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Abstract—This article proposes a novel data-driven neural
predictors-based robust finite control-set model predictive control
(FCS-MPC) methodology for power converters, which aims to en-
hance the robustness of the control system and the flexibility of mul-
tiple control objectives. To be specific, the data-driven predictors-
based neural network solution, which has a good potential to
estimate the unknown nonlinear system dynamics by deploying
real-time and historical data, is incorporated into the proposed
design with a cost function derived intuitively from Lyapunov’s
control theory. The key feature of this work is that the undesired
effects of the uncertainties and the complex multiobjective opti-
mization procedure can be explicitly dealt with, without involving
accurate modeling information and weighting factor combinations,
while guaranteeing adaptability to unknown nonlinear system dy-
namics, model variations, and environment changes. Finally, the
stability analysis is given, and the effectiveness of the proposed
FCS-MPC methodology is verified analytically and confirmed by
comprehensive results that prove the theoretical investigations for
active front-end modular multilevel converter.

Index Terms—Active front-end modular multilevel converter,
Lyapunov-based cost function, predictor-based neural network,
robust finite control-set model predictive control.
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I. INTRODUCTION

A. Motivation

Finite control-set model predictive control (FCS-MPC), due
to its inherent merits, such as fast and accurate response, finite
number of optimizations, and inclusion of system constraints
has been widely applied to control the power converters [1],
[2]. Particularly, the FCS-MPC utilizes an explicit model of
the converter to predict its future plant behavior for all feasi-
ble switching state configurations and select the optimal input
signals based on a user-predefined design criteria that defines the
optimal performance of the system. By virtue of this property,
the power converter is directly driven by employing the desired
control commands without the intervention of a pulse-width
modulation (PWM) block. However, from a practical standpoint,
uncertainties, such as unknown physical parameters, unmodeled
dynamics, and environmental disturbances exist in the control
process of the described method. In this sense, the presence of
uncertainties fundamentally challenges robustness performance
in the controlled system, and thus ultimately leads to perfor-
mance degradation or even causes instability. Furthermore, this
method also suffers from lack of flexibility to effectively balance
multiple control objectives [3]–[5].

B. Related Work

Aiming to alleviate the aforementioned scarcities, various
control schemes have been explored in detail by numerous
researchers [6]–[8]. The authors in [6] proposed an improved
Lyapunov-based FCS-MPC approach to effectively balance
multiple control objectives for a multilevel inverter. In the pro-
posed scheme, the cost function formula in the conventional
FCS-MPC is reconstructed by employing the Lyapunov con-
trol theory point of view. Meanwhile, a solution that can to
some extent balance multiple control objectives is explored
in [7], where a sliding-mode control design-based cost func-
tion formula is introduced into the FCS-MPC, which can be
regarded as an extension of [6]. Alternatively, the authors in [8]
proposed a cascade-free fuzzy FCS-MPC strategy with low
switching frequency (SF) for multilevel converters, which a
new cost function is formulated by taking into account the
multiconstrained objectives and the various operating condition.
Despite the significant research progress, the aforementioned
control methods still undergo similar limitation as robustness
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issue against parametric uncertainty, which is still an ongoing
research.

As an attempt to address this issue, the authors in [9] pro-
posed a sensorless predictive direct power control for the ac-
tive front-end converters (AFEs). In this proposed approach,
the value of the grid-side inductance is identified online by
deploying a model reference adaptive system (MRAS) param-
eter estimation technique. Meanwhile, an analytic scheme to
examine the influence of model parametric uncertainties on the
prediction error of FCS-MPC is presented in [10]. Alternatively,
a solution that can to some extent improve the robustness is
reported in [11], where authors presented an extended-state-
observer (ESO) based second-order sliding-mode control for
AFEs. Recently, various modified model-free predictive control
approaches have also been investigated to realize the enhance-
ment of robust control performance, such as model-free se-
quential predictive control [12], predictor-based neural network
predictive control [13], reinforcement learning-based optimal
control [14], deep reinforcement learning-based PWM con-
trol [15], event-triggered neural predictor-based FCS-MPC [16],
and neural predictor-based dynamic surface predictive con-
trol [17]. To the best of the authors’ knowledge, there are a
great amount of advanced control techniques with respect to the
model parameter sensitiveness, the investigation on incorporat-
ing a data-driven predictors-based neural network solution with
Lyapunov control theory into FCS-MPC framework for power
converters has not been reported. This consideration constitutes
the main motivation of this article.

