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Abstract—Model-predictive control (MPC) has emerged as a
promising control method in power electronics, particularly for
multiobjective control problems such as multilevel inverter (MLI)
applications. Over the past two decades, improving the perfor-
mance of MPC and tackling its technical challenges, such as
computational load, modeling accuracy, cost function design, and
weighting factor selection, have attracted great interest in power
electronics. This article aims to discuss the current state of MPC
strategies for MLI applications, describing the significance of each
challenge with the reported effective solutions. Through this re-
view, the MPC methods are categorized into two groups: direct
MPC (without modulator) and indirect MPC (with modulator).
The recent advances of each category are presented and analyzed,
focusing on direct MPC as the most applied method for MLI
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topologies. In addition, some of the important concepts are ex-
perimentally validated through a case study and compared under
the same operating conditions to evaluate the performance and
highlight their features. Finally, the future trends of MPC for MLI
applications are discussed based on the current state and reported
developments.

Index Terms—Capacitor balance, current control, dc-link
balance, model-predictive control (MPC), multilevel inverter
(MLI).

I. INTRODUCTION

OWING to their advantages of limited voltage stress on
semiconductor devices, low switching losses, and re-

duced high-frequency emissions, multilevel inverters (MLIs)
have been considered appealing solutions for medium-/high-
voltage high-power applications [1], [2]. In addition, MLIs are
also potentially attractive for low-voltage/power applications to
avert the fundamental problems of conventional two-level (2L)
inverters, namely high switching loss, large filter dimensions,
and electromagnetic interference [3].

Typically, the control of MLIs is a challenging and multi-
objective task, e.g., current control, and internal voltages regu-
lations, which motivated the research community to consider
advanced control strategies. Among them, model-predictive
control (MPC) has proven to be a promising control method for
power converters in general and MLIs in particular. Although
MPC was first introduced in the 1960s [4], its investigations
into power electronic systems started in the 1980s and its actual
popularity emerged in the 2000s as a result of massive techno-
logical advances in digital platforms [5], [6], [7]. The industrial
implementation of MPC has been realized by ABB Ltd. in some
products, such as ACS2000 for medium-voltage (MV) drives [8].
MPC offers several advantages such as simplicity of design, high
dynamic performance, and the ability to include the constraints
and nonlinearities of the system in a straightforward way [7].
In addition, an outstanding feature of MPC is the capability to
handle multiple control objectives using a well-designed cost
function in conjunction with constraints. Therefore, it has been
widely applied to different MLI topologies in various application
areas such as neutral-point-clamped (NPC) converter in MV
grid-connected applications [9], flying capacitor (FC) converter
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Fig. 1. Classification of MPC methods applied to multilevel inverters.

in active power filter [10], cascaded H-bridge (CHB) converter
in renewable energy systems [11], and five-level active NPC
(5L-ANPC) converter in electrical drives [12], to name a few.

In general, MPC uses the model of the system under control
to predict its behavior in a defined prediction horizon. Then,
using a cost function that defines the system objectives, the
control action is determined by minimizing the errors between
the predicted and reference values. The output of the MPC is
a sequence of control actions in each control cycle, but only
the first action is applied. Several MPC schemes have been
reported in the literature for MLIs. According to the output
of the optimization problem, MPC methods can be categorized
into two groups, i.e., direct MPC and indirect MPC, as shown
in Fig. 1. In direct MPC, the controller action is an integer
vector and is applied directly to the system without the need
for a modulation stage, i.e., the controller outputs the switching
signals. In indirect MPC, the MPC controller outputs the control
action as a real-valued vector, and then, a modulator is used to
generate the switching pulses.

Considering the first category, direct MPC, finite-control-set
MPC (FCS-MPC) is considered the most popular MPC scheme
in MLI applications. FCS-MPC has the ability to directly exploit
the discrete nature of the power converters. By evaluating the
finite converter states in a cost function containing the control
objectives, the optimal control action can be identified [13]. One
prominent merit of FCS-MPC is the ease of solving the control
problem, even when there are multiple control objectives and
system constraints. However, the required online calculations
for variable predictions and cost function minimization increase
the computational burden, especially for high-level MLIs. In
addition, variable switching frequency, tuning of weighting fac-
tors (WFs), and long-horizon implementation are considered
challenges in FCS-MPC [7], [13], [14], [15], [16], [17]. Several
developments and improvements have recently been reported to
compensate for these disadvantages, which will be discussed in
this article.

In contrast to direct MPC, where control and modulation take
place in one computational stage, indirect MPC solves these
problems in a sequential manner. Hence, indirect MPC computes
the control action, e.g., the modulating signal or the duty ratio,
which is subsequently fed into a modulator for the genera-
tion of the switching commands. Continuous-control-set MPC
(CCS-MPC) methods are the most common in this category,
where the optimization problem is formulated as a constrained
or unconstrained quadratic program (QP). Although the latter
has higher computational load, it is relatively modest compared
to FCS-MPC because the computational cost does not rely on the

Fig. 2. Block diagram of standard FCS-MPC.

number of levels in MLI topologies, and part of the optimization
problem is solved offline [18], [19]. However, constructing the
linear system model for the CCS-MPC is not an easy task,
especially for the MLI topologies, which are typically bilinear
systems [18].

Generally, any MPC scheme has three key phases, namely the
prediction model, cost function, and optimization method. Each
phase has relevant issues and limitations that represent research
points in the academic community. In this regard, several works
have recently been proposed for MLI applications. Accordingly,
and considering the most common MPC methods for MLIs in
Fig. 1, this article summarizes the recent advances reported in the
literature to address these challenges and discusses future trends.
Moreover, some of the important concepts are validated by the
experimental implementation and compared with the standard
MPC method.

The rest of this article is organized as follows. Section II
describes the design steps of the FCS-MPC, considering the
grid-connected 5L-ANPC converter as a case study. The impor-
tance of each FCS-MPC challenge and the reported effective
solutions is provided in Section III. Section IV deals with other
popular direct MPC methods, such as Lyapunov-based MPC.
Indirect MPC methods for MLIs, including CCS-MPC and dead-
beat MPC (DB-MPC), are covered in Section V. Section VIII
discusses the future trends of MPC for MLI applications. Finally,
Section IX concludes this article.

II. FINITE-CONTROL-SET MPC

Fig. 2 shows the block diagram of the standard FCS-MPC
strategy with a short (one-step) prediction horizon (Np = 1).
The design and operating principles can be summarized in three
steps as follows:

1) constructing a discrete-time prediction model;
2) designing the cost function that includes the control ob-

jectives and constraints;
3) defining and applying the optimal vector that has a mini-

mal cost function through the optimization algorithm.
The analysis presented here is based on the well-known

5L-ANPC inverter connected to the grid, as shown in Fig. 3.
Besides the primary current tracking objective, FC balanc-
ing and neutral-point (NP) potential control are two control
targets that need to be considered in the 5L-ANPC inverter.
The description and operating principles of the considered case
study are presented in [20] and [21].
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Fig. 3. Circuit configuration of the grid-connected 5L-ANPC converter.

TABLE I
SWITCHING STATES OF PHASE x OF THE 5L-ANPC INVERTER

A. Discrete-Time Prediction Model

The predictive model is considered the core of MPC strategies
as it is required to predict the future values of the controlled
variable. In addition, prediction accuracy is an important is-
sue that significantly affects control performance. Therefore,
a time-continuous system model that fully includes the system
dynamics should be first built. Referring to the system shown in
Fig. 3, the switching states of one leg of the 5L-ANPC inverter
are listed in Table I. x ∈ {a, b, c} denotes the respective phase,
and the switching function six (i = {1, 2, 3, 4}) of switch Six is
defined as

six =

{
1, if Six is ON

0, if Six is OFF
. (1)

According to the inverter switching states, the inverter phase-to-
neutral voltage vxN can be expressed as

vxN = s1xs3xvc1 − s̄2xs̄3xvc2 + (s4x − s3x)vfx (2)

where vc1 and vc2 are the dc-link voltages and vfx is the voltage
of the phase capacitor Cfx. The dynamic system equations
of the three-phase grid-connected system in the abc-frame are
expressed as

vxN = Rf ix + Lf
d

dt
ix + vgx + vnN (3)

where Rf and Lf are the resistance and inductance of the
filter, respectively. vgx is the grid voltage and vnN refers to the
common-mode voltage (CMV). To decouple the control loops,
the three-phase system is preferably modeled in a 2-D frame,
either stationary αβ-frame or rotating dq-frame. In doing so,

Fig. 4. Classification discretization methods for MPC.

xabc = [xa xb xc]
T is transformed to the αβ-frame as

xαβ = Kxabc (4)

where K is the transformation matrix and expressed as

K =
2

3

[
1 −1

2
−1
2

0
√
3
2

−√
3

2

]
. (5)

Accordingly, the continuous-time model in (3) can be written in
the αβ-frame as

v = Rf i+ Lf
d

dt
i+ vg (6)

where v = [vα vβ ], i = [iα iβ ], and vg = [vgα vgβ ].
The model of the phase FC (Cfx) is built based on the inverter

states in Table I as

ifx = Cfx
d

dt
vfx = (s3x − s4x)ix (7)

where ifx is the current of Cfx. Similarly, the dc-link capacitors
C1 and C2 are modeled as

ic1 = C1
d
dtvc1 = idc −

∑
x∈{a,b,c}

s1xs3xix

ic2 = C2
d
dtvc2 = idc +

∑
x∈{a,b,c}

s̄2xs̄3xix

⎫⎪⎪⎬
⎪⎪⎭ (8)

where ic1 and ic2 are the currents of C1 and C2, respectively.
For identical dc-link capacitors (C1 = C2 = C), the dc-link
balancing can be formulated as

