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Abstract—Model predictive control (MPC) is an advanced con-
trol technique with salient features, such as simplicity applied in
multivariable systems, fast-transient response, inclusion of nonlin-
earities, and straightforward constraints in the control law, which
is attracted in applying for high-performance control of motor
drives. The electromagnetic characteristics of the switched reluc-
tance motor (SRM) are of highly nonlinearity, which may result in
lower control accuracy, slow stabilization time of control variables,
unsatisfactory dynamic response, and torque ripples elimination
performance. This article presents an overview of the current finite
control set and continuous control set based MPC strategies in SRM
drives. The model predictive current control, torque control, and
flux control are analyzed from perspectives of modeling schemes,
switching vectors optimization approaches, cost function selections,
and the control performance. And finally, the current challenges
and future development trends in applying the MPC technologies
in SRM drives are also discussed.

Index Terms—Continuous control set (CCS), finite control set
(FCS), model predictive control (MPC), switched reluctance motor
(SRM).

I. INTRODUCTION

W ITH the development and application of rare Earth or
rare Earth free motor technology, switched reluctance

motors (SRMs) are receiving increasing attentions. High speed,
strong environmental adaptability, and high reliability are also
important attractive features of SRM drives. However, due to
their strong nonlinear characteristics, torque ripple, and vibra-
tion noise issues, the widespread application of SRMs has been
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hindered. The development and application of advanced control
technologies in SRM drives are quite necessary for enhancing
the overall operational performances [1].

In general, the traditional current chopping control (CCC),
pulsewidth modulation control (PWM), and angle position con-
trol (APC) are widely used for driving the SRM. However,
these methods only meet the basic rated operating conditions,
and the torque ripple has not been effectively suppressed. To
eliminate the torque ripple, the torque sharing function (TSF)
based hysteresis current control [2], direct instantaneous torque
hysteresis control [3], and direct torque control (DTC) [4] can be
developed based on the traditional CCC and APC control. The
essence of these control methods is to directly control torque or
stabilize torque by shaping the phase currents. However, due to
the highly nonlinear characteristic in SRM, the current tracking
control has slow dynamic response, which makes it difficult to
realize these optimized torque control strategies.

Model predictive control (MPC) is widely studied in
recent years due to its salient features, such as the simplicity
application in multivariable systems, fast transient response,
inclusion of nonlinearities, and straightforward constraints in
the control law [5], [6]. Based on the state combination of the
controller and the physical characteristics of the controlled
object, MPC can directly generate a power converter drive
signal based on the predicted results, which is easy to reduce
the switching frequency and has fast dynamic response. It has
been successfully applied to permanent magnet synchronous
motor (PMSM) and induction motor (IM) control [7], [8].

With the application of MPC technology in PMSM, this
technology gradually introduced to SRMs, which also has great
potential for application. In terms of current and torque control,
a series of successful implementation cases of predictive control
technology in SRM have been published in recent literature [9].
The review in [9] mainly focuses on the fundamental concepts
of SRM drives, predictive control and the adopted classification,
and a literature review of predictive current control strategies.
Different from [9], in this article, the model predictive current
control (MPCC), torque control, and flux control are fully
analyzed from perspectives of modeling schemes, switching
vectors optimization approaches, cost function selections, and
the control performance. The main purpose of this review is
to fully understand the operational mechanism of SRM control
strategies based on MPC, so as to promote the application of
high-performance SRM.

The rest of this article is organized as follows. In Section II, the
basic concepts of SRM system are introduced. In Section III, the
basic principle of MPC is described. In Section IV, the specific
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Fig. 1. Topology and the basic operational states for the AHB converter.
(a) m-phase AHB converter. (b) +1 state. (c) 0 state. (d) −1 state.

work of MPC-based SRM control strategies are analyzed in de-
tail. The typical challenges in MPC realization and its solutions
are discussed in Section V. The future trends and challenges
of developing the MPC technology in SRM drive systems are
discussed in Section VI. Finally, Section VII concludes this
article.

II. FUNDAMENTALS OF SRM DRIVES

Generally, the asymmetric half-bridge power converter
(AHB) has the characteristics of phase independence, flexible
control, and easy expansion of the number of motor phases,
which is the most commonly used power converter for SRM
drives [1]. The basic topology and the basic operational states
of the AHB converter is shown in Fig. 1.

As shown in Fig. 1, each phase-leg of the AHB converter
can be driven independently without bridge arm straight-through
problem, which makes the SRM system more reliable. Basically,
the AHB converter consists of three operational states: the mag-
netization state (+1 state), the free-wheeling state (0 state), and
the demagnetization state (−1 sate). The three operational states
are shown in Fig. 1. In +1 state, the two switches of the bridge
leg are turned-ON simultaneously, and the voltage applied to the
phase winding is+Udc. In 0 state, only one of the power switches
is turned-ON to let the phase current freewheeling in zero-voltage
state. In −1 state, both of the two power switches are turned-OFF

and the voltage applied in the phase winding is−Udc, which can
ensure fast demagnetization. The phase voltage equation of the
three operational states can be represented by

SUdc = Ri+ L(i, θ)
di

dt
+ iω

∂L(i, θ)

∂θ
(1)

where Udc and i are the bus voltage and the phase current, respec-
tively. R is the winding resistance, and L is the phase inductance,
which is a nonlinear function of the phase current and position
angle θ. S = 1, 0, and −1 denotes the three operational states,
respectively.

In addition, the electromagnetic torque can be obtained by
taking the angle partial differentiation with respect to the mag-
netic common energy

Te = ∂W ′/∂θ (2)

where Te is the electromagnetic torque. W′ is the magnetic
common energy, which can be calculated by

W ′(i, θ) =
∫ i

0

L(i, θ)idi. (3)

III. FUNDAMENTALS OF MODEL PREDICTIVE CONTROL

A. The Basic Principle of the Generalized MPC

The basic idea of MPC is to solve the following optimal
control problems at each time step in the finite time domain.
The most important feature is that the objective function can be
optimized and the constraints of the system can be integrated
and processed in a systematic way, and the online optimization
can be achieved through rolling optimization.

A generic nonlinear state-space system can be expressed as

xk+1 = f(xk, uk) + ωp,k

yk = g(xk) + ωm,k (4)

where xk is the state vector, uk is the control vector, yk is the
measurement vector, wp,k is the unknown process noise, and
wm,k is the unknown measurement noise at time instant tk = kTs,
where Ts is the sampling period. The functions f and g describe
the plant dynamics and measurement process, respectively.