C. Contribution

Motivated by the defects of the state-of-the-art FCS-MPC
strategies discussed in previous section, aiming at enhancing the
robustness of the control system and the flexibility of multiple
control objectives, this article goes one step further and focuses
on an alternative solution to this long-standing research issue
with the use of an artificial intelligence technique for power
converters. First of all, a data-driven predictors-based neural net-
work solution, endowed with the merits of data-driven technique
and neural predictor design, is first presented to estimate the un-
known nonlinear system dynamics and total uncertainties based
on real-time and historical data, without the accurate modeling
information of the system. Second, an improved cost function
formula, which is based on Lyapunov control theory framework,
is developed from system stability point of view. In view of it,
the data-driven predictors-based neural network solution along
with the suggested cost function is introduced into the proposed
FCS-MPC methodology. As such, the robustness performance
of the whole control system can be enhanced significantly in
the presence of parametric uncertainties, and the desired control
performance can be achieved by the proposed predictive con-
troller. Alternatively, the stability analysis is provided, and it
shows that the control system is input-to-state stable (ISS) and
the estimated errors are uniformly ultimately bounded (UUB).
Finally, the effectiveness of the proposed FCS-MPC method-
ology is verified analytically and confirmed by comprehensive

results that prove the theoretical investigations for AFE modular
multilevel converter (AFE-MMC).

To sufficiently clear the main contribution of this article, we
contribute three salient features to the relevant literature.

1) A data-driven technique is integrated into the neural pre-
dictor design. In that sense, the proposed data-driven
predictors-based neural network solution can deploy and
learn from historical data, while guaranteeing adaptability
to unknown nonlinear system dynamics, model variations,
and environment changes.

2) The proposal has a good potential to cope effectively with
the undesired effects of the uncertainties and the complex
multiobjective optimization control problem. As such, the
robustness performance of the whole control system can
be enhanced significantly in the presence of parametric
uncertainties, and the circulating currents in three-phase
AFE-MMC can be suppressed effectively.

3) To illustrate the feasibility and effectiveness of our inno-
vative proposal, the benefits of the suggested FCS-MPC
methodology are experimentally tested and confirmed on
a laboratory prototype of the three-phase AFE-MMC,
and the results found are promising and motivate further
research in this field. Alternatively, it is noteworthy that the
proposed solution can be extended easily to other power
converter control systems.

D. Outline of the Article

The article is organized as follows. First, the main idea in
relation with the conventional FCS-MPC technique for AFE-
MMC is described in Section II. Next, the basis of the pro-
posed enhanced Lyapunov-based FCS-MPC using data-driven
predictors-based neural network solution for AFE-MMC is de-
tailed, and the stability analysis is given in Section III. The
application of the proposed predictive controller to three-phase
AFE-MMC control system is conducted in Section IV along
with the analysis of the obtained results, while conclusions are
outlined in Section V.

II. FCS-MPC OF AFE-MMC

Fig. 1 depicts a main circuit topology of the three-phase
AFE-MMC, which is connected to the main AC power supply
via three grid-side filter inductors Lg and resistors Rg . In this
topology, it is recognized that an important role is played as
an interface between grid and electronic equipments from the
industry perspective, making it an ideal candidate as a case
study [18], [19]. Next section describes the model of the AFE-
MMC topology.

The upper and lower arm voltage of phase-x (x = a, b, c) with
respect to the dc-link mid-point can be expressed as⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Udc

2 = vgux + Larm
diux

dt + iuxRarm − igxRg − Lg
digx
dt

+egx

−Udc

2 = −vglx − Larm
dilx
dt − ilxRarm − igxRg − Lg

digx
dt

+egx
(1)
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Fig. 1. Circuit topology of the three-phase AFE-MMC.

where Udc denotes dc-link voltage, Rarm and Larm denote the
arm filter resistance and inductance, respectively. egx denotes
the input voltage of phase-x, and igx denotes the input current
of phase-x. iux and ilx denote the upper and lower arm currents,
respectively. vgux and vglx denote the upper and lower arm
voltages, respectively.