Δic = C
d

dt
Δvc = −

∑
x∈{a,b,c}

(s1xs3x + s̄2xs̄3x)ix (9)

where Δic = ic1 − ic2 and Δvc = vc1 − vc2. As previously
mentioned, MPC implementation is based on the discrete-time
models. Therefore, after constructing the continuous-time mod-
els, a discretization method should be applied. For the dis-
cretization procedure, two important aspects should be taken
into account [[22], Ch. 7]. First, the computational load should
be low so as not to add heavy computations to the MPC algo-
rithm. Second, errors resulting from the discretization proce-
dure should be acceptable in order not to negatively affect the
modeling accuracy, since the MPC performance is significantly
affected by the accuracy of the discrete-time model. Choosing
the appropriate discretization can be seen as a tradeoff between
the first and second aspects, based on the application and con-
trol design requirements [23]. In this regard, the discretization
methods are divided into three categories: exact, quasi-exact, and
approximated methods [[22], ch. 7], [24], as shown in Fig. 4. The
approximated methods are the most applied in power electronic
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TABLE II
APPROXIMATED DISCRETIZATION METHODS

Fig. 5. Control objectives of MLI applications.

systems in general and MLI applications in particular due to their
simplicity, straightforward implementation, and low calculation
load [25], [26], [27], [28].

Forward-Euler, backward-Euler, and bilinear—also known as
Tustin—approximations are three common methods that belong
to the approximated family, as shown in Fig. 4. Table II shows
the derivative approximation using these methods, where Ts is
the sample period. By applying forward-Euler approximation
to the system models in (6), (7), and (9), the predicted values
i(k + 1), vfx(k + 1), and Δvc(k + 1) are obtained as

i(k + 1) =
(
1− RfTs

Lf

)
i(k) + Ts

L (v(k)− vg(k))

vfx(k + 1) = vfx(k) +
Ts

Cfx
(s3x − s4x)ix

Δvc(k + 1) = Δvc(k)− Ts

C

∑
x∈{a,b,c}

(s1xs3x + s̄2xs̄3x)ix

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

.

(10)

B. Cost Function Formulation

The cost function formulates the MPC optimization problem
including all control objectives, and thus, it defines the desired
control behavior. The design of the cost function is a challenging
task, especially in the multiple-objective problems typical in
MLI applications. The issues related to the cost function such
as formulation and norm, as well as the tuning of the WFs,
are important research points because of their impact on the
performance and stability of the whole system. The advances
in addressing these issues in MLI applications are covered in
Sections III-B and III-C.

The variables included in the cost function are determined
by the MLI topology and the application under consideration.
Accordingly, they can be divided into two groups: topology-
related objectives and application-related objectives, as shown
in Fig. 5.

Topology-related objectives are included to ensure proper
operation of the MLI topology and mainly depend on the con-
figuration of the inverter. For example, a dc-link balancing is
a necessary objective for topologies with a mid-point clamped,
such as NPC [13] and 5L-ANPC [29] inverters. Also, capac-
itor voltage control in FC-based topologies is an inevitable
target, like FC [30] and 5L-ANPC inverters. In addition, thermal
stress distribution among switches [31] and switching frequency
reduction [13] are considered secondary objectives that can
improve the converter operation and increase the power density
and/or efficiency.

Application-related objectives are considered to meet the
requirements of the load. For example, reference current tracking
is a major goal in various applications such as in electric drives
after generating the reference current according to the required
machine speed/torque [32]. Also, torque and flux control are
common objectives in drive systems [33]. Another example for
application-related objectives is the active and reactive power
control in grid-connected systems [34], [35], [36], [37] and
voltage control in uninterruptible power supply (UPS) appli-
cation [38].

For the considered case study in Fig. 3, the dc-link balancing
and FC voltage control need to be included to ensure proper oper-
ation of the inverter. In addition, current control is considered as
an application-related objective. By adopting the l2-norm [39],
the cost function g (also denoted as J) can be expressed as

g = [i∗(k + 1)− i(k + 1)]2 + λ1[v
∗
fx(k + 1)− vfx(k + 1)]2

+ λ2[Δvc(k + 1)]2 (11)

where λ1 and λ2 are the WFs and used to adjust the prior-
ity among the control targets. WFs have a great influence on
control behavior and stability. Thus, much research effort has
been put into tuning or even eliminating WFs, as discussed in
Section III-C. i∗(k + 1) in (11) is the reference current at the
(k + 1)th sample and is determined by extrapolation methods.
Extrapolation of reference variables is necessary to avoid the
delay between the reference and the actual variable, especially
when the sampling frequency is not significantly higher than
the fundamental frequency. No extrapolation procedure is re-
quired in the steady-state operation when the MPC algorithm
is designed in the dq-frame as the variables are dc values.
However, when the references change, as in transient conditions,
a delay arises, bringing the need for an extrapolation method.
In this regard, three extrapolation methods are reported, namely,
discrete-signal generator [22], vector angle extrapolation [22],
[25], and Lagrange extrapolation [25], [34], [40]. The discrete-
signal generator method is only used when the reference is
determined by the user. The other two methods are used when
the references are obtained from other control loops. In vector
angle extrapolation, the variables must be in polar coordinate
form (rejθ), and then, a discrete value NpωTs is added to the
angle θ to get the future value, whereNp andω are the prediction
horizon and variable angular frequency, respectively. Since this
method is implemented in polar coordinates, it is only applicable
to three-phase sinusoidal variables. Lagrange extrapolation is the
most commonly used method in MPC because it can be used in
single-phase systems and nonsinusoidal quantities. It uses the
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TABLE III
SYSTEM PARAMETERS OF THE HIL IMPLEMENTATION

present and past samples to predict the future value without
involving any phase angle calculations. The number of past
samples defines the order of the extrapolation [41]. Adopting a
third-order Lagrange extrapolation, i∗(k + 1) in (11) is obtained
as

i∗(k + 1) = 4i∗(k)− 6i∗(k − 1) + 4i∗(k − 2)− i∗(k − 3).
(12)

C. Optimal Vector Identification Through the Optimization
Algorithm

Once the discrete-time model is constructed and the opti-
mization problem is formulated via a cost function, an opti-
mization algorithm is applied to identify the optimal control
action. Typically, an exhaustive search algorithm (ESA) is used
to solve the optimization problem by checking all the converter
states to find the optimal one. However, in MLI applications, the
large number of states leads to a heavy computational burden,
resulting in a long sampling period to be used as the optimization
problem is solved online. On the other side, in power converter
applications, the sample period tends to be short, on the order
of tens of microseconds, for high control performance. Ac-
cordingly, much effort has been focused on investigating other
optimization algorithms, as discussed in Section III-A. With
long-horizon FCS-MPC, this issue is more apparent, and hence,
other optimization algorithms are used such as sphere decoding
algorithm (SDA) [42]. More details about the implementation
of long-horizon MPC are provided in Section III-E.

For the 5L-ANPC inverter, each phase has eight switching
states, as shown in Table I, which means 512 (83) states in the
three-phase implementation. With the conventional FCS-MPC
concept using ESA and a horizon of one, it is required to carry out
512× predictions for the controlled variables according to (10)
and 512× cost function evaluation according to (11) per each
control sampling periodTs. Note that the number of calculations
increases exponentially as the number of prediction steps Np

increases.
The implementation of the conventional FCS-MPC for the

case study considered in Fig. 3 is verified by a hardware-in-the-
loop (HIL) implementation. The system parameters are given
in Table III. Fig. 6 shows the HIL results for a step change
in the reference current from 10 to 5 A. As it is clear, the
three control objectives considered in the cost function are
well achieved. The grid currents follow the reference with high
dynamic performance. The FCsCfa,Cfb, andCfc are stabilized

Fig. 6. HIL results of standard FCS-MPC.

at its reference Vdc/4 = 175 V. In addition, the voltages of the
dc-link capacitors are well balanced.

An analysis of recent advances related to FCS-MPC for MLIs
reveals that the published papers aim to address one or more of
the following issues:

1) computational burden reduction;
2) cost function design;
3) WFs design or elimination;
4) fixed-switching-frequency operation;
5) long-horizon MPC.
The advances and improvements related to these issues are

discussed in the following section. Model uncertainty and ob-
server design are common issues shared by all the MPC methods,
so these are addressed in Section VI for the direct and indirect
MPC methods.

III. FCS-MPC: CHALLENGES AND RECENT ADVANCES

A. Computational Burden Reduction

In FCS-MPC, the optimization problem needs to be solved
online. In the case of MLIs in particular, this leads to a high
computational load due to the large number of converter states,
necessitating the use of a long sampling period, which is unde-
sirable in power electronics applications. Several solutions have
been presented to reduce the computational load to realize a
successful practical implementation using the standard digital
platforms.