Generally, the MPC is defined by the constrained finite time
optimal control problem with a quadratic cost function [10]

argmin
u0,...,uN−1

x1,...,xN

e′x,NPcex,N +

N−1∑
j=0

e′x,jQcex,j +
N−1∑
j=0

e′u,jRceu,j

(5)

where ⎧⎨
⎩
ex,j = xj − x̄j
eu,j = uj − ūj
xj+1 = f(xj , uj)

(6)

where j is the sampling instant t = (k + j)Ts, j = 0 denotes
the sampling instant when the controller is operated, and j >
0 are the predicted sampling instances. Qc and R are positive
definite symmetric weighting matrices, which can define the cost
function and penalize state errors, respectively. Pc is the terminal
cost, which links the properties of the finite time MPC with
infinite time linear quadratic regulator (LQR). ex,j and eu,j are
the state and tracking error, respectively; and x̄j and ūj denote
the desired steady-state reference. The problem (5) can be solved
from the control sequences u0, …, uN−1 and the state sequences
x1, …, xN. The MPC applies the first optimal control values u∗0
to the plant, then the (5) is solved with receded horizon at the
next instant.

The basic idea of MPC includes the following three steps, and
its basic control block diagram is shown in Fig. 2. The y(k + j)
is the output variable with future behavior, which is a function
of the input u(k) and the desired reference Γ�. The specific steps
are as follows.

1) Use the prediction model to predict the future dynamics
of the system over a limited period of time.

2) Use a cost function to represent the expected system
behavior and optimize the cost function for solution.
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Fig. 2. Basic control block diagram of the MPC.

Fig. 3. Basic control block diagram of the FCS and CCS MPC. (a) FCS–MPC
(b) CCS–MPC.

3) Apply the first element of the optimization solution to the
system.

B. Development and Classification of MPC

The MPC was originally studied and applied in process
control [11]. In recent years, MPC is widely applied in power
electronics and motor drives [5], [6], [12], [13]. Normally, two
typical approaches, such as the finite control set (FCS–MPC) and
continuous control set MPC (CCS–MPC) are the most attracted
methods in motor drive applications.

In general, the FCS–MPC requires more complicated real-
time calculations to solve optimization problems online, while
the procedure of optimization in CCS–MPC is implemented
offline. FCS–MPC implements a cost function with discrete
states. As shown in Fig. 3(a), possible switching states are
applied as inputs to the power converters and several possible
outcomes can be obtained, then the corresponding switching
state with the minimum cost function can be selected for driving.
The FCS–MPC can ensure faster dynamic responses. However,
the calculation burden is high due to the multivector traversal
and the switching frequency is variable without applying a
modulator [14].

Unlike the FCS–MPC, the CCS–MPC implements a cost
function with continuous states. As shown in Fig. 3(b), the
predicted value and the desired reference are fed to the cost
function, and the control signal can be calculated based on the
cost function minimization strategy. The control signal in the
form of duty cycle can then feed in a modulator to generate a
fixed switching frequency.

IV. MODEL PREDICTIVE CONTROL STRATEGIES AND

APPLICATIONS IN SRM

In recent years, several studies have been attempted in ap-
plying the MPC in SRM drives, which can be mainly classified
into three types, such as the MPCC, model predictive torque
control (MPTC), and model predictive flux control (MPFC). The
detailed overview of these control algorithms are as follows.

Fig. 4. Block diagram of MPCC of SRM.

A. MPCC Control in SRM

Traditionally, due to the highly nonlinear behaviors of the
phase inductances and flux linkage, the electromagnetic satu-
ration would affect the phase current irregularly, which makes
it difficult to ensure the current tracking performance. Corre-
spondingly, the poor current tracking capability in traditional
CCC control may result in increased torque ripple and acoustic
noise. Aiming at this problem, the MPCC control strategies are
studied in SRM.

1) Basic Principle of the MPCC: Based on the phase voltage
(1), the predicted value of the current can be obtained by making
a first-order difference of di/dt

ik+1 = ik +
Ts
Lk

[vk −Rik − ikω(∂Lk/∂θk)] (7)

where θk is the position angle at kth moment, and ik and ik + 1

are the phase current at k and k + 1th moment, respectively. Lk

and vk are phase inductance and phase voltage at kth moment,
respectively. Ts is sampling period.

As shown in Fig. 4, the algorithm of a general MPCC starts
with the measurement of phase current i(k) and rotor position
θ(k). Then, the predictive model estimates the phase current in
the next sampling period, which is based on the previous states
and the machine parameters. The predicted state in this case is
the current x(k + 1) = i(k + 1). The cost function is optional
as CCS–MPC can calculate the duty cycle directly. The output
control signal u(k) can be generated either by a modulator or
selecting the switching pattern directly [15].

2) MPCC Applications in SRM: An accurate model in
MPCC guarantees a proper tracking response for both transient
and steady-state operation. How to obtain the current sampling
value efficiently is a subject worth studying. In [16], the au-
thor presents a fixed-switching-frequency MPCC using time-
multiplexed current sensor for SRM drives. Satisfied current
sampling can be achieved with a single current senor and minor
tracking errors exist as compared with a traditional hysteresis
current controller.

Due to the highly nonlinearity in SRM, the inductance mod-
eling is also a challenge, which is also an important fact to affect
the current predict accuracy. If the saturation is neglected, the
inductance is simple function of the rotor position [17], [18],
[19]. However, if the saturation is taken into consideration, the
inductance is a nonlinear function of both the phase current and
rotor position [20], [21]. In [22], an inductance surface estima-
tion and learning for utilization with a stochastic MPC scheme
for the current control of SRMs is introduced. As shown in
Fig. 5, a learning mechanism is developed to dynamically adapt
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Fig. 5. Control block diagram of [22].

Fig. 6. Experimental result in [22]. (a) With on inductance learning activated.
(b) Inductance learning activated.

Fig. 7. Control block diagram of [23].

Fig. 8. Experimental result in [23]. (a) Delta-modulation. (b) LQR.

to the inductance profile of the machine and update the MPC and
Kalman filter parameters. This mechanism is combined with the
CCS–MPC, which can benefit from a fixed switching frequency
and offer low current ripples by calculating the optimal duty
cycles using the SRM model.

Fig. 6 shows the experimental results before and after using
the learning mechanism at a speed of 400 rpm and a reference
current of 4 A, which illustrate the effectiveness of the proposed
method in learning the profile and reducing the tracking error of
MPC.

Similarly, an unconstrained MPC known as a finite horizon
LQR for current control of an SRM is investigated in [23]. As
shown in Fig. 7, the Kalman filtering is used for state estimation
while an adaptive controller is used to dynamically tune and
update both MPC and Kalman models.

This scheme uses an adaptive calibrator to compensate for
the inductance and resistance mismatch between the model
and the physical system. The performance of the system at
100 rpm is investigated. Fig. 8(a) shows the behavior of the

Fig. 9. Control block diagram of FCS–MPCC in [24].

Fig. 10. Control block diagram of CCS–MPCC in [24].