Without loss of generality, the dynamic models of the grid-
side current and the circulating current can be described as{

digx
dt = 1

Lz
(egx − vgx)− Rz

Lz
igx

dicirx
dt = 1

2Larm
(Udc − vgux − vglx)− Rarm

Larm
icirx

(2)

where Rz = Rg + 0.5Rarm, and Lz = Lg + 0.5Larm. vgx =
vglx−vgux

2 . icirx denotes the circulating current of phase-x.
The system dynamics model, particularized for discretized

employing the forward Euler approximation, can be calculated
by regarding the present sample (k) and future sample (k + 1)
as demonstrated below⎧⎪⎨
⎪⎩
ig(k + 1) = (1− RzTs

Lz
)ig(k) +

Ts

Lz
[eg(k)− vg(k)]

icir(k + 1) = (1− Rarm

Larm
Ts)icir(k)

+ Ts

2Larm
(Udc(k)− vgu(k)− vgl(k))

(3)
where Ts denotes the sampling period.

Next, based on the instantaneous power theory [20], the
predicted grid-side active and reactive powers can be described
by the following form:{

Pg(k + 1) = 1.5Re
{
eg(k + 1)̄ig(k + 1)

}
Qg(k + 1) = 1.5 Im

{
eg(k + 1)̄ig(k + 1)

} (4)

where “− ” denotes the complex conjugate of the future input
current vector, and eg(k + 1) is the predicted grid-side voltage.

Then, a cost function that contains the errors of all these
control variables is constructed as an optimization criteria to
evaluate system performance. It yields

fg = λgp(P
∗
g − Pg(k + 1))2 + λgq(Q

∗
g −Qg(k + 1))2

+ λgc

∑
x=a,b,c

(i∗cirx − icirx(k + 1))2 (5)

where P ∗
g and Q∗

g denote the grid-side active/reactive power
references, respectively. i∗cirx denotes the circulating current
reference of phase-x. After the cost function is formulated,

Fig. 2. Schematic representation of the proposed FCS-MPC based on data-
driven neural predictor solution for AFE-MMC.

the weighting factors λgp, λgq, and λgc need to be tuned ap-
propriately to obtain the optimal balance between the different
control objectives. Meanwhile, the weighting factors employed
with the current equations have also crucial influences on the
quality of the controlled variables. It is thus worthwhile to
investigate this effect so as to obtain the satisfactory system
control performance. However, this process is still a challenge
due to the lack of the systematic design methodology [21], [22].
In this sense, a heuristic tuning procedure to determine weighting
factors for conventional FCS-MPC scheme is usually deployed.

Another important aspect in the FCS-MPC technique is model
parameter sensitiveness due to the fact that the FCS-MPC algo-
rithm requires the knowledge of the evolution of the system
variables [23]. Alternatively, the circulating currents flowing
through the AFE-MMC legs should also be controlled at a certain
value. As a consequence, it can be noticed that, in order to
obtain the desired control performance, parametric uncertainties
and circulating current must be properly addressed in the whole
FCS-MPC design process. To this end, it is necessary to exploit
a fundamentally different control strategy subject to robustness
characteristics so as to boost the performance of the controller,
as described in the following section that provides the overall
framework of the proposed solution.

III. PROPOSED FCS-MPC SOLUTION

In this section, a novel data-driven neural predictors-based
robust FCS-MPC methodology for AFE-MMC is proposed.
Meanwhile, an improved cost function formula, which is based
on a Lyapunov control theory framework, is designed. The
proposal yields a simple and intuitive implementation, which
has a good potential to estimate the unknown nonlinear system
dynamics and total uncertainties based on real time and historical
data and to cope effectively with the complex multiobjective
optimization control problem in regulated AFE-MMC. In what
follows, this formulation allows overcoming conventional issues
known for FCS-MPC scheme, such as parametric uncertainties,
external disturbances, and weighting factors. To illustrate our
approach clearly, the schematic representation of the proposed
solution for AFE-MMC is shown in Fig. 2.

A. Data-Driven Predictor-Based Neural Network Design

In this section, a data-driven technique is integrated into the
neural predictor design. More specifically, the proposed data-
driven predictors-based neural network solution can deploy and
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learn from historical data, while guaranteeing adaptability to
different system model variations and environment changes, as
it will be elaborated as follows.