Many works have been proposed to reduce the complexity of
FCS-MPC for three-phase MLIs. The first attempt was reported
in [43] for the 5L-CHB inverter. In this article, the reduction of
the computational load is realized in two steps: 1) by eliminating
the redundant states that produce high CMVs, reducing converter
states from 125 to 61 switching states and 2) assuming that the
optimal voltage vector is adjacent to that previously applied,
only seven vectors are evaluated in each sample. Accordingly, for
each different vector, a list of the closest seven vectors is defined
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Fig. 7. HIL results of voltage-vector-based FCS-MPC.

offline and stored in a database. Despite the reduction of the on-
line calculations and acceptable steady-state performance, this
method suffers from poor dynamic performance and requires
significant memory space to store the lookup tables (LUTs).

An interesting approach was presented in [44], where the
current control objective is represented by the converter voltage
in the cost function. For illustration, the cost function in (11) is
rewritten as

g = [v∗(k)− v(k)]2 + λ1[v
∗
fx(k + 1)− vfx(k + 1)]2

+ λ2[Δvc(k + 1)]2 (13)

where the reference voltage v∗(k) is calculated from the system
model using the deadbeat concept. Taking the grid-connected
system in Fig. 3 as an example, v∗(k) is obtained as

v∗(k) = Rf i(k) + Lf
i∗(k + 1)− i(k)

Ts
+ vg(k). (14)

This method replaces the computational burden of current pre-
dictions with only one voltage reference estimation; hence, it is
called single-predictive FCS-MPC. Considering the 5L-ANPC
inverter, the single-predictive FCS-MPC saves 512× current
predictions by estimating v∗(k) according to (14) only once per
sample. However, the predictions of the other variables (e.g.,
FCs and dc-link voltages) are still required for all the converter
states. This concept has been the basis for several developed
low-complexity FCS-MPC methods. These FCS-MPC methods
that are based on reference voltage estimation are also referred
to as voltage-based FCS-MPC because the cost function is
expressed by a voltage as given in (13) rather than the current
in the traditional method [45]. The HIL results of the voltage-
based FCS-MPC for the grid-connected 5L-ANPC converter are
shown in Fig. 7. The implementation is carried out with the
same system parameters in Table III. As can be observed, the
results are very similar to those of the standard FCS-MPC in
Fig. 6, demonstrating the ability of the voltage-based FCS-MPC
to identify the optimal state as in the standard method.

The computing effort has been further reduced in [44] by
dividing the space vector (SV) diagram into six sectors and
only evaluating the vectors of one sector based on the refer-
ence voltage location. In [45], the SV diagram of the 5L-CHB
inverter is divided into 96 triangle regions. After calculating
v∗, one triangle is located based on the magnitude and angle
of v∗. Although the evaluated vectors are reduced to three,
many calculations are performed offline and stored in LUTs,
which requires a large storage space. Yang et al. [46] reduced
the number of evaluated vectors from 27 to only 3 for the
three-level (3L) T-type inverter by dividing the SV diagram
into 24 triangular regions. Moreover, dc-link balancing is re-
alized by exploiting the redundant states without the need for
capacitor voltage predictions or WFs. However, determining the
appropriate triangle is not an easy task and requires storage
for LUTs. An S-algorithm is proposed in [47] to locate the
closest vector to the reference voltage for the 3L-NPC converter.
In this method, three imaginary axes denoted as S1, S2, and
S3 are added to the SV diagram, and the coordinates of the
reference voltage with respect to these axes are determined using
analytical formulations. Once the reference voltage positions are
identified, the optimal vector can be located. The S-algorithm
can be applied to higher level topologies. However, the other
control objectives, such as dc-link and FC balancing, can only
be achieved using the redundant states, which is a limitation
for MLI topologies with an insufficient number of redundant
states. Voltage-based FCS-MPC has been the basis for other
developed computationally efficient algorithms for various MLI
topologies [48], [49], [50], [51], [52]. Another reduction concept
of the FCS-MPC for three-phase MLIs is reported in [53]. The
idea of this work is to neglect the correlation between the control
objectives of the three phases. Considering the system model
in (3), the CMV is assumed to be zero VnN = 0, resulting in

vxN ≈ Rf ix + Lf
d

dt
ix + vgx. (15)

With this approximation, the variables of each phase are con-
trolled independently, reducing the total number of converter
states fromN3

st to3×Nst, whereNst is the number of switching
states of the single-phase leg. However, all the redundant states
resulting from the correlation of the three phases are ignored,
which negatively affects the control performance. Applying this
model-approximated FCS-MPC to the 5L-ANPC in Fig. 3, the
number of evaluated converter states is reduced from 512 to 24.
The results of the approximated-model FCS-MPC are depicted
in Fig. 8. Despite the reduction in computation, the control
performance has been degraded compared to the standard FCS-
MPC in Fig. 6. Lower tracking quality and higher voltage ripples
in the FCs and dc link are observed in this method. This is due
to the approximation in the system model, which led to ignoring
the redundancies of the three-phase converter.

To compare the calculation load, six prior-art methods are
implemented on dSPACE Microlabbox for the grid-connected
5L-ANPC converter. The implemented methods are the con-
ventional scheme, single-predictive and six-sector FCS-MPC
methods presented in [44], computationally efficient FCS-MPC
presented in [45], S-algorithm method reported in [47], and
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Fig. 8. HIL results of approximated-model-based FCS-MPC.

TABLE IV
EXECUTION TIME OF REDUCED COMPUTATIONAL BURDEN FCS-MPC

SCHEMES ON DSPACE MICROLABBOX

model-approximated FCS-MPC proposed in [53]. The execu-
tion times are measured from ControlDesk software using a
turnaround variable. Table IV lists the execution times required
for the implemented methods, demonstrating the feasibility of
computation reduction .

For the single-phase MLIs, only few works have been pre-
sented in the literature. In [54], the computational effort of the
single-phase 3L-NPC converter has been reduced by avoiding
the cost function evaluation. However, in contrast to the stan-
dard FCS-MPC, complex analyzes are performed to solve the
optimization issue. In addition, NP balancing is not included
in the MPC method; thus, a proportional–integral–derivative
controller is utilized, which complicates the overall control and
inserts the issue of proportional–integral (PI) tuning. A computa-
tionally efficient FCS-MPC for a four-level (4L) hybrid H-bridge
MLI is presented in [14]. In this approach, only 16 states are
evaluated instead of 64 vectors of the standard MPC. However,
neglecting 48 states caused the MLI to lose one of its features,
the high number of redundancies, that can be exploited to realize
better FC balance or to minimize the switching frequency. In
addition, owing to redundancy elimination, two power switches
do not carry current with this MPC method, which adversely
affects the loss sharing between the power devices. In [55],
low-complexity voltage-based FCS-MPC is reported for the

nine-level ANPC-based inverter. In this method, the converter
states are divided into two sets and only one set is considered in
the optimization process based on the calculated reference volt-
age. Moreover, the prediction of the dc-link voltages is avoided
by integrating the NP control into the FC balance objective.
Other computationally efficient FCS-MPC methods have been
proposed for single-phase MLIs in [15], [56], [57], and [58].

B. Cost Function Design

One of the biggest advantages of the FCS-MPC algorithm
is that multiple control targets and constraints can easily be
included in a single cost function. A cost function is used to
evaluate the predictions of the system variables and is usually
structured as a sum of errors of the controlled variables. In
power electronics control applications, it typically contains a
tracking error (primary objective) and control effort penalization
(secondary objective)

J(y(k), u(k)) =‖ yref(k + 1)− y(k + 1)P ‖ll+‖ λuΔu(k) ‖ll
(16)

where yref(k + 1) is the reference value and y(k + 1)P is the
predicted value, λu is the WF, which adjusts the tradeoff between
the control objectives, and Δu(k) defines the switching effort.
Which control variables will be included in the cost function
depends on the converter topology and application. The choice
of the norm (l) also has a high impact on the performance of the
designed FCS-MPC algorithm [39], [59]. The l1-norm for an
n-dimensional vector yn is defined as a sum of absolute values,
while for l2-norm, it is defined as a sum of square values

‖ y ‖1= |y1|+ |y2|+ · · ·+ |yn| (17)

‖ y ‖2= y21 + y22 + · · ·+ y2n. (18)

In terms of the computation effort, the l1-norm is lighter due
to a lower number of calculations; however, the analysis con-
ducted in [39] revealed that the use of l1-norm can result in a
performance deterioration and closed-loop instability if λu �= 0.
There exist a critical value λu,crt, for which, if the penalty of
switching exceeds this value, the controller will not be able to
switch. This limits the switching frequency range significantly.
Therefore, the MPC algorithm with l1-norm will not be able
to keep the stability at low switching frequency operation,
which are typically required for high-power high-voltage motor
drives—one of the main application areas of the MLI topologies.
Further analysis also showed that l2-norm of a ripple variable
is proportional to the total harmonic distortion (THD); thus, by
minimizing the l2-norm of the output ripple (yref − yP ), better
performance is achieved than for l1-norm. Since the l2 -norm
transforms the optimization problem into a quadratic problem,
the solution to the unconstrained problem can be obtained by
setting the derivative of the cost function to 0. This feature
enables the use of both FCS-MPC with implicit modulator and
indirect MPC [24]. Thus, the use of l2-norm is recommended
to ensure the closed-loop stability of the system, wide range
switching frequency operation, and low distortion.