Fig. 11. Experimental result of CCS–MPCC in [24]: (a) steady-state and
(b) dynamic response.

delta-modulation and using LQR, the large ripples induced by
delta-modulation is reduced as shown in Fig. 8(b).

To improve the computation efficiency of the FCS–MPCC
scheme, the switching states need to be optimized according
to the commutation logics of the SRM. As shown in Fig. 9,
a TSF-based FCS–MPCC with optimized switching states is
proposed in [24]. As compared with traditional FCS–MPCC,
the number of the available switching states is reduced from 27
to 9.

In [24], a TSF-based CCS–MPCC is also discussed. As shown
in Fig. 10, the optimal solution was carried out according to
the selected objective function and the optimal voltage duty
ratio was directly calculated. As the switching frequency can
be controlled in this scheme, the current tracking performance
would be highly improved and thus the torque ripple is much
lower. The experimental results are shown in Fig. 11, indicating
the effectiveness of the algorithm.

B. MPTC Control in SRM

1) Torque Predictive Model: A torque modeling method in
[25] and [26] is employed and the torque can be expressed as⎧⎪⎪⎨

⎪⎪⎩

ik+1 = ik +
Ts

∂ψk/∂ik
[vk −Rik − ∂ψk

∂θk
ω]

Tk+1 =
[
Ldsat−Lq

2 i2k+1 +Aik+1 − B
A (1− e−Bik+1)

]
f ′(θk+1)

(8)

where Tk is phase torque at kth moment, Tk+1, ik+1, and θk+1

are phase torque, phase current, and the position angle at k+1th
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Fig. 12. Block diagram of MPTC of SRM.

Fig. 13. Control block diagram of FCS–MPTC in [29] and [30].

moment, respectively, and A, B, and ψk can be denoted as⎧⎨
⎩
A = ψm − Ldsatim
B = (Ld − Ldsat)/(ψm − Ldsatim)

ψk = Lqik +
[
Ldsatik +A(1− e−Bik)− Lqik

]
f(θk)

(9)

where Lq is the inductance at the unaligned position, Ld is the
inductance when phase current i is less than saturated phase
current is, and Ldsat is the inductance value corresponding to the
saturation current im at the aligned position. im is the maximum
current in stator windings and ψm is the flux linkage at i =
im. f(θ) is a nonlinear function which deduces the flux-linkage
characteristics corresponding to the rotor positions between the
aligned and unaligned rotor position [27] as follows:

f(θ) = 2N3
r θ

3/π3 − 3N2
r θ

2/π2 + 1 (10)

where Nr is the number of rotor pole.
As shown in Fig. 12, the MPTC algorithm uses the measured

phase current i(k) and rotor position θ(k) to feed the predictive
model and estimate the torque output T(k+1). The predicted
torque values are then used in a cost function to decide which
of the switching state provides the minimum error with respect
to the torque reference [27], [28].

2) MPTC Applications in SRM: In [28], an FCS–MPTC is
applied for DTC. In this method, the phase currents i(k +1)
is also predicted and controlled as a secondary objective. This
effort can ensure reduced copper losses.

In [29] and [30], an improved FCS–MPTC for SRM drives
is proposed in which a new switching table is constructed by
using the sector partition technique to reduce the computational
burden, as shown in Fig. 13. It removes the flux linkage calcula-
tion compared to conventional FCS–MPTC. The electric cycle
of SRM is divided into six sectors based on the negative torque
contribution of each phase and the commutation region of the
motor is redefined. Voltage vectors of each sector are optimized
in terms of phase torque characteristics and the number of
voltage vectors is reduced to 2 or 3 at each control period. The
proposed FCS–MPTC method effectively reduces the torque

Fig. 14. Experimental result in [29]: (a) steady-state-DTC, (b) dynamic
response-DTC, (c) steady-state-MPTC, and (d) dynamic response-MPTC.

Fig. 15. Control block diagram of FCS–MPTC in [31].

ripple and the generation of negative torque, which improves
torque–ampere ratio and the efficiency of the system.

Fig. 14 shows the steady-state and dynamic experimental
results of MPTC in [29], which indicate that compared with
DTC, the proposed MPTC has a higher torque per ampere ratio
and less copper loss for the same output power, and can greatly
decrease the torque ripple and enhance the system efficiency of
the SRM. When load disturbance occurs, it can perform better
stability and tracking feature when the load changes.

Heavy computation burden and degraded high-speed torque
control performance are the main issues for the conventional
look-up-table (LUT)-based MPTC method. In [31], to ease
these issues, an improved switching table is proposed to reduce
the computational time by 25% compared to the conventional
method and enhance the high-speed torque control performance,
as shown in Fig. 15. To further reduce the storage space of
the LUT-based MPTC method, the linear-model-based MPTC
method is proposed based on the developed flux-linkage and
torque transformation. This proposed method requires only 228
storage units compared to 1530 storage units consumption of
the LUT-based methods.

The experimental results in Fig. 16(a) indicate that the low-
frequency commutation torque ripple is significantly reduced,
and the high-frequency torque ripple results from the CCC by
the MPTC.

It is notorious that only cost functions and direct calculations
are implemented in MPTC for SRM to obtain the actuating
variable of the control loop. Use the predictive model to define
the switching pattern in form of a reference voltage. For instance,
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Fig. 16. Experimental result in [31]. (a) LUT-based MPTC in [28]. (b) Linear-
model-based MPTC in [31].

Fig. 17. Control block diagram of FCS–MPDTC in [32].

Fig. 18. Control block diagram of FCS–MPTC in [25].

according to the combination of FCS–MPC and DTC methods,
some DTC-based FCS–MPC strategies are proposed.

In [32], an FCS–MPDTC method is proposed. In this article,
the conventional DTC with double hysteresis control is replaced
by the proposed MPDTC to reduce torque ripple and improve the
dynamic performance of segmented SRM. As shown in Fig. 17,
considering torque ripple reduction, flux tracking performance,
and copper losses reduction, the cost function with phase torque,
the amplitude of flux linkage, and phase current is established to
select optimal voltage vector. In addition, the TSF is employed to
distribute total torque to phase torque for further torque ripple
reduction. The optimal voltage vector is obtained through the
following cost function:

min J(uk) = q1(Te,k+1 − Te,ref)
2 + q2

∑
i2k+1

+ q3(ψs,k+1 − ψs,ref)
2 + q4(sk+1 − sk) (11)

where q1, q2, q3, and q4 are weight factors that are ensured
corresponding to control objects [33], [34]. The ψs,ref, Te,ref

andψs,k + 1, Te,k + 1 are amplitude of reference flux and torque
and predicted flux and torque, respectively, and s is the switching
times.