The corresponding grid-side power state-space model of
AFE-MMC can be described via [24]

dx1

dt
= a1e1v1 − c1x1 +m (6)

where a1 = 1.5
Lz

, c1 = Rz

Lz
, e1 =

[−egα −egβ
−egβ egα

]
, m

=

[
1.5(egα

2+egβ
2)

Lz
− ωgQg

ωgPg

]
, x1 =

[
Pg

Qg

]
, and v1 =

[
vgα
vgβ

]
.

Meanwhile, in our work, the presentable output voltage-level
Ngx is taken into account as finite control set (FCS), and then,
it can be expressed as [25], [26]:

vg(k) =
1

N
UdcNgx (7)

where

Ngx =

[
−N

2
,−N − 2

2
, . . ., 0, . . .,

N − 2

2
,
N

2

]
and where N denotes the submodule (SM) number per arm.

Next, according on (6), the ultralocal mathematical model of
AFE-MMC yields [23]

dx1

dt
= f1(x1) + b1v1 (8)

where f1(x1) = m− c1x1 and b1 = a1e1.
The unknown function f1(x1) can be estimated by a neural

network as follows [27], [28]:

f1(x1) = WT
1 ψ1(x1) + ε1 (9)

where ψ1(·) is a known activation function, W1 is the output
weight matrix, and ε1 is the approximation error satisfying
‖ε1‖ ≤ ε∗1 with ε∗1 being a positive constant. The ideal neural
network weight W1 is bounded by a known positive constant,
i.e., ‖W1‖F ≤ W∗

1 with W∗
1 is a positive constant, where “F”

denotes the Frobenius norm.
To design an update law for Ŵ1, consider a state predictor as

˙̂x1 = ŴT
1 ψ1(x1) + b1v1 − k1x̃1 (10)

where x̃1 = x̂1 − x1, and x̂1 denotes the observed value. k1 ∈
R+ is a positive constant. R+ is the set of positive real numbers
expressed as y ∈ R+ = {y ∈ R|y > 0}.

Based on the stored data, data-driven neural update law for
Ŵ1 can be expressed as [29]

˙̂
W1 = −Γ1

[
ψ1(x1)x̃

T
1 + kw1Φ1

]
(11)

where

Φ1 =

η1∑
k=1

ψk
1 (x1)

(
σ1Ŵ

T
1 ψ

k
1 (x1)− ẋk

1

)T

(12)

and where η1 denotes the length of the memory stack satisfying
η1 ∈ Z+. Z+ is the set of positive integer numbers expressed
as y ∈ Z+ = {y ∈ Z|y > 0}. σ1 ∈ R+ is a positive constant.
Γ1 ∈ R+ and kw1 ∈ R+ are positive constants, respectively.

Based on the previously discussed, for clarity, the discrete-
time model of (9)–(11) with respect to the approximate Euler

formula can be given by⎧⎪⎪⎪⎨
⎪⎪⎪⎩
x̂1(k + 1) = x̂1(k) + Ts[Ŵ

T
1 (k)ψ1(x1(k)) + b1(k)v1(k)

− k1x̃1(k)]

Ŵ1(k + 1)=(1−Γ1Tskw1)Ŵ1(k)−Γ1Tsψ1(x1(k))x̃
T
1 (k)

f̂1(k + 1) = ŴT
1 (k + 1)ψ1(x1(k + 1)).

(13)
Following a similar analysis, based on (2), the corresponding

circulating current state-space model of AFE-MMC can be
expressed as

dx2

dt
= b2v2 − c2x2 (14)

wherev2 =

⎡
⎣Udc − vgua − vgla
Udc − vgub − vglb
Udc − vguc − vglc

⎤
⎦,x2 = icir =

⎡
⎣iciraicirb
icirc

⎤
⎦, b2 =

1
2Larm

, and c2 = Rarm

Larm
.