Cost function structures used in FCS-MPC applications for
MLIs have at least two control targets in the cost function. Ex-
ceptions are sequential [60], [61] and cascaded MPC algorithms
[48], which use separate cost functions for each control targets
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Fig. 9. Classification of WF design for FCS-MPC.

and FCS-MPC algorithms, which use another control method or
LUTs to control the secondary objective like, e.g., NP voltage
in NPC converters or CMV [26], [62].

A problem specific to some MLI topologies is uneven device
loss distribution. This problem becomes even more apparent
when in one converter topology, Si devices are combined with
wide-bandgap devices like SiC diodes or MOSFETs to increase
the conversion efficiency. For both performance and reliability,
this is a limiting factor since the hottest device will define the
maximum transferable power. Moreover, the device, which is
set under the largest thermal stress, will have a much faster
wear-out, leading to lower lifetime. Since the FCS-MPC is
typically not using a modulator, it is very simple to impose
restrictions on the certain switching commutation or reduce the
switching frequency using the cost function design. For example,
in [63], a hybrid Si/SiC 3L-NPC is using the cost function (19),
which takes into account the reduced switching losses in the
commutations involving the SiC diodes to achieve lower overall
losses without neglecting the output current tracking error

J = |i∗(k)− î(k + 1)|+ csw (19)

csw =

⎧⎪⎨
⎪⎩
0, no switching event

k, no SiC diode used

k · k1, a SiC diode used

(20)

where k and k1 are tunable and define the penalty. Another
example is given in [64] for the 3L-NPC converter, where control
actions that switch devices during the period of high current
amplitude are penalized in order to reduce the switching losses

J = |Ia(k)| · na + |Ib(k)| · nb + |Ic(k)| · nc (21)

nx = |ux1(k)− ux1(k − 1)|+ |u′
x2(k)− u′

x2(k − 1)| (22)

where Ix(k) is the amplitude of phase x of the converter output
current, ux1(k) and ux1(k − 1) are the current and previous
switching states of the outer devices, respectively, and u′

x2(k)
and u′

x2(k − 1) are the current and previous switching states of
the inner devices, respectively.

Fig. 10. Concept of heuristic algorithm for optimizing WFs.

C. WF Design or Elimination

WFs directly influence the system control performance, es-
pecially for MLIs, where there are multiple control targets [65].
Therefore, it is mandatory to optimize the cost function and
optimally tune the WFs. A lot of solutions have been proposed
for designing WFs, which can be classified into three categories,
as shown in Fig. 9.

1) WF Optimization: The optimization of WFs is a very
challenging task for cost functions with multiple objectives that
are in conflict or cannot be unified. Several approaches have been
proposed for tuning the WFs of FCS-MPC, including offline
optimization [65], [66], [67], [68], [69], [70], [71] and online
optimization [72], [73], [74], [75], [76].

The offline optimization mainly utilizes the heuristic algo-
rithm [65], [66], [67] and artificial neural network (ANN) [68],
[69], [70] to search the global optimal WFs for the cost function
of FCS-MPC. The concept of heuristic method for searching
the optimal WFs of FCS-MPC is presented in Fig. 10. The
heuristic methods, such as genetic algorithm (GA) [65], [66]
and particle swarm optimization (PSO) [67], are employed to
find the optimal combination of WFs (λ1 · · · λi), according
to the predefined performance. The heuristic optimization can
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Fig. 11. Block diagram of ANN optimization for the WFs.

accurately find the optimal WFs of FCS-MPC for achieving the
defined performance. As for ANN-based optimization, Fig. 11
depicts the block diagram of ANN optimization for the WFs.
In Fig. 11, the ANN-based method first generates the dataset
from simulations. Then, the dataset is classified into the training
set and the validation set to train and evaluate the ANN. After
the ANN is trained, it is applied to predict the WFs accord-
ing to the corresponding performance metrics. Another offline
optimization of WFs is to reduce the terms of cost functions
so as to reduce the time effort to search the optimum WFs of
FCS-MPC. In [71], the voltage vector is selected to minimize the
primary objectives, and then, the duty cycle of redundant vectors
is employed to control the secondary objectives. Consequently,
the cost function of FCS-MPC does not include the terms of NP
voltage balancing.

In summary, the offline optimization of WFs neither imposes
the computation burden nor deteriorates the dynamic perfor-
mance of FCS-MPC. However, those approaches fail to be robust
to the system parameter mismatch, and the WFs should be
manually adjusted instead of automatically tuning.

The online optimization enables the cost functions to perform
an automatic adjustment of WFs, and it is adaptive to time-
varying working conditions. The online optimization methods
mainly concentrate on designing an observer function used to
monitor the performance of FCS-MPC, and then, the designed
observer minimizes the cost function by adjusting switching
states [72], torque ripple [73], power factor [74], [75], and
voltage phase [76].

In [72], a new observer function was proposed, which quan-
tifies the contribution of each switching state to eliminate the
existing error, instead of considering the total error value. The
optimization in [73] is based on dividing the control interval into
two parts: active time for applying the active voltage vectors
and zero time for applying the zero voltage vector. With this
technique, the torque ripple is calculated as a function of WF.
The WF optimization in [74] and [75] is realized by predict-
ing the absolute tracking errors of the control objectives and
corresponding constraints, where the active power and reactive
power are regulated and the power control can be bidirectionally
decoupled. The observer function in [76] is formulated with four
constraints (torque, stator flux, CMV, and switching losses), and
this method regulates the voltage phase to minimize the observer
function to improve both steady-state and dynamic performance.

The online optimization achieves the automatic adjustment of
WFs to improve the performance of FCS-MPC. However, the
online optimization methods increase the computational burden
and complicate the controlling procedure of FCS-MPC.

Fig. 12. Procedure of ANN-based tuning of WFs.

It should be mentioned that the abovementioned optimization
approaches strongly depend on system parameters, and most
of them were designed for two control objectives. When more
objectives are considered, especially for MLIs, the WFs can be
obtained using trial-and-error procedures.

2) Autotuning WFs: With respect to the autoturning of WFs,
it is mainly realized by decision making [77], [78], [79], [80],
[81], simulated annealing [82], and ANN-based tuning [83],
[84], [85], [86], [87].

Both the fuzzy logic decision making [78], [79] and multicri-
teria decision [80], [81] can be employed to replace the standard
selection stage of the cost function. As a result, the WF selection
is avoided, and a simple selection scheme is obtained. The fuzzy
logic decision making is designed to be the switching state
selector for FCS-MPC in induction motor drives [77], [79] and
direct matrix converter [78]. Besides, the fuzzy logic decision
making can promote the design of the FCS-MPC state selector
to be feasible for MLIs. It should be noted that the switching
selectors of FCS-MPC can also be replaced by multicriteria
decision-making methods named TOPSIS [80] and VIKOR [81].
The decision making avoids the WF selection, and it is much
suitable for MLI systems. Nevertheless, it increases the com-
putation demand and fails to tackle the problem of preference
absence among the criteria of decision making.

With the help of field-programmable gate array (FPGA) and
advanced RISC machines (ARMs), the autotuning of WFs for
FCS-MPC can be achieved by intelligent algorithms. The in-
telligent algorithm simulated annealing [82] is implemented
into an FPGA and searches the optimal combination of WFs
to minimize the cost functions. The process of ANN-based
autoturning is presented in Fig. 12. The information of sensors
(Vdc, iabc, and ωe) is transmitted into the input layer of the
trained ANN in FPGA/ARM, where the ANN is trained by
simulation data. Then, the ANN outputs the WFs for FCS-MPC,
and the clock signal is transmitted into the synchronic unit to
update the trained ANN, where the AXI is the agreement of
control bus. Through the ANN-based tuning of WFs, FCS-MPC
achieved the robust controlling for a dc–dc boost converter [83],
low switching frequency for modular multilevel converter [84],
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constant switching of better dynamical response for 2L voltage-
source inverters [85], better dynamic response for the 3L-NPC
inverter [86], and better reliability for seven-level (7L) modified
packed U-cell active rectifier [87].

In conclusion, the autotuning of WFs via intelligent algorithm
not only avoids the WF selection but also enhances the control
performance of FCS-MPC. It should be mentioned that the per-
formance of intelligent algorithm is limited to the logic resources
of FPGA/ARM.

The autotuning approaches can realize the dynamic adjust-
ment of WFs for FCS-MPC. Although the artificial-intelligence-
based tuning effectively promotes FCS-MPC to be robust to the
mismatch of system parameters, the cost and logic resources of
the microcontrollers (e.g., FPGA and ARM) should be taken
into consideration in the industrial applications.

3) Weighting Factorless FCS-MPC: Since the tuning of WFs
is quite cumbersome, the weighting factorless MPC becomes a
very attractive solution. The reported methods to avoid the use
of WFs can be roughly categorized as split the cost function and
simplify the cost function.

Split the cost function is quite intuitive and easy for implemen-
tation, where the control objectives are optimized with indepen-
dent cost functions. Split the cost function is frequently adopted
for predictive torque control to eliminate the flux weights, as
seen in [88], [89], [90], and [91]. The cost function for torque
and flux magnitude was processed in sequential or by parallel.
However, this method may lead the algorithm to be even com-
plex, and it should take care that improper design will deteriorate
the performance compared to the FCS-MPC with original cost
function [59]. In [92], a cascaded MPC method was proposed for
3L-ANPC inverter drives. In this method, the reference tracking,
NP potential balance, and the loss distribution were achieved in
sequential, and each stage adopts an independent cost function
without WF.