An improved DTC-based FCS–MPTC algorithm has been
proposed in [25]. As shown in Fig. 18, by using the method of
sector division and voltage vector selection of DTC, the sector is
judged by flux linkage signal, and the voltage vector is selected
as the input of predictive control.

Fig. 19. Experimental result in [25]. (a) Traditional MPTC. (b) MPTC pro-
posed in [25].

Fig. 20. Control block diagram of model prediction based DITC in [40].

Fig. 21. Control block diagram of [41].

According to the experimental results shown in Fig. 19, it can
be concluded that compared to traditional MPTC, DTC-based
FCS–MPTC in [25] has a shorter control cycle, fixed switching
frequency, and lower torque ripple.

In [35], an online direct instantaneous torque control (DITC)
technique is proposed. In this method, the torque is estimated
as a function of flux linkage and phase current. In addition, a
digital torque hysteresis controller is implemented with high-
bandwidth drive performance. Thus, the method can operate
without torque functions. Using DITC, the torque ripple can be
largely reduced [36], [37], [38], [39].

Due to the highly nonlinearity in SRMs, it is too difficult to
consider the limitations, such as inductance, control period, and
so on. As the future flux by each of various gate signals can be
predicted, the future current and torque can then be predicted
easily. Thus, the most suitable gate signal can be chosen from
the predicted behavior. In [40], the method of model prediction
based DITC is proposed, which has simpler logic and better
control effect. This method could reduce torque ripple in wide
speed range and provided good efficiency drive. Fig. 20 shows
the block diagram of the method.

In [41], a four-quadrant operation strategy is proposed to
enhance the performance of the SRM in the high-dynamic speed
adjustment applications. As shown in Fig. 21, the core of the
proposed method is a PWM-based predictive control method
with the online adaptive phase excitation which is composed
of the MPC and deadbeat predictive control (DPC). The MPC
is applied in the commutation region and the DPC is used to
calculate the control signal for the single-phase excitation and
the four-quadrant operation of the SRM for the high-dynamic
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Fig. 22. Experimental result in [41]. (a) CCC. (b) Method in [41].

Fig. 23. Experimental result in [42]. (a) FCS–MPTC in [31]. (b) CCS–MPTC
in [42].

speed adjustment application is realized. This method employs
nine states of duty cycle as a finite set to reduce the computa-
tional burden and save hardware resources. Fig. 22 shows that
compared to CCC, the output torque can track the reference
torque well. During the commutation, torque ripple is reduced
and the outgoing phase is never turned OFF too late.

In [42], a low-ripple CCS–MPTC method is proposed. The
inherent high nonlinearity of the SRMs makes it difficult to
solve the optimization problem in the CCS–MPTC. To address
highly nonlinearity issues, an equivalent linear SRM (LSRM)
model is adopted, and the cost function is modified. With
the torque boundary values provided by executing the voltage
vectors of an improved switching table, the optimization pro-
cess for CCS–MPTC is simplified and solvable. The Lagrange
multiplier method is also employed for analytically solving the
optimization problem analytically and generating the optimum
torque reference values for the active phases. Based on the
estimated torque variation rates, the duty cycles for each phase
can be calculated. Fig. 23 shows the excellent torque control
performance of the CCS–MPTC method in [42].

C. MPFC Control in SRM

Different from those of IM or PMSM, the torque ripple in
SRM is mainly due to the highly nonlinear torque and magne-
tization characteristics. To be more specific, the instantaneous
torque in the SRM mainly depends on the partial derivative of
stator flux linkage with respect to the angle, which means there
is a one-step delay between the torque and the flux. Thus, if the
flux linkage can be controlled in advance, the torque ripple will
be significantly reduced.

In [43] and [44], to solve the problem of large torque ripple
in a SRM, an MPFC–DTC control scheme is proposed. The
control block diagram is shown in Fig. 24. The predicted flux
linkage is calculated from the discrete time model of the SRM.
To reduce the computation burden and increase the dynamic
response, a torque hysteresis controller is embedded to select the
candidate voltage vectors for the cost function. Finally, based on
flux linkage minimization, the optimal voltage vector is selected.
This method shows better steady-state and dynamic-state perfor-
mances compared to traditional DTC. As shown in Fig. 25, the

Fig. 24. Control block diagram of MPFC–DTC in [43] and [44].

Fig. 25. Experimental result in [43]. (a) DITC. (b) MPFC in [43].

Fig. 26. Comparison of control block diagram of three methods.

MPFC–DTC can partly overcome the torque ripple compared
with the DITC method.

D. Comparison of the MPC With Traditional CCC and DTC

Generally, the CCC is the most widely used control scheme
for SRM. The CCC control performance is highly affected by the
selected hysteresis band, rotational speed, the current sampling
period, and control interrupt period in the controller. The current
tracking control frequency is also varied instantaneously, which
is unsuitable for eliminating the torque ripple. The traditional
DTC introduces hysteresis control into torque regulation, which
also has varied switching frequency and degradation control
performance at high speed [45]. The comparison of control block
diagram of CCC, DTC, and MPC is shown in Fig. 26. As can
be seen in this figure, the MPC can achieve fixed switching
frequency by modulator, which can ensure better torque ripple
suppression effect.

E. Summary

Based on the various optimized MPC strategies mentioned
above, for FCS–MPC, fewer candidate switch state combina-
tions can reduce the complexity of the control algorithm, reduce
computational pressure, and enhance the torque ripple suppres-
sion ability of the algorithm control effect. However, it is difficult
to achieve a fixed control frequency. CCS–MPC breaks free
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TABLE I
COMPARISON OF THE DIFFERENT MPC METHODS

Fig. 27. Problems of MPC in SRM.

from the constraints of candidate switch state combinations and
achieves a fixed control frequency, but the algorithm complexity
increases accordingly. Table I summarizes and compares the
characteristics of some representative MPC strategies.

V. MAIN ISSUES AND SOLUTIONS OF MPC IN SRM

Fig. 27 shows the main issues of the MPC in SRM drives.
As illustrated in this figure, the MPC algorithm always suffers
from the nonaccurate electromagnetic parameter model and
difficulty of selecting cost functions. The main drawbacks of
the FCS–MPC are the unfixed switching frequency and high
computational burden. But the CCS–MPC is also affected by
the complex optimal solutions. The systematical analyses of the
solutions of these issues are as follows.

A. Main Issues and Solutions for FCS–MPC

To improve the overall performance of the FCS–MPC, it
is necessary to optimize the switching states and ensure fixed
switching frequency.