Next, according on (14), the ultralocal mathematical model
of AFE-MMC has the following form:

dx2

dt
= f2(x2) + b2v2 (15)

where f2(x2) = −c2x2.
Then, the unknown function f2(x2) can be estimated by a

neural network as follows:

f2(x2) = WT
2 ψ2(x2) + ε2 (16)

where ψ2(·) is a known activation function, W2 is the output
weight matrix, and ε2 is the approximation error satisfying
‖ε2‖ ≤ ε∗2 with ε∗2 being a positive constant. The ideal neural
network weight W2 is bounded by a known positive constant,
i.e., ‖W2‖F ≤ W∗

2 with W∗
2 is a positive constant.

To design an update law for Ŵ2, consider a state predictor as
˙̂x2 = ŴT

2 ψ2(x2) + b2v2 − k2x̃2 (17)

where x̃2 = x̂2 − x2, and x̂2 denotes the observed value and
k2 ∈ R+ is a positive constant.

The data-driven neural update law based on the stored data
for Ŵ2 can be obtained as

˙̂
W2 = −Γ2[ψ2(x2)x̃

T
2 + kw2Φ2] (18)

where

Φ2 =

η2∑
k=1

ψk
2 (x2)

(
σ2Ŵ

T
2 ψ

k
2 (x2)− ẋk

2

)T

(19)

and where η2 denotes the length of the memory stack satisfying
η2 ∈ Z+. σ2 ∈ R+ is a positive constant. Γ2 ∈ R+ and kw2 ∈
R+ are positive constants, respectively.

Then, by combining the above analyses, the discrete-time
model of (16)–(18), particularized for discretized using the
forward Euler approximation, can be represented by⎧⎪⎪⎪⎨
⎪⎪⎪⎩
x̂2(k + 1) = x̂2(k) + Ts[Ŵ

T
2 (k)ψ2(x2(k)) + b2v2(k)

− k2x̃2(k)]

Ŵ2(k + 1)=(1−Γ2Tskw2)Ŵ2(k)−Γ2Tsψ2(x2(k))x̃
T
2 (k)

f̂2(k + 1) = ŴT
2 (k + 1)ψ2(x2(k + 1)).

(20)
Remark 1: It is worth emphasizing that the estimations of the

unknown nonlinear system dynamics and total uncertainties can
be achieved by the proposed data-driven neural update laws (11)
and (18). In this sense, the proposed data-driven predictors-based

Authorized licensed use limited to: Universidad Andres Bello. Downloaded on April 28,2026 at 19:52:51 UTC from IEEE Xplore.  Restrictions apply. 



11654 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 37, NO. 10, OCTOBER 2022

neural network solution can deploy and learn from historical
data, while guaranteeing adaptability to unknown nonlinear
system dynamics, model variations, and environment changes.
Alternatively, if the memory stacks are full, one can select to
forget the oldest set of data. As such, the data-driven neural
update laws will continuously update based on the latest sets of
data.

Remark 2: In our proposal, data-driven neural predictors by
utilizing real-time and historical data are presented for estimat-
ing total uncertainties and unknown system dynamics. Based
on the learned knowledge from neural predictors, data-driven
neural update law is designed and no prior information on
system model parameters is required. It can be seen that the
neural weight is learned online based on the estimation errors
x̃1, x̃2 and the historical information ψk

1 (x1), ψk
2 (x2), xk

1, xk
2

stored at the each tk instant. During transients, the proportional
terms (Γ1ψ1(x1)x̃

T
1 ) and (Γ2ψ2(x2)x̃

T
2 ) in (11) and (18) will

play a predominant role to predict the system evolution. As a
consequence, by using the proposed methodology, the estimated
system state variables are able to converge to their corresponding
references.

B. Stability Analysis

Assumption 1: The bounded regressor vectors ψ1(x1) and
ψ2(x2) are exciting over a time sequence set {t1, t2, . . . , tΩ}
with Ω ∈ Z+, if there exist γ1, γ2 ∈ R+ such that{∑η1

k=1 ψ
k
1 (x1)(ψ

k
1 (x1))

T ≥ γ1In∑η2

k=1 ψ
k
2 (x2)(ψ

k
2 (x2))

T ≥ γ2In
(21)

where In represents the identity matrix with n dimensions.
Define W̃1 = Ŵ1 −W1 and W̃2 = Ŵ2 −W2, and then, the

error dynamic equations of x̃1, x̃2, W̃1, and W̃2 have the
following form:⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

˙̃x1 = W̃T
1 ψ1(x1)− k1x̃1 − ε1

˙̃x2 = W̃T
2 ψ2(x2)− k2x̃2 − ε2

˙̃W1 = −Γ1[ψ1(x1)x̃
T
1 + kw1Φ1]

˙̃W2 = −Γ2[ψ2(x2)x̃
T
2 + kw2Φ2].