The utilization of a split cost function can also be observed
in [93] for grid-connected seven-level packed U-cell (PUC7)
inverters. Inspired by sliding-mode control theory, this controller
employs two parallel cost functions: one for FC control and the
other for current tracking. The design has low average switching
frequency by incorporating an additional parameter to control
the FC within a hysteresis band.

Simplify the cost function usually adopts the extra constraints
based on the specific optimization targets to reduce the terms. For
predictive torque control, the most common way is to convert the
tracking for torque and flux magnitude into the stator flux vector
tracking, which can be quite similar to the predictive current
control [94], [95], [96], [97]. To achieve the multiple control
objectives without WFs, the boundary-based method can be a
very effective way. In [98] and [99], the trajectories of torque,
flux magnitude, and NP potential are extrapolated with a set of
input sequences. The candidate voltage vector sequences can
maintain three control objectives within their boundaries for the
given prediction horizon, separately. Then, the cost function only
needs to penalize the commutation times, and the sequence with
the lowest switch transition is selected. Thus, the low-switching-
frequency operation can be achieved simultaneously. In [100],
a boundary with current error extrapolation was presented,

where the cost function selected the voltage vector that achieves
the longest duration time within the boundary. However, the
computational burden with long-horizon prediction could be a
challenge. Another example of simplifying the cost function
can be seen in [101] and [102] for the application of the PUC7
grid-connected inverter, as detailed in Section IV.

In [46], the LUT method was adopted to achieve the NP
potential balance, where the complementary small voltage vec-
tors were assigned to the two predefined tables. Depending on
the state of the NP potential, one of the tables is chosen for
prediction. A similar method was reported in [62], while the
CMV reduction was also considered in the LUT.

D. Fixed-Switching-Frequency MPC

One of the main features of FCS-MPC is that it does not use a
modulator to generate the switching pulses for MLIs. This results
in a high dynamic performance on the one side and a degraded
performance in steady-state compared to pulsewidth modulation
(PWM)-based methods. Because in FCS-MPC, only one vector
is applied during the whole control period Ts, producing higher
ripples in the waveform. Due to the variable switching frequency,
FCS-MPC produces a wide harmonic spectrum [103] and, as a
result, complicates the filter design.

An early solution to the variable switching frequency issue is
the hybrid FCS-MPC [104]. This technique uses a low-pass filter
as a demodulation stage after the standard FCS-MPC to remove
the high-frequency components, as shown in Fig. 13(a). Then,
the output of the low-pass filter is modulated by a sinusoidal
PWM or space vector modulation stage. This approach is intu-
itive and practical and does not increase the computational load.
However, the dynamic and steady-state performance is degraded
compared to the standard FCS-MPC. In addition, it necessitates
the use of an external modulator.

Another effective approach for this matter is the modulated
MPC (M2PC) [17] [see Fig. 13(b)]. This method simulates the
behavior of the PWM technique by introducing the concept
of variable switching time and applying two vectors (or more)
during the control cycle Ts. The implementation of the M2PC
for MLIs was first presented in [17] for a 7L-CHB converter.
The duration times of the vectors are determined to be inversely
proportional to their corresponding cost function values. In other
work, the duration times are calculated using a partial derivative
to minimize the total cost function of the selected vectors [105].
M2PC has been applied to different MLI topologies in dif-
ferent applications, such as NPC converter in grid-connected
applications [106] and CHB converter in STATCOM [107].
Another method is the model-predictive pulse pattern control.
This method is used to reduce harmonic distortion or remove
specified harmonics, which are calculated offline at that instant
of time [8], [108].

Optimal switching sequence MPC (OSS-MPC) is another
efficient fixed-switching-frequency technique that was first ap-
plied to MLIs in [109] for a grid-connected NPC converter.
The concept of approach is to divide the converter states into
a limited number of sequences (Seq1 to Seqn). The optimal
sequence (Seqopt) is identified by optimizing the cost function
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Fig. 13. Most common FCS-MPC methods with fixed switching frequency. (a) Hybrid FCS-MPC. (b) Modulated MPC. (c) Optimal switching sequence MPC.

for all the sequences, as shown in Fig. 13(c). This method has
a better steady-state performance with an improved harmonic
spectrum compared to conventional FCS-MPC. However, the
computational effort is higher, and the design of the switching
sequences is a challenging task for MLIs, especially for three-
phase implementation. The application of this method with an
NP potential control as a second control target for a full-bridge
NPC converter is presented in [54] and [110]. A similar method
is reported in [111] for a T-type converter by applying three
vectors per control cycle. In addition, NP potential control is
achieved exploiting the converter redundancies, eliminating the
use of a WF. However, the cost function is formulated with
the estimated voltage, increasing control sensitivity to model
parameters.

E. Long-Horizon FCS-MPC

Owing to the direct manipulation of the switch positions
of the power converter u = [ua ub uc]

T ∈ U ⊂ Z
3 (with Nst

defining the size of the integer input set), the formulation of the
optimization problem underlying FCS-MPC denotes an integer
optimization problem also called integer program.1 The latter is
inherently difficult to solve as it is known to be NP-hard, i.e., the
computational complexity (and solution time) increases expo-
nentially with the number of candidate switching sequences to be
evaluated in the optimization problem [59], [112]. Therefore, the
practical realization of real-time implementation of FCS-MPC
with long prediction horizons is not trivial [24].

Consider the sequence of manipulated variables over a pre-
diction horizon of Np ∈ N

+ time steps

U(k) =
[
uT (k) uT (k + 1) . . . uT (k +Np − 1)

] ∈ U

(23)
where U = UNp is the feasible set, which grows exponentially
with the number of horizon steps. For long-horizon FCS-MPC,
the control objectives (e.g., current and/or voltage reference
tracking) are quantified by a (generalized) objective function
J → R

+ of the form

J (x(k),U(k)) =

k+Np−1∑
�=k

Λ (x(�+ 1),u(�)) (24)

wherex is the state of the system andΛ(�) is the stage cost based
on the p-norm, i.e., (24) may resemble (11) and (16). In the case
of MLIs, by adopting a short prediction horizon—e.g., Np =
1, 2—and reducing the size of the feasible setUwith the methods

1Note that, if the objective function J(k) is quadratic, the problem relates to
an integer QP (IQP).

Fig. 14. Tradeoff between grid current TDD Ig,TDD and switching frequency
fsw for FCS- MPC with Np = 2 (red circles), Np = 4 (blue circles), and
Np = 10 (green circles). Each data point (round circles) corresponds to a
steady-state simulation. Note that, for the considered third-order system (3L-
NPC converter with an LCL filter), the state vector consists of the converter
current iconv,αβ , capacitor voltage vc,αβ , grid current ig,αβ , and grid voltage
vg,αβ , i.e., x = [iTconv,αβ vT

c,αβ iTg,αβ vT
g,αβ ]

T , while the output vector is

y = [iTconv,αβ vT
c,αβ iTg,αβ ]

T , i.e., multiple current/voltage control. The sam-
pling interval is Ts = 150μs. See [120].

detailed in Section III-A, the FCS-MPC problem can be solved
online in a straightforward and numerically feasible manner
with exhaustive enumeration (keeping the computational com-
plexity at bay) [113]. This relates to the formulation derived in
Sections II and III. However, it has been proven that employ-
ing FCS-MPC with long prediction horizons can significantly
reduce the total demand distortion (TDD)—e.g., current TDD,
ITDD—and notable improvements under steady-state operating
conditions can be achieved [114], [115].

1) Benefits: In particular, when MLIs are the targeted ap-
plications, long horizons strongly impact the closed-loop per-
formance [116], [117], [118]. Such higher order systems2 are
subject to more complex dynamics. A long prediction horizon
enables the controller to make better educated decisions because
the evolution of the system state is computed over a longer time
interval into the future. This performance boost is visible in
Fig. 14. A third-order system is considered, namely an MV
grid-tied 3L-NPC converter with an LCL filter and a resonance
frequency fres ≈ 304 Hz. The corresponding scheme, system
parameters, and full derivation of the optimization problem
are summarized in [120] and [121]. Extending the prediction

2For instance, complex converter topologies (series/parallel, modular) [119]
with coupled inductors and LC or LCL filters.
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Fig. 15. Grid current TDD Ig,TDD as a function of the prediction horizon Np

at different switching frequencies. Individual simulations are shown as “sum,”
“square,” and “circles,” respectively. See [120].

horizon from two to ten steps reduces Ig,TDD by more than
9% at a switching frequency fsw = 400 Hz. Similar benefits
hold over the whole frequency range. Moreover, the proposed
MPC algorithm can operate the converter at significantly lower
switching frequencies close or below fres. This is only possible
with a sufficiently long prediction horizon, while, on the con-
trary, Np = 2 is clearly not suitable for industrial applications
where grid standards—e.g., IEEE 519 and IEC 61000-2-4—are
concerned.

This can also be observed in Fig. 15, which depicts the grid
current TDD as a function of the prediction horizon lengthNp for
a fixed set of switching frequencies. The current THD decreases
considerably up to the ten-step horizon, after which the rate
is significantly lower. Note that a one-step horizon leads to an
unstable behavior for such system.

