

Υ =


CBSTc 0 . . . 0
CASBSTc CBSTc . . . 0

...
...

. . .
...

C(AS)
Np−1

BSTc . . . . . . CBSTc

 ,

ΦS =


CI 0 . . . 0
CAS CI . . . 0

...
...

. . .
...

C(AS)Np−1 . . . . . . CI

 , T =


T−1
p, k

T−1
p, k+1

...
T−1
p, k+Np−1

 .
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