(22)

Lemma 1: Under Assumption 1, the data-driven neural pre-
dictor solution (22) with the state beings x̃1, x̃2, W̃1, and W̃2

and the input beings W1, W2, ψ1, ψ2, ε1, and ε2 is ISS.
Proof: First, a Lyapunov function is designed as

V =
1

2
x̃T
1 x̃1 +

1

2
x̃T
2 x̃2 +

1

2
Γ−1
1 tr(W̃T

1 W̃1)

+
1

2
Γ−1
2 tr(W̃T

2 W̃2). (23)

Then, the derivative of the Lyapunov function (23) can be written
as

V̇ = x̃T
1
˙̃x1 + x̃T

2
˙̃x2 + Γ−1

1 tr(W̃T
1

˙̃W1) + Γ−1
2 tr(W̃T

2
˙̃W2)

= −k1x̃T
1 x̃− ε1x̃

T
1 − k2x̃

T
2 x̃2 − ε2x̃

T
2

− kw1tr(W̃
T
1 Φ1)− kw2tr(W̃

T
2 Φ2). (24)

Next, by substituting (12) and (19) into (24), the derivative of
the Lyapunov function (23) can be rewritten as

V̇ = x̃T
1
˙̃x1 + x̃T

2
˙̃x2 + Γ−1

1 tr(W̃T
1

˙̃W1) + Γ−1
2 tr(W̃T

2
˙̃W2)

= − k1x̃
T
1 x̃− ε1x̃

T
1 − k2x̃

T
2 x̃2 − ε2x̃

T
2

− kw1W̃
T
1

η1∑
k=1

ψk
1 (x1)(σ1Ŵ

T
1 ψ

k
1 (x1)− ẋk

1)
T

− kw2W̃
T
2

η2∑
k=1

ψk
2 (x2)(σ2Ŵ

T
2 ψ

k
2 (x2)− ẋk

2)
T

= − k1x̃
T
1 x̃− ε1x̃

T
1 − k2x̃

T
2 x̃2 − ε2x̃

T
2

− kw1σ1

η1∑
k=1

W̃T
1 ψ

k
1 (x1)(ψ

k
1 (x1))

TW̃1

− kw1(σ1 − 1)

η1∑
k=1

W̃T
1 ψ

k
1 (x1)(ψ

k
1 (x1))

TW1

+ kw1

η1∑
k=1

W̃T
1 ψ

k
1 (x1)(b1v1 + ε1)

− kw2σ2

η2∑
k=1

W̃T
2 ψ

k
2 (x2)(ψ

k
2 (x2))

TW̃2

− kw2(σ2 − 1)

η2∑
k=1

W̃T
2 ψ

k
2 (x2)(ψ

k
2 (x2))

TW2

+ kw2

η2∑
k=1

W̃T
2 ψ

k
2 (x2)(b2v2 + ε2)

= − k1x̃
T
1 x̃− ε1x̃

T
1 − k2x̃

T
2 x̃2 − ε2x̃

T
2

− kw1σ1

η1∑
k=1

W̃T
1 ψ

k
1 (x1)(ψ

k
1 (x1))

TW̃1

− kw2σ2

η2∑
k=1

W̃T
2 ψ

k
2 (x2)(ψ

k
2 (x2))

TW̃2

− kw1

η1∑
k=1

W̃T
1 ψ

k
1 (x1)

×
(
(σ1 − 1)(ψk

1 (x1))
TW1 − b1v1 − ε1

)
(25)

− kw2

η2∑
k=1

W̃T
2 ψ

k
2 (x2)

×
(
(σ2 − 1)(ψk

2 (x2))
TW2 − b2v2 − ε2

)
.