Combining Figs. 14 and 15, the proverbial knee of the fitted
curves given by Np = 4 and fsw = 400 Hz indicates a good
tradeoff between performance (i.e., Ig,TDD) and controller com-
plexity (i.e., size of U and choice of Ts). Nevertheless, U ∈ U4

switching sequence has to be evaluated in the optimization
problem to find the optimal sequence U ∗ within the sampling
interval Ts. Adopting an exhaustive enumeration criterion is
computationally unfeasible when considering real-time imple-
mentation onto industrial embedded hardware [24].

2) Methods: To reduce the computational load without sac-
rificing the optimality of the solution, methods that rely on ded-
icated optimization algorithms, such as branch-and-bound [42],
and nontrivial prediction horizon formulations, such as move
blocking strategies [112], event-based horizons [8], and predic-
tion with extrapolation or interpolation [99], [122], [123], [124],
should be considered.

a) Sphere decoding algorithm: In case the optimization
problem underlying FCS-MPC is based on a linear predic-
tion model subject to linear hard constraints, the branch-and-
bound algorithms named sphere decoder can be efficiently
employed [42]. Applying the sphere decoder requires the re-
formulation of the underlying optimization problem into an
integer least-squares (ILS) one. By doing so, the search for the
optimal solutionU ∗ can be written in terms of the unconstrained

solution, i.e., the solution that minimizes (24) when relaxing the
feasible set fromU toR3Np . The optimal integer solution relates
to the lattice point with the shortest Euclidean distance to U unc.
In the next step, a 3Np-dimensional hypersphere of radius ρ
centered at the unconstrained solution U unc is computed. By
doing so, only the candidate solutions inside the sphere have to
be evaluated. The goal of the optimizer is to tighten the radius ρ
incrementally until only the optimal solution remains inside the
sphere, whereas all other candidate solutions are excluded since
they constitute suboptimal options. This task can be visualized
as traversing a search tree in which each level corresponds to
a switch position of U and with every node having as many
siblings as there are output levels for one phase leg, e.g., three
siblings for a 3L inverter. As a last step, the algorithm needs to
be implemented in a real-time control system. In summary, the
sphere decoder can be partitioned into the following steps:

1) reformulation as ILS;
2) calculation of unconstrained solution and initial radius;
3) search for optimal integer solution;
4) real-time implementation.
Several improvements have been proposed to reduce the

computational complexity and with that facilitate the real-time
implementation of the sphere decoder. In [125], the previously
mentioned ILS is restructured by applying a lattice reduction
algorithm to achieve a faster convergence of the SDA. The
problem of increasing computational burden during transient
events is tackled in [126] and [127] by proposing a projection
algorithm of the initially calculated radius. Recently, several
search strategies have been suggested to speed up the iterative
search process: in [128], a segmentation and parallel traversing
of the search tree is introduced, while in [129] and [130], a
heuristic method called K-best SDA is introduced into the field of
power electronics, which searches the K most promising paths
instead of traversing the search tree in depth-first manner. Both
methods are combined in [131].

One of the major drawbacks of the sphere decoder is that it is
only applicable if the prediction model is a linear time-invariant
systems. For this reason, the authors in [120] and [132] proposed
an algorithm that maps output constraints to input constraints,
effectively removing the “violating” candidates from the feasible
set, such that the SDA is still applicable. To further expand the
applicability to nonlinear systems, linearization approaches have
been proposed in [133] and [134] with the goal to predict and
control the nonlinear behavior of the NP potential of a 3L-NPC
inverter. First investigations on the robustness of the SDA to
parameter mismatches were presented in [135] and [136] and
followed-up by an online parameter estimation for the SDA
in [137].

To the authors’ best knowledge, the first implementation
of the SDA for MLI was realized on an FPGA in [138]
and [139], allowing for a sampling interval of 25 μs for a
3L-NPC inverter with an RL load achieving a horizon length
of Np = 5. In contrast to that, in [140], [141], [142], and [143],
a high-level synthesis tool is used to generate the VHDL code
directly from C++, achieving Np = 3 for a 3L-NPC driving
an induction machine at a sampling interval of 25 μs . The
implementations presented in [128], [130], and [131] control
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TABLE V
STATE-OF-THE-ART IMPLEMENTATIONS OF SDA

a UPS system consisting of a 2L inverter3 (2L-VSI) with an LC
filter connected to an RL load. The SDA was also implemented
on dSPACE systems [127], [144], [145], with the limitations
that either the sampling interval is long (>100μs) [127], [144],
which reduces the switching granularity [59], or a 2L inverter
is considered [145], implying that the number of the candidate
solutions and, thus, the complexity of the control problem are
relatively small. The common implementations of the SDA are
summarized in Table V.

b) Other methods: On the other hand, when the optimiza-
tion problem underlying FCS-MPC is subject to nonlinear con-
straints, to facilitate its real-time implementation, researchers
resort to strategies that simplify the optimization problem at
hand by either reformulating the objective function, adopting
heuristics or by restricting the feasible set [42], [50], [59], [146],
[147], [148]. Nevertheless, differently from the sphere decoder,
there are cases where such methods impact the optimality of the
calculated solutions, with a negative impact on the system per-
formance. For instance, to avoid the tuning procedure and reduce
the computational burden to solve the optimization problem, a
simplified FCS-MPC approach is to consider multiple objective
functions, each with a single term. The latter are minimized
separately one after another, i.e., in a sequential manner (see,
e.g., [89] and [149]).

Likewise, a straightforward method to keep the computational
cost of the optimization process to a minimum is to round (i.e.,
quantize) the aforementioned unconstrained solution U unc [59].
This means that the entries of the related U unc are rounded
componentwise to the nearest integer of U (see, e.g., [115] and
[150]). Another common approach is to limit the search space,
i.e., to reduce the number of candidate solutions to be considered
adopting one of the methods denoted in Section III-A.

IV. LYAPUNOV-BASED DIRECT MPC

A. Preliminaries

The Lyapunov direct method has been widely employed in
the development of controllers for power electronic applications.
In this section, we highlight recent research that integrates the
direct Lyapunov method with FCS-MPC. Lyapunov-based MPC
is used to improve system stability for bridge converters [151],
[152], [153], [154], multilevel converters [87], [155], [156],
[157], and drive applications [158], [159], [160], [161], [162].

In [156], a gain-free Lyapunov-based MPC is presented for
nested NPC converters. A finite set of control candidates is

3This concept could be extended to MLIs and is, therefore, listed here.

Fig. 16. Grid-connected PUC7 inverter.

generated after eliminating the states that make the Lyapunov
function nondefinite negative. Since the application of the short-
listed control input candidates does not result in an appropriate
output state, duty cycle control is also incorporated into the
control system. In addition, the cost function of the MPC is
designed using fuzzy-logic-based multiobjective optimization.
Although the controller achieves satisfactory steady-state error,
fast response, and lower average switching frequency compared
to classical MPC, its complex design compromises the inherent
simplicity, which is a key advantage of MPC.

For the PUC7 converter [101], [102], the cost function of
the classical FCS-MPC is replaced by a Lyapunov-based cost
function that eliminates the need for gain tuning and avoids the
requirement for additional adjustments and/or controllers. The
inhomogeneous terms of the cost function are lumped after elim-
inating the common term thanks to the direct Lyapunov method.
Similar research has used the same design concept for PUC7
rectifiers [102], T-type rectifiers [153], [163], interleaved NPC
converters [157], and three-phase four-arm modular multilevel
converters [164].

B. Case Study: PUC7 Grid-Connected Inverter

In order to illustrate the design procedure of Lyapunov MPC
(LMPC), the PUC7 inverter shown in Fig. 16 is considered
as a study example. The cornerstone of the controller design
in [101] is to evaluate the performance of the system from a
stability perspective, keeping the system stable in the first place.
The derivative of the Lyapunov function (i.e., the cost function)
should be negative for all time points under different operating
conditions. The cost function has no gains, and it is given as

V̇ (x) =
1

Lg

{
x1

(
s1Vdc + s2v

∗
f −Rfx1 − v∗i

)− x2s2i
∗
g

}
(25)

where vf , Vdc, and vg are the capacitor, dc supply, and grid
voltages, respectively.

The experimental results during the transient step change of
the grid current ig are shown in Fig. 17, where the controller
shows a robust and fast dynamic response during the test and
successfully producing seven-level inverter voltage. Compared
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Fig. 17. Experimental results of LMPC for the grid-connected PUC7 inverter.

Fig. 18. Block diagram of indirect MPC.

to the classic FCS-MPC, the LMPC demonstrates better robust-
ness against system mismatch and eliminates the need for any
gain adjustments.

V. INDIRECT MPC FOR MLIS

In contrast to direct MPC methods (such as FCS-MPC), where
control and modulation take place in one computational stage,
indirect MPC solves these problems in a sequential manner.
Hence, indirect MPC computes the control action, e.g., the
modulating signal or the duty ratio, which is subsequently fed
into a modulator for generation of the switching commands (see
Fig. 18). Some indirect MPC methods account for the discrete
nature of the switch positions, and hence, the optimization
variable is an integer vector. However, most frequently, indirect
MPC methods mask the switching nature of the power converter
by considering averaged dynamics. In doing so, the optimization
variable is a real-valued vector, and the feasible set of the
optimization problem underlying indirect MPC is a continuous
set. This gives rise to the category of indirect MPC methods that
are referred to as CCS-MPC.