1) Optimize the Switching States: Based on the DTC strategy
in SRM that the selection of control vectors varies in different
flux linkage angle intervals, an MPC controller is used to replace
the traditional DTC’s magnetic flux hysteresis control or torque
hysteresis control and the candidate control vectors are used as
the MPC candidate switch state set. This type of strategy can
improve the dynamic response speed, suppress torque ripple
compared to traditional DTC, and reduce the computational
burden caused by a large number of candidate switch states in
traditional MPC. The specific process is shown in Fig. 28, by
using the method of sector division and voltage vector selection
of DTC, the increasing and decreasing torque vectors of each
sector are set in advance, and these vectors are used as input
variables of torque control prediction by torque hysteresis signal,
which greatly reduces the number of switching states [43].
Similar methods are proposed in [25] and [44].

On the premise of ensuring the efficiency of the motor, the
conduction states of each phase of the motor can be limited
according to the different position angles, and the restricted
conduction states of each phase can be combined to reduce

Fig. 28. Optimization scheme diagram of [43].

Fig. 29. Optimization scheme diagram of [29] and [30].

Fig. 30. Optimization scheme diagram of [31].

the number of switch state combinations [29], [30], as shown
in Fig. 29. According to the characteristics of SRM phase
separation conduction, two-phase can be conducted simultane-
ously at most, then different position angle intervals can be
divided. In different position sectors, some restricted switch
state combinations are inefficient or even ineffective, so filtering
can be performed to further reduce the number of switch state
combinations. Similar methods are discussed in [33], [46], and
[47].
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Fig. 31. Optimization scheme diagram of [25].

As shown in Fig. 30, an improved switching table with only
six switching states is developed in [31] for a four phase 8/6
structure SRM based on the inductance characteristics partition
logics. The adoption of this improved switching table not only
reduces the computational burden by 25% but also improves the
torque control performance and system efficiency at high-speed
region.

2) Fix Switching Frequency: In [25], an FCS–MPTC method
assisted with duty ratio modulation is proposed. As shown in
Fig. 31, a PI regulator is utilized to generate a duty ratio for
PWM modulation. The modulated signals are combined with the
FCS–MPTC estimated switching signals to drive the SRM. As
compared with traditional DTC and FCS–MPTC, the switching
frequency here is fixed through PWM modulation, and thus the
torque ripple and copper losses can be lowered better.

B. Main Issues and Solutions for CCS–MPC

To improve the overall performance of the CCS–MPC, it
is necessary to optimize the process of obtaining the optimal
solution and enhance ability to control high-speed SRM.

1) Optimize the Process of Obtaining the Optimal Solution:
In [42], to address this issue, an equivalent LSRM model is
adopted, and the cost function is also properly modified. Then,
with the torque boundary values provided by executing the
voltage vectors of an improved switching table, the optimiza-
tion problem in the CCS–MPTC method becomes simple and
analytically solvable, which shorten the algorithm execution
time and reduces the computational pressure of optimal control.
In [23], the authors proposed an MPC with Kalman filter and
automatic calibration of inductor profile. Additionally, to cope
with model variations, two adaptive gains were dynamically
calculated to compensate for the inductance and resistance mis-
match between the model and the physical system. The overall
control structure can be considered as a stochastic CCS–MPC
with adaptive model calibration, which makes the calculation of
optimal control signal more accurate.

2) Improve the High-Speed Control Capabilities: The tradi-
tional method for controlling high-speed and high-power SRM
is to design an SRM with low-phase inductance to provide suffi-
cient current rise in a short period of time. However, this design
generates significant current fluctuations at low speeds due to
excessively high switching frequencies, leading to SRM loss of
control. The method in [22] not only improves the accuracy of
inductance, but also introduces a delay compensation technique
to handle measurement delays in MPC of an SRM to expand
speed range of SRM operation.

C. Nonlinear Characteristic and Parameter Model of SRM

The nonlinear characteristics of SRM make it difficult to be
controlled. In addition, when MPC is used to control SRM,

Fig. 32. Flow chart for LUT-based MPTC.

various parameters of the motor, such as torque, flux, inductance,
etc., are required and it is difficult to get the accurate parametric
model. It is necessary to find a way to obtain accurate parameters
and the following are some of the methods available.

1) Magnetic Characteristic Date Acquisition: The premise
of establishing parameter model is to obtain accurate parameter
data. The commonly used modeling methods are mainly divided
into finite-element analysis (FEA) and multipoint data fitting.
The method of actual measurement data is divided into direct
and indirect types. In the direct category, the parameter data can
be measured directly through the sensor without satisfactory
precision. However, the indirect method of measuring the phase
voltage and current and then calculating the required flux and
torque data provides better accuracy [48]. The flux linkage (ψph)
can be calculated indirectly from the online phase voltage and
current measurements using

ψph(t) =

∫ t

0

(Vph(t)−Rsiph(t))dt+ψph(0) (12)

where Vph(t) and iph(t) are the measured phase voltage and
current, respectively. The initial flux linkage ψph(0) = 0, given
iph(0) = 0. This simple direct flux calculation method has been
widely used in SRM drivers [49]. However, the problem that the
initial magnetic flux is not zero due to the residual magnetic flux
[50] remains to be solved.

In order to reduce the difficulty of data acquisition and in-
crease the accuracy of data, scholars have put forward a lot of
improvement methods. A torque balance measurement method
according to the symmetric structure of SRM and some torque
balance positions is proposed [51], which greatly reduced the
workload and cost of obtaining flux value. Some scholars have
proposed a constant current injection method that does not
require a fixed rotor position. It keeps the phase current constant
while running at a constant speed to obtain complete machine
characteristics including characteristics of back electromotive
force, flux, and torque [52].

2) Look-Up-Table Method: The traditional method to obtain
parameters is to LUTs of various parameters which include the
two-dimensional (2-D) flux-linkage ψ (θ, i), current i(ψ, θ),
and torque T(θ, i). The specific process of MPTC is shown in
Fig. 32 as an example. LUTs not only preserve the accuracy of
the SRM model but also possess a low computational burden.
However, the LUT method occupies too much memory space
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TABLE II
REPRESENTATIVE MODELING METHODS

of DSP, resulting in longer running time and poor high-speed
performance. Therefore, a better alternative to the LUT method
is urgently needed.

3) Inductance Estimation and Resistance Mismatch: The
inductance is of high nonlinearity due to the saturation ef-
fects. Generally, the predicted torque is related to the real-time
estimated inductance. Thus, the MPC control performance is
highly depended on the accuracy of the inductance estimation.
To improve the inductance estimation performance, in [22],
an additional flux model is generated to ensure the Lyapunov
stability of the inductance estimator, and a discrete time adaptive
estimation algorithm known as recursive least-squares (RLS) is
employed to eliminate the mismatch between actual inductance
and static test inductance during operation. In [23], the RLS
is used to estimate the inductance and a closed-loop adaptive
estimator is developed from the flux model. This estimator needs
to be separated from the MPC and Kalman filter loops to ensure
stability so that the inductance and resistance can be calibrated
online. In real operation, the stator resistance will also change
with the rising of temperature, which may also affect the control
performance of the MPC. In [24], by selecting the appropriate
current tracking error weight factor in the optimal solution of
CCS–MPCC, the resistance change does not have a significant
impact on the current and torque of the motor, thereby improving
the control system’s ability to cope with resistance mismatch.