Defining E = [x̃1, x̃2, ‖W̃1‖F, ‖W̃2‖F]T and employing
Assumption 1, it yields

V̇ ≤ −λmin(K)‖E‖2 + kw(‖ξ1‖+ ‖ξ2‖)‖E‖ (26)

where ξ1 = (σ1 − 1)|γ1|‖W1‖F +
∑η1

k=1 ‖ψ1(x1)‖(|b1v1|
+ 2|ε1|), ξ2 = (σ2 − 1)|γ2|‖W2‖F +

∑η2

k=1 ‖ψ2(x2)‖(|b2v2|
+ 2|ε2|), K = diag{k1, k2, kw1σ1γ1, kw2σ2γ2}, kw = max
{1, kw1, kw2}, and where σ1 − 1 > 0 and σ2 − 1 > 0. Noting

that ‖E‖ ≥ kw(‖ξ1‖+‖ξ2‖)
λmin(K)θ renders V̇ ≤ −λmin(K)(1− θ)‖E‖2

where λmin(·) denotes the smallest eigenvalue of a square
matrix. Alternatively, W1, W2, ψ1, ψ2, ε1, and ε2 are bounded.
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As a consequence, it is concluded that the data-driven neural
predictor solution is ISS with θ ∈ (0, 1), and the estimated
errors are UUB [30]. �

C. Proposed Lyapunov-Based FCS-MPC Approach

In this section, a Lyapunov-based cost function derived intu-
itively along with a data-driven predictors-based neural network
solution is presented to solve the multiobjective optimization
control problem and to achieve a closer reference tracking
control. Specifically, based on the learned knowledge from data-
driven neural predictors, the estimations of total uncertainties
and unknown nonlinear system dynamics are incorporated into
the Lyapunov-based cost function. Furthermore, the proposed
Lyapunov-based FCS-MPC controller replaces the cost function
of the traditional FCS-MPC controller, and thus, the determina-
tion procedure of the fussy weighting factors can be avoided, and
the flexibility of multiple control objectives can be achieved.
Finally, the detailed mathematical derivation of the proposal
will be elaborated in the following paragraphs based on the
aforementioned ideas.

First of all, the following error definitions can be obtained:⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

eP = P̂g − P ∗
g

eQ = Q̂g −Q∗
g

eCa = îcira − i∗cira
eCb = îcirb − i∗cirb
eCc = îcirc − i∗circ.

(27)

Next, their errors derivative can be defined as⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

ėP =
˙̂
Pg − Ṗ ∗

g

ėQ =
˙̂
Qg − Q̇∗

g

ėCa = ˙̂icira − i̇∗cira
ėCb =

˙̂icirb − i̇∗cirb
ėCc =

˙̂icirc − i̇∗circ.

(28)

Based on the aforementioned equations, the following Lya-
punov function is deployed:

V(x) =
1

2
eP

2 +
1

2
eQ

2 +
1

2
eCa

2 +
1

2
eCb

2 +
1

2
eCc

2. (29)

Fig. 3. Experimental platform of AFE-MMC system. (a) NI PXI testing
platform for the AFE-MMC system. (b) PC. (c) Three-phase AFE-MMC system.
(d) An SM overview.

Obviously, (29) is positive definite. The stability of controlled
system presented by (6) and (14) is guaranteed based on Lya-
punov control theory if we ensure that for all values of x

V̇(x) < 0. (30)

Taking the derivative of (29) yields (31) (at the bottom of
the page). Based on the above detailed analysis, as for the cost
function minimization procedure, it can be achieved through a
Lyapunov-based cost function (32) (at the bottom of the page),
which is deployed as an optimization criterion to effectively
balance multiple control objectives. Next, it is noteworthy that
the proposed Lyapunov-based FCS-MPC controller replaces the
cost function of the traditional FCS-MPC controller. Thus, the
control input can be evaluated and selected by the suggested con-
troller, which corresponds to the minimum value of the derivative
of the Lyapunov function (32). The minimum value of the cost
function ensures that V̇x(k + 1) is negative, which implies that
the stability of the controlled system is guaranteed [6], [31].