A. Continuous-Control-Set MPC

Owing to the real-valued optimization variable and the con-
vexity of the feasible set, the optimization problem underly-
ing CCS-MPC is typically formulated as an unconstrained or
constrained QP [165]. Solving the former MPC problem is
straightforward as there exists an analytical solution [166]. As
a result, the state-feedback control law can be easily computed
offline, which greatly simplifies the real-time implementation of
such a control strategy.

With regard to CCS-MPC as a constrained QP, even though
the complexity of the optimization problem is higher than that

Fig. 19. Block diagram of hierarchical indirect MPC, where s denotes the
switching commands sent to the converter.

of the unconstrained QP, its computational complexity is still
relatively modest, especially when comparing with FCS-MPC.
This is particularly true for multilevel power converters as the
computational complexity of CCS-MPC is almost independent
of the number of voltage levels, whereas that of FCS-MPC
increases exponentially. The above reason, along with the ex-
istence of several off-the-self solvers for QPs, facilitates the
real-time implementation of CCS-MPC for MLIs [18], [19],
[121], [167], [168], [169], [170].

For CCS-MPC to be formulated as a QP, however, the model
of the system should be linear, i.e., the discrete-time state-space
prediction model should be of the form

x(k + 1) = Ax(k) +Bu(k) (26a)

y(k) = Cx(k) (26b)

where x ∈ R
nx is the state of the system, u ∈ R

nu stands for its
input, and y ∈ R

ny is the system output, with nx, nu, ny ∈ N
+.

This prerequisite introduces a challenge in the controller design
as multilevel power converters are typically bilinear systems,
i.e., their state-update function is of the form [24]

f (x(k + 1),u(k)) = (A1 +A2u(k))x(k) +Bu(k) . (27)

A way to address this challenge is by locally linearizing the
dynamics of the system [18]. This approach, however, introduces
a significant computational overhead as it needs the linearization
to be performed at every iteration of the controller. An alternative
is to introduce reduced-order linear models [171]. In doing so,
relatively complicated models can result that do not always
fully capture the dynamics of the system. Hence, to meet all
the control objectives of interest, a hierarchical control structure
is adopted, where the lower layer is typically designed to tackle
additional control objectives, such as the voltage balancing of
floating capacitors (see Fig. 19). Nevertheless, as this modeling
approach requires significantly less computational resources, it
is the one usually employed [168], [169].

The aforementioned hierarchical control structure, combined
with the existence of a dedicated modulator, introduces an
additional disadvantage of indirect MPC. Specifically, the fact
that control and modulation are performed in a uncoordinated
manner implies that the hardware of the system is not fully
utilized as the system may not operate at its physical limits.
To overcome this, and ensure the best possible behavior of the
system, it is common practice to design explicit constraints
in CCS-MPC. To this aim, constraints that relate to actuation
limitations (e.g., on the control input) are implemented as hard
constraints to ensure that the inherent system limitations are
fully respected. On the other hand, constraints on the system
state/output, which typically relate to physical and/or safety
limitations, are usually implemented as soft constraints to avoid
numerical and/or feasibility issues. In doing so, such constraints
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Fig. 20. Example of soft constraints on an output variable y. By minimizing
the introduced slack variable ξ, the violation of the constraints is avoided as
much as possible. (a) Feasible space of the slack variable ξ. (b) Effect of the
degree of constraint violation on the feasible space of ξ. (c) Minimization of the
slack variable.

can be violated, but the controller aims to minimize—if not
totally eliminate—that violation, as exemplified in Fig. 20. To
do so, the degree of their violation, usually modeled by slack
variables, is included in the objective function of the CCS-MPC
problem [172]. Even though this increases the dimension of the
optimization problem, the associated computational cost is rela-
tively small. Hence, the real-time implementation of CCS-MPC
with soft constraints is still feasible.

B. Deadbeat MPC

1) Preliminaries: DB-MPC techniques (also called feedback
compensation strategies) have been attracting an increased in-
terest in discrete-time dynamic systems’ applications. DB-MPC
techniques typically use a discretized model of the system to
compute the required control actions for a fast transient and zero
steady-state error [173], [174], [175]. Therefore, such control
techniques have been considered as fast and accurate discrete-
time control strategies while characterized by high sensitivity to
parameters’ variations (changes in the model parameters might
lead to oscillatory responses/ringing which is considered as
the main drawback of deadbeat control techniques). DB-MPC
approaches are commonly used in high dynamics (reference
reached within two sampling times). Mostly, these approaches
are inspired from the conventional MPC [176] and active filter-
ing techniques [177], [178] to control the output current of the
inverter. Moreover, DB-MPC has also been proposed in [174]
and [175] to deal with multiple objective control challenges.
Kumar and Kim [179] presented a modified deadbeat current
controller, based on poles placement, to control the output
current and input capacitors’ voltage of a hybrid multilevel
switching converter. The presented results are very promising

Fig. 21. Normalized DB-MPC technique for a grid-connected 4L-FCI.

for Ring Magnet Power Supply applications as the proposed
controller can track random references such as triangular and dc-
biased sinusoidal references. An enhanced DB-MPC technique
(using the predicted value of the output voltage to substitute
the inverter voltage sensor) for the direct power control of a
grid-tied switched capacitor MLI was proposed in [180] with
including, at each switching cycle, the voltage loss component
in the calculated voltage reference. Similarly, a deadbeat pre-
dictive controller was proposed in [181] to control an active
front-end rectifier based on the 3L-NPC topology. The α− β
voltage references are computed by the proposed controller to
minimize the tracking errors of the active and reactive pow-
ers. Then, the transformed abc voltage references are fed to a
phase disposition PWM approach for gate pulse generation. A
DB-MPC combined with a nearest level modulation approach
was proposed in [175], to reduce the circulating current in
MMC applications. The suggested control strategy presented
a high ability to manage large steady-state circulating current
harmonics, superior dynamic performance, while granting the
rejection of ac disturbances. Moreover, a dual-objective DB-
MPC technique was applied to control a single-phase MMC
(minimize the circulating current and track the sinusoidal output
current reference) in [182] by governing the upper and lower arm
voltages.

2) Case Study: Generally, deadbeat controllers require the
minimum steps to reach the desired values. However, depend-
ing on the order of the system to be controlled, at least two
steps might be required to realize practical and safe operation
(typically N samples for an N -order system). Thus, one of the
most challenges of deadbeat controllers (based on direct plant
inversions) is the fact that the computed actuation signals might
go very high and unbounded internal states are introduced (very
aggressive and optimistic techniques) when the desired value
cannot be reached within the selected sampling time, which
leads to saturation in real-time implementation. Thus, Trabelsi
et al. [174] proposed a normalized DB-MPC approach. The
authors achieved a multiobjective control of a 4L-FC inverter
(FCI) (see Fig. 21) by feeding a sinusoidal grid current at unity
power factor while regulating the capacitors’ voltages around
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Fig. 22. Normalized DB-MPC technique for a grid-connected 4L-FCI.

their references. The proposed approach allows the normaliza-
tion of the generated duty cycles to the common base ([0 1])
when the objective is inaccessible during the sampling time

dk = A−1
Xk

(
1

Ts
(X∗

k −Xk)−B)

)
(28)

where dk regroups the computed duty cycles, AXk
is the state

matrix (varying according to the variations of the state variables),
and B represents the input matrix. The upper part of Fig. 22
shows the experimental grid current against its sinusoidal refer-
ence. The middle part shows the high steady-state performance
of the capacitors’ voltages tracking, while the lower part depicts
the 4L output voltage waveform.

VI. MODEL UNCERTAINTY AND OBSERVER DESIGN

A. Preliminaries

Both direct and indirect MPC controllers rely on the MLI
models that are used for predictions of system responses to
applied actuation in all possible operating conditions. These
models serve as a foundation for calculating the optimal ac-
tuation. Various types of models can be used to describe the
inverter behavior, but the most common ones are based on the
discretization of the continuous filter model in accordance with
the used sampling time.

B. Model Uncertainty Mitigation Approaches

An ideal scenario would be to have a perfectly accurate model,
but this is not possible in practice. For instance, the values
of filter parameters change both with the operating conditions
and with time; semiconductor switches do not turn ON and OFF

instantaneously, while system measurements usually contain a
certain amount of noise. For all these reasons, it is important
that the MPC algorithms are robust to uncertainties of filter
parameters, measurements, and system models. This subsection
examines the inherent robustness to uncertainties of prominent
MPC methods when applied to MLIs and then reviews several
approaches intentionally designed to improve the robustness.

FCS-MPC algorithms are, in general, robust to parameter
uncertainty. Earlier studies have shown that acceptable per-
formance is kept under moderate parameter mismatch, while
that fundamental operation is not lost even under extreme mis-
matches [183]. There is also an intuitive explanation for this
phenomenon. Namely, since the FCS-MPC algorithm knows
the voltage associated with each switch configuration a priori,
it only evaluates them based on the error of filter variables,
which is defined in the cost function. In this context, even if
it has wrong values of parameters, it will still be able to choose
the actuation that leads to the correct trajectory (albeit it may
not be optimal). This is because regardless of the parameter
values, the algorithm will always know whether the actuation
voltage will lead to rise or fall of the voltages and currents.
This explains the fact that as parameter uncertainty increases,
the control trajectories will deviate from the optimal ones more
and more, but the fundamental operation of the control system is
preserved. Similar conclusions concerning robustness can also
be derived for machine-learning-based surrogates of FCS-MPC
controllers [184].