4) Magnetic Characteristic Model: For a concise SRM
drive, storing complicated parameter characteristics is not at-
tractive since it occupies large memory and requires more offline
effort in parameter measurement. There is an approach to find an
analytical expression for each parameter curve instead of store
the data in LUTs, which requires a large memory to provide
adequate precision.

Once magnetic characteristics are obtained by FEA or through
experiments, curve fitting techniques are used to find analytical
expressions that properly represent the curves. The approach
to model building can be divided into several main categories.

Fig. 33. Architecture of different neural network. (a) Structure of BSNN;
(b) A simple multilayer architecture of ANFIS. (c) Structure of a neuron of
BPNN and topology of the proposed BPNN. (d) Topology of RBF flux model
and structure of a RBF with i inputs.

Table II shows the comparison of the basic features of some
representative parameter modeling methods.

1) Mathematics model: An exponential function modeling
method was originally proposed in [53] and optimized in
[54] and [55]. Curve fitting of fourth-order polynomials
[56] and Fourier series extension methods are proposed
to estimate parametric curves [57], [58], [59]. In [59],
MPTC based on polynomial-Fourier-series model reduces
the torque ripple caused by model inaccuracies. In [18], a
method for estimating current and torque based on Her-
mite interpolation with only need for flux characteristics
of the aligned and unaligned rotor positions is proposed.
Mathematical models can be diverse, but in order to im-
prove modeling accuracy, the model will become more
complex.

2) Neural network (NN) model: In [60], a 2-D B-spline
neural network (BSNN) is designed to model the SRM.
In [61], three effective algorithms for modeling of
SRM are investigated, which are based on subregional
mathematical model, adaptive neural fuzzy inference
systems (ANFIS), and NN, respectively. Fig. 33 shows
the architecture of them. The inputs are the rotor position
and phase current, and the outputs can be the flux-linkage,
inductance, and torque. Although NN modeling can
achieve high modeling accuracy, the priori data are highly
required for training. In addition, the algorithm has poor
real-time performance and is difficult to implement online
in ordinary control chips.

3) Other modeling methods: In [22], the author uses RLS
estimator to update each item in the SRM inductor table. At
the same time, an interpolation mechanism was introduced
and a quantized inductor table was used to improve the
accuracy of the reconstruction of the inductor surface. In
[62], an unsaturated inductance reconstruction method is
proposed to obtain the unsaturated inductance from the
saturated incremental inductance under load conditions.
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TABLE III
REPRESENTATIVE COST FUNCTIONS

Fig. 34. Process from nonlinear SRM model to equivalent linear SRM model.

5) Equivalent Linear SRM Model: In [31] and [42], the
linear-model-based method is proposed. Torque transformation
between nonlinear SRM and LSRM is established and the
nonlinear SRM model is replaced by the LSRM model. This
method is simple and easy to use, but the influence of errors
between linear model and nonlinear model in real applications
is inevitable.

Fig. 34 shows the process from nonlinear SRM model to
equivalent LSRM model, whereωr is the measured shaft speed, f
f
Nl2Li(iNl,θ) is the transformation from nonlinear SRM model to
LSRM model with equal flux-linkage, iLi,f is the linear current
with equal flux-linkage, fLif2LiT(iLi,f,θ) is the transformation
from linear current with equal flux-linkage to the linear cur-
rent with equal torque, and iLi,T is the linear current with
equal torque. It is noted that the transformation fLif2LiT(iLi,f,θ)
is synthesized from the transformation f f

Li2Nl(iLi,f,θ) and
fTNl2Li(iNl,θ). f f

Li2Nl(iLi,f,θ) is the transformation from LSRM
model to nonlinear SRM model with equal flux linkage and
fTNl2Li(iNl,θ) is the transformation from nonlinear SRM model
to LSRM model with equal torque.

D. Cost Function

The cost function is the criterion to select the optimal control
signal in MPC. Due to different control objects and considered
requirements, different MPC use different criteria, namely, cost

function. The setting of different objective parameters in the
cost function provides diversity to meet different needs [63].
The cost functions used in the literature are summarized in
Table III. In the table, ε2 presents the copper loss, ε3 presents the
flux tracking performance, and ε4 and ε5 present excitation states
because the excitation states will be determined by the switching
states. In ε6, f is an integer from 1 to N (N is the number of
duties to be selected). The larger the duty of the incoming phase
is, the smaller the value of f. With (tc − tdmax)/Ts, the distance
between the present rotor position and the aligned rotor position
is measured by Ts. Along with the rotor approaching the aligned
position, the duty cycle of the incoming phase will gradually
increase. ε7 is employed to ensure the phase current below the
maximum value imax.

For ease of control, the cost function tends to be simple,
removing the complex weight selection, considering only the
main objective [25], [43], [44], [64]. Some are based on control
accuracy and performance, not only considering the primary
objective, but also copper loss [18], [31], [32], [33], [41], [65]
and flux tracking performance [32]. In addition, for safety rea-
sons, prescribed operating restrictions have been added, such as
maximum current [31].

VI. FUTURE TRENDS AND CHALLENGES OF MPC IN SRM

A. Power Converter Topologies

Normally, the AHB converter is the commonly used power
converter for SRM drives, which can ensure flexible control
and strong fault-tolerant capability. However, the rising cost of
power converters cannot be ignored. As shown in Fig. 35, many
other power converter topologies, such as full-bridge power con-
verter, three-phase four-leg inverter, C-dump converter, Miller
converter, and so on, have also been studied in SRM drive with
lower costs.

1) Full-bridge: In [66], a control method based on full-bridge
power converter is proposed to drive SRM directly, and
on this basis, DTC is introduced to suppress the torque
ripple. Compared with DTC, MPC has better torque ripple
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Fig. 35. Other power converter topologies. (a) C-dump converter. (b) Miller
converter. (c) full-bridge power converter. (d) three-phase four-leg inverter.

suppression effect, and the introduction of MPC in full-
bridge power converter may get better results.

2) C-dump converter: In [67], a resonant C-dump converter
controlled by current hysteresis is proposed to solve the
voltage resistance problem of the main switching device
of conventional capacitor dump converter by using zero-
current switching and zero-voltage switching techniques.

3) Miller converter: In [68], an improved Miller type SRM
converter is proposed to solve the problems of negative
torque, high power loss, and low electromechanical con-
version efficiency caused by slow demagnetization.

The change of a series of high-performance power converter
topology represents an overall improvement in robustness, con-
trollability, and cost and volume reduction for these converters
and the implementation of MPC on different SRM power con-
verters seems to become feasible.