D. Parameter Design

In this section, the parameter selection guideline is described
as follows. First, the sigmoid structure activation function used
for the proposed methodology is chosen as ψ1(x1) =

1
1+e−x1

and ψ2(x2) =
1

1+e−x2
. Second, the system stability can be

mainly determined by the predictor gain k1 and k2. If a faster
error convergence is desired, then the parameters k1 and k2

V̇(x) = eP ėP + eQėQ + eCaėCa + eCbėCb + eCcėCc

= eP

(
˙̂
Pg − Ṗ ∗

g

)
+ eQ

(
˙̂
Qg − Q̇∗

g

)
+ eCa

(
˙̂icira − i̇∗cira

)
+ eCb

(
˙̂icirb − i̇∗cirb

)
+ eCc

(
˙̂icirc − i̇∗circ

)
=

(
P̂g − P ∗

g

)(
˙̂
Pg − Ṗ ∗

g

)
+
(
Q̂g −Q∗

g

)(
˙̂
Qg − Q̇∗

g

)
+
(
îcira − i∗cira

)(
˙̂icira − i̇∗cira

)
+
(
îcirb − i∗cirb

)(
˙̂icirb − i̇∗cirb

)
+
(
îcirc − i∗circ

)(
˙̂icirc − i̇∗circ

)
. (31)

V̇x(k + 1)=
(
P̂g(k + 1)−P ∗

g (k+1)
)(

˙̂
Pg(k + 1)−Ṗ ∗

g (k+ 1)
)
+
(
Q̂g(k+1)−Q∗

g(k+ 1)
)(

˙̂
Qg(k+1)−Q̇∗

g(k+ 1)
)

+
(
îcira(k+1)−i∗cira(k+1)

)(
˙̂icira(k + 1)− i̇∗cira(k+1)

)
+
(
îcirb(k+1)−i∗cirb(k + 1)

)(
˙̂icirb(k+1)− i̇∗cirb(k+1)

)
+
(
îcirc(k + 1)− i∗circ(k + 1)

)(
˙̂icirc(k + 1)− i̇∗circ(k + 1)

)
. (32)
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Fig. 4. Performance evaluation with three different control approaches in a steady state. (a) Conventional FCS-MPC method. (b) Deadbeat predictive control
method. (c) Proposed FCS-MPC solution.

should be chosen large. This means that the control action
may be oscillated. Besides, in order to avoid the parameter
drift, the parameters kw1 and kw2 are adopted. Too large kw1

and kw2 will suppress the parameter adaptation speed. The
adaptive gain Γ1 and Γ2 are selected at first to guarantee the
system stability and then to improve the closed-loop tracking
performance by a trial-and-error method. In this literature, the
values of weighing factors λgp, λgq, and λgc used for con-
ventional FCS-MPC method are selected as λgp = 1, λgq =
1, and λgc = 0.05, respectively. Furthermore, in the proposed
methodology, the design parameters are also provided, and they
are set as k1 = k2 = 1 ∗ 104, kw1 = kw2 = 0.01, σ1 = σ2 = 2,
η1 = η2 = 10, and Γ1 = Γ2 = 100, respectively.

To sum up, in our work, the proposed solution is model-free in
the sense that no accurate modeling information is required com-
pared with the proposed methods in [6] and [31]. Meanwhile, by
this proposal, the determination procedure of the fussy weight-
ing factors can be avoided, and the flexibility of multiple control
objectives can be achieved. Besides, to achieve the balancing
control of SM capacitor voltages and low computational burden,
in this article, we presented a new sensorless control approach
for AFE-MMC. To be specific, a normalized least mean-square
(NLMS)-based SM voltage online estimation technique along
with a currentless sorting strategy in [32] is deployed, resulting
in a simpler implementation and a lower associated costs. It
is worth pointing out that, in practical applications, a large
number of voltage and current sensors in system are required
so as to provide signal measurements. In that sense, the sensors
to install into the system are vulnerable, which may degrade
the performance and even lead to the overall system instability.
Hence, motivated by aforementioned limitation, it is crucial to
develop an interesting alternative solution so as to enhance the
system reliability by integrating normal and faulty measurement
data for training, such investigation is beyond the scope of this
article and further research will be done concerning that. Next
section provides the simulation and experimental verification of
the proposed FCS-MPC strategy.

TABLE I
SYSTEM AND CONTROL PARAMETERS

IV. PERFORMANCE EVALUATION

For the implementation of this test, the real MMC prototype
using Silicon Carbide Metal-Oxide-Semiconductor Field-