As for the CCS-MPC, it is well known that these ap-
proaches are conceptually equivalent to the state-feedback con-
trollers [185], [186]. In this context, the robustness properties
are similar to the state feedback controllers and can be formally
studied using classical control theory. Nonetheless, Majmunovic
et al. [187] have also made an experimental investigation, about
the influence of the filter parameter uncertainty on the per-
formance of a voltage source converter in the UPS mode of
operation. The tests have been conducted for ±40% parameter
variation from the nominal value. From the presented results, it
could have been noted that the controller is robust to parameter
uncertainties, albeit somewhat less robust compared to FCS-
MPC. This in accordance to intuition as well since CCS-MPC
for a comparable systems usually operates at several times lower
sampling frequency.

C. Observer Design Approaches

Another important issue to consider is the cost of imple-
menting the MPC controllers. Namely, although MPC can, in
general, achieve superior performance compared to conven-
tional linear cascaded control systems, this benefit often comes at
a higher implementation cost [188]. In particular, MPC strategies
in their basic implementation formats usually require a high
number of voltage and current sensors, as well as high computing
power. In this context, observers can help mitigate some of the
sensor cost [189].

Another important application of observers is to estimate the
prediction model. Various types of methods have been used for
this purpose, from classical observation theory to machine learn-
ing. Each of them has its own advantages and disadvantages. For
instance, classical linear models are well understood, and each
parameter in them corresponds to interpretable quantity [190].
However, such models also have limited ability to learn po-
tentially nonlinear parameter drifts and other imperfections in
the system. Therefore, it can be concluded that for systems
with many parameters such as the ones often found in MLIs,
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TABLE VI
ASSESSMENT OF MOST COMMON MPC METHODS FOR MLIS

machine learning models are often more suitable [191], [192].
Nonetheless, it should be noted that machine learning models
are essentially black box, so one needs to pay special attention
to make sure that the model provides expected behavior when
exposed to all possible operating conditions. Statistical model
checking is a good methodology for this purpose [193].

On the other hand, computing power needs can be reduced
by smart implementations of MPC strategies. The most notable
ones in the context of MLIs are long-horizon MPC, sequential
MPC, and machine learning MPC surrogates, all of which have
been investigated in detail in previous sections in this article.

VII. COMPARISON OF MPC METHODS

In this section, a brief qualitative comparison between the
common MPC methods for MLIs is presented and summarized
in Table VI. The classic PI controller in conjunction with a PWM
stage is also included in the comparison [13], [194]. The eval-
uation encompasses various metrics, including computational
burden, design complexity, capability to accommodate multiple
control objectives, efforts required for tuning WFs and controller
gains, switching frequency, sensitivity to parameter mismatches,
steady-state performance, and dynamic performance.

Simplicity of design and ability to easily include multiple
objectives are obvious advantages of conventional FCS-MPC;
however, the need for a WF for each objective with the ac-
companying tuning efforts is a challenge in this scheme. Also,
the variable switching frequency makes this method not recom-
mended for grid-connected applications due to the difficulty of
the filter design. Long-horizon MPC can achieve better steady-
state performance; however, the computational burden increases
exponentially as the number of prediction steps Np increases.

Lyapunov-based MPC is a type of controller that uses a
discrete form of the derivative of the positive Lyapunov cost
function to ensure system stability and robustness. It is similar
to conventional FCS-MPC with optimized weights, achieved by
canceling the common term of the errors. However, this method
is not suitable for systems with multiple constraints, and there is
no detailed stability analysis available for this type of controller.

M2PC and OSS-MPC are two approaches aimed at enhancing
the steady-state performance of the conventional FCS-MPC
and operating at a fixed switching frequency. However, while
offering these advantages, these approaches introduce additional

calculation loads and deviate from the design simplicity inherent
in the traditional method.

Indirect MPC, in its version of CCS-MPC, exhibits the char-
acteristic advantages of MPC, such as the ability to handle
multiple objectives and explicit system constraints in a straight-
forward manner. At the same time, the inherent disadvantages
of MPC appear in this derivative as well. Hence, the existence
of multiple WFs—which can be more than in FCS-MPC due to
the presence of slack variables—can complicate the controller
tuning, while the lack of an integrating element can make the
controller susceptible to model deviations, parameter uncer-
tainties, etc. Nevertheless, since CCS-MPC is formulated as
a QP, its computational complexity can be relatively modest,
even when a long horizon is employed, while the presence of
a dedicated modulator results in a fixed switching frequency.
These advantages make CCS-MPC particularly attractive for a
wide range of applications, such as grid-connected converters or
applications where higher switching frequencies are required.

DB-MPC exhibits excellent steady-state performance and
constant switching frequency, similar to that of a linear PI
controller, as both the methods employ a modulation stage.
However, effectively addressing multiple objectives can be chal-
lenging, although it can be achieved to some extent by leveraging
the available redundant states of the MLI topology within the
modulation stage. While the DB-MPC has high dynamic per-
formance and avoids the problematic tuning associated with the
classical PI controller, one drawback is its high sensitivity to
model parameter mismatch.

VIII. FUTURE TRENDS

MPC has demonstrated a high capability to handle the chal-
lenging multiobjective control problems of MLI applications
with easy implementation, simplicity, and high dynamic perfor-
mance. Although tremendous progress has been achieved over
the last decade, MPC still has some challenges that represent
open research topics.

Several works have been reported to reduce the computational
efforts of direct MPC for MLI applications. However, most
of them rely on offline calculations and stored LUTs, which
require high storage space. In addition, some computation-
ally efficient schemes suffer from a significant deterioration in
the performance and/or increased complexity compared to the
conventional method. Therefore, reducing calculations without
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degrading control performance or without storing numerous
LUTs is still an open research point, especially for high-level
MLIs (Nlevel ≥ 5). Solving this research question will bring
tangible benefits from the industry perspective because this will
allow the practical implementation at high sampling frequencies
with inexpensive commercial microprocessors.

With OSS-MPC, the heavy computational problem becomes
more severe since it is the most computationally demanding
subset of direct MPC [195]. During the optimization process
of OSS-MPC, not only the voltage vectors of all the switching
sequences are evaluated, but also the dwell time of vectors in the
optimal sequence is determined. There is some incipient work to
mitigate the acute computational complexity of OSS-MPC with
MLIs [196]. In addition, most of the existing research on OSS-
MPC with MLIs is limited to single-phase operation or three-
phase 3L topologies. Therefore, the extension of OSS-MPC to
higher level three-phase topologies requires further investigation
with addressing the related issues.

The computational burden remains a challenge for many
control algorithms, since the control has to be calculated in
real time. This may limit the performance of FCS-MPC, since
the sampling time indirectly defines the switching granularity.
Another emerging research direction relates to the formulation
of the MPC problem. Many of the derived MPC formulations
assume linear systems of the form with integer or real-valued
inputs. Given that many applications do not meet such a pre-
requisite, this means that they either have to be linearized or
other methods need to be developed and/or solvers employed.
To tackle these issues, MPC needs to be addressed as a nonlinear
problem.

Moreover, being a multiobjective control technique, the per-
formance of the MPC approach depends mainly on the tedious
and time-consuming task of tuning the objectives’ WFs to
determine their priorities in the control decision. The ANN-
based WF optimization can effectively select the optimal values
through offline prediction and real-time adjustment. With the
help of dynamic adjustment of WFs, FCS-MPC can realize the
desirable performance. Future research may concentrate on the
ANN optimization using the FPGA/ARM, in order to realize the
autotuning of WFs without increasing the computational burden
of FCS-MPC. In addition, the cost and logic resources of the
microcontrollers (online autotuning computation requirements)
should be taken into consideration in the industrial applications.
In the same regard, MPC without WFs for MLIs can eliminate
the complex tuning process, but more research should be devoted
to how to avoid the suboptimal problems. Compared with the
MPC with a regular cost function, it should be proved that
weighting factorless MPC is able to provide the same or even
better control performance.

Due to a larger number of components, the control algorithms
for MLIs have to also focus on the reliability of the components.
Especially, the FCS-MPC has a lot of freedom in the cost func-
tion design to include objectives that can improve the reliability
of the MLIs, something that is not very straightforward for
conventional linear control algorithms. The challenge here lies in
finding the optimum stress distribution of the components (both

the semiconductor devices and capacitors) that will ensure the
longest lifetime of the converter.

Though Lyapunov-based MPC features simplicity and does
not require gain tuning, relation between passive components
used in the controlled model and the controller performance is
still to be investigated. Moreover, stability analysis and using
a discrete Lyapunov cost function instead of discretizing the
continuous form are still not studied in the literature.

IX. CONCLUSION

MPC has proven itself as a promising control method to
handle the challenging multiple-objective control problem of
MLIs. Over the last decade, substantial improvements have been
introduced to MPC for MLI applications including computa-
tional burden reduction, cost function design, WF selection,
operation at fixed switching frequency, modeling accuracy, and
long-horizon implementation. This article presented the funda-
mentals, operating principles, and technical challenges of the
MPC for MLIs, focusing on FCS-MPC as the most popular
approach for MLIs. The advances and effective solutions to
each challenge were discussed. Some prominent concepts were
validated and compared to evaluate their performance. Finally,
the ongoing research points and future trends were presented.
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