It is worth noting that the control mode of SRM varies with
different power converters. Therefore, it is necessary to adjust
the MPC strategy according to the different converter topol-
ogy and control characteristics. For example, in the traditional
AHB converter, each phase has three operating states, namely
“1,” “0,” and “−1,” which, respectively, correspond to positive
voltage excitation, zero-voltage continuation, and negative volt-
age demagnetization, and the control signal is a combination
of these three switch states. However, the full-bridge topology
is a bipolar control topology that requires a redesign of the
switch combination and here “1,” “0,” and “−1” mean something
different. FCS–MPC controls the motor by traversing possible
combinations of switching states. Switching state combinations
with different definitions result in changes in the FCS–MPC
control strategy.

Furthermore, multilevel converters have also been introduced
for SRMs because of their potential to enhance high-power
and high-voltage machine performance [69], [70]. It also is an
alternative to alleviate the low inductance at unaligned rotor
position [71]. MPC can solve the complicated control problem
caused by multilevel topology. In addition, the advent of a new
generation of wide-band gap devices, such as gallium nitride or
silicon carbide [72], has greatly increased the control frequency
that rate-switching tubes can withstand, which further amplifiers
the control effect of FCS–MPC.

Fig. 36. Structure of these SRMs: (a) LSRM, (b) LRSRM, (c) PSRM, and
(d) BSRM.

B. SRM Topologies

In addition to the control target, the advantages of the control
algorithm can also be reflected in different SRM topologies.
Design procedures have come up with variations in the structure
or operating principle of the machine.

For different motor structures and number of phases, the
MPC strategy needs to be adjusted. For example, for FCS–MPC,
different phase numbers may cause changes in switching state
combinations, and different structures may introduce new con-
trol variables and control performance requirements.

Most of the research to date is still based on the conventional
SRMs topology, leaving other topologies, such as LSRM, linear-
rotary SRM (LRSRM), planar SRM (PSRM), bearingless SRM
(BSRM), or disk-type rotor SRM (DTR-SRM) still open for
further article. Fig. 36 shows some structure of SRMs.

1) LSRM: For the system requiring linear motion, it is less
efficient to convert the rotating motion into linear motion
by using the rotary motor to drive the crank connecting rod.
However, linear motor does not need the crank connecting
rod mechanism, and has the advantages of direct drive,
small friction loss, adjustable stroke, less noise, higher
efficiency, and so on. LSRM has the advantages of both
SRM and linear motor. LSRM is mostly used in position
control system. In [73], the author proposes robust co-
operative positioning control method for the networked
composite nested LSRM control systems. Requirements
for position accuracy are high when controlling LSRM and
it is a good choice to use MPC to improve the accuracy of
position tracking.

2) LRSRM: LRSRM is generally composed of a rotating
stator and a thrust stator. Centralized windings are installed
on the rotating stator to provide torque and the thrust stator
adopts a wide-toothed structure to provide axial force.
Both rotation and linear motion can be realized in LRSRM
at the same time which can greatly simplify the structure
of the transmission system, effectively reduce the volume
and weight, and improve the control accuracy. Most of
the researches focus on the study of the motor structure.
The relevant control strategies vary with the different
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control methods of the motor structure [74]. Unlike con-
ventional rotary motor control, the MPC strategy needs to
be adjusted to provide control of torque and axial force.

3) PSRM: PSRM is superior in structure, cost, reliability,
rapidness, and precision because of eliminating the inter-
mediate mechanical conversion device. However, because
there is no buffer of intermediate conversion link, the
inherent thrust pulsation and complex nonlinear character-
istics of SRM, the precise speed control and position con-
trol of switched reluctance planar motor become difficult.
In [75], a multistep model position prediction controller
for PSRM is proposed in this article, which realizes high
precision trajectory tracking motion control of the motor.
Thus, using MPC is an effective choice to achieve PSRM
high precision position control.

4) BSRM: BSRM, which integrates radial magnetic bearing
and motor functions, can further improve the power den-
sity and its volume and weight are greatly reduced because
it does not need independent radial magnetic bearing.
BSRM is a multivariable, nonlinear, and strongly coupled
complex system. In order to achieve stable suspension and
rotation of the motor and improve the performance of the
motor, factors, such as core magnetic saturation, two radial
suspension forces, and the coupling between torque and
radial suspension force, must be considered. To date, pre-
dictive control has been implemented on double-windings
BSRM [76]. MPC still has great potential to be used in
various types of BSRM in the future.

5) DTR-SRM: The alignment position of stator and rotor teeth
of DTR-SRM has the shortest flux path, and the stator
windings are independent of each other, which makes
the fault tolerance good. At the same time, it has the
characteristics of robustness, controllability, high torque
capacity, reliability, and high-power density rating. How-
ever, the winding layout of DTR-SRM is different from
conventional SRM and will result in a different flux density
pattern. Additionally, the rotor pole arcs are substantially
greater. When using MPC policy to control DTR-SRM, it
needs to be adjusted according to its characteristics.

This is a relatively new research trend, and despite its potential
applications, a deep analysis on applying MPC to different SRM
topologies has not been investigated.

C. Control Strategies

Although MPC has been successful in some areas of motor
drive, it still faces many challenges in the field of SRM drive.
FCS–MPC can only select the optimal switch state among
the switch states to be selected, and cannot obtain the true
optimal switch state. Increasing the number of switch states
to be selected improves the control effect but increases the
calculation. Therefore, it is not recommended. CCS–MPC can
calculate optimal results with complex derivations resulting in a
large computational burden. At present, a variety of optimization
strategies have been proposed to improve the robustness of MPC
and reduce the computational pressure, so that MPC can play
the best performance in a wide working range [77]. The above
developments in MPC improve its ability to adapt to the complex
drives of the future [78].

1) Model-Free and Nested Predictive Control: At present,
many scholars in MPC field are trying to improve the modeling
accuracy of SRM. Some alternative idea is proposed, such as
using model-free predictive control [79] and the elimination of
weight factors with nested predictive control [80].

2) Torque Ripple and Vibration Noise Suppression Control:
The suppression of torque ripple caused by the inability to
track reference values for current or torque remains an ur-
gent issue in the field of the control for SRM. Due to its
variable control frequency, FCS–MPC can cause an increase
in current ripple. Even though the use of MPC to reduce the
source current ripple in the case of bus voltage fluctuations
has been proposed in [81], reducing torque ripple caused by
current ripple through fixed control frequency is still a necessary
research direction. In addition, different combinations of switch
states and sector division designs will bring different control
effects. These optimization design often leads to a decrease
in MPC computation, but at the same time, attention should
also be paid to the changes in MPC torque ripple suppression
ability.

TSF-based control methods and MPC are all control strategies
to suppress the torque ripple. They are combined with each
other to achieve better results, which has been introduced above.
The TSF-based MPC further suppresses torque ripple and can
improve the motor efficiency of SRM. However, it still faces
difficulties in selecting the type of TSF and the optimization
interval boundaries based on TSF are difficult to accurately set.
During the startup and demagnetization stages of the motor,
the actual phase torque of SRM is difficult to track the phase
reference torque allocated by TSF. Therefore, the bus voltage
can be increased by cascading boost converters, thereby further
improving the current or torque tracking performance.

To further suppress torque ripple, targeted compensation
method can be considered. The simplest compensation strategy
is to compensate a fixed value at a fixed position. In order to meet
the needs of different operation conditions, real-time dynamic
compensation can ensure better results, but it may also lead to
an increase in computational power requirements.

The appearance of vibration noise in SRM is mainly caused by
the drastic change of radial force in the process of commutation.
Normally, the implementation of torque ripple suppression and
radial force ripple suppression is often incompatible. To over-
come this problem, a series of novel model predictive torque and
radial force control strategies are proposed in [82] and [83] to
suppress the torque ripple and vibration noise, especially in [83],
an online optimal TSF is used to reduce the torque and radial
force ripples at a wide speed range. The solutions for eliminating
the torque ripple and vibration noise at the same time possess
good prospect in SRM drive control system.

3) Sensorless Position Estimation: To ensure high perfor-
mance operation of the MPC in SRM, the accurate full range
position signals is highly required. However, in most industrial
applications, the hall sensor based position measurement sys-
tems are used, which will result in inaccurate position detection
at standstill and low-speed operations. Thus, to apply the MPC
in these kinds of SRM systems, the sensorless initial positioning
and low-speed real-time position estimation methods are quite
necessary. Generally, the high-frequency voltage pulse injec-
tion based methods [84] are the key solutions for low-speed
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sensorless position estimations. Thus, how to integrate this
method with the MPC is still a great challenge needs to be
studied.

In the other hand, fast and accurate position sensor is still a
difficult problem in hardware manufacturing, and high precision
position sensor undoubtedly increases the cost of controller.
In order to break through the limitation of position sensing
technology, sensorless position estimation methods in medium–
high-speed operations are also quite necessary. Generally, for
medium–high-speed cases, most of the sensorless position es-
timation methods are developed based on the flux linkage or
inductance characteristics [85], [86]. In most cases, the induc-
tance characteristics are needed to be represented with LUT or
other modeling methods in traditional MPC-based SRM control
system, which is possible to integrate with those sensorless po-
sition estimation schemes for medium–high-speed operations.
Thus, it is very desirable to realize the combination of MPC
with the full-range sensorless position estimation methods in
SRM.

4) Fault-Tolerant Control: In [87], a comprehensive review
of the literature on fault diagnosis and control algorithms of SRM
drivers is presented, which shows that the SRM possesses very
good fault-tolerant capabilities. The torque of SRMs depends
on the individual phase contribution and each phase is relatively
independent. When a certain phase fails, the control strategy
needs to be modified because of the variety of operations and
structural differences, which can be simplified by MPC. To date,
predictive fault tolerant control has not been applied to SRM
drive systems. However, MPC is easier to adjust than other
control strategies. The simplest approach is not to adjust any
parameters of the MPC because the fault phase is not affected
by the control signal. Second, the possible state of the fault
phase is not considered, only the state of the normal phase is
considered, which reduces the number of switch states required
in the calculation of FCS–MPC, and reduces the calculation
pressure of the system to a certain extent.

5) High-Speed Control: The features of SRMs determine
that the SRMs have outstanding high-speed efficiency and ca-
pability to go beyond ultrahigh speed limits. However, due
to the computational characteristics of MPC’s repeated online
optimization, MPC is not suitable for systems with large problem
scale or high sampling rate, such as electromechanical systems
with fast dynamic changes. Therefore, applying MPC to current
SRM driver systems is challenging. With the development of
microprocessor performance and the improvement of computing
power and computing speed, MPC application in the field of
high-speed SRM control is possible.

6) System Robustness Control: Most proposed MPC strate-
gies have considered their ability to handle load disturbances,
and experimental verification is provided. MPC can be used to
replace traditional PI control. Compared to PI control, MPC
avoids the tuning process of control parameters and improves
the robustness of the entire system. However, the MPC algo-
rithm, which highly relies on motor parameters, attaches great
importance to the problem of mismatches in parameters, such as
resistance and inductance during the control process. Although
there are currently some measures to deal with the load distur-
bance and the parameter mismatch, this is still a necessary and
worthy direction for further article in MPC.

Usually, the measured or calculated static electromagnetic
characteristic data are used as the source for obtaining system
parameters during the MPC control process. Traditionally, the
LUT methods are used to obtain the flux-linkage and torque
from the rotor position and phase current. However, the LUT
method consumes a large amount of storage resources and is
unable to cope with parameter mismatches during dynamic op-
eration. Therefore, in order to increase the accuracy of parameter
acquisition and improve the robustness of the system, NNs are
used for SRM modeling [61], [88], [89], [90], [91], [92], [93].
However, the NN-based modeling method sill requires a large
amount of prior data and training time. The offline modeling
method is based on static electromagnetic characteristic data
and cannot take into account the changes in parameters dur-
ing the dynamic operation of SRM [94], which leading to a
decrease in MPC performance. To overcome these problem,
many online modeling methods based on BSNN [60], ANFIS
[95], and radial basis function NN [96] have been proposed
to estimate magnetic flux and torque online by dynamically
adjusting algorithm parameters. As compared with the offline
modeling schemes, the modeling accuracy and robustness can
be highly improved. With the rapid development of artificial
intelligence (AI) technology, it is worth looking forward to
using more advanced AI algorithms for real-time monitoring
and adjustment of SRM parameters.

VII. CONCLUSION

This article provides a comprehensive overview of the MPC
strategies in existing SRM drives, mainly focusing on the fol-
lowing aspects.

1) From the conceptual definition, the basic principles of
SRM and MPC are discussed and the development and
classification of MPC are explained.

2) From the control object perspective, the main control
variables of MPC in the field of SRM control are current,
torque, and flux linkage. Based on the above classifica-
tion, the current article progress has been discussed and
corresponding experimental results have been provided to
verify the effectiveness of different schemes.

3) From the challenges perspective, the MPC algorithm it-
self, modeling strategies, cost function construction, and
other related issues have been introduced and a detailed
analysis of the corresponding solutions have been con-
ducted.

4) The future development trends and challenges of MPC
in diversity of power converters, different motor topolo-
gies, and the combination of multiple control strategies
are discussed in detail which indicates that the newly
optimization of MPC strategy in SRM drivers has enor-
mous development potential and will help promote the
widespread application of SRM systems in industrial and
civilian fields.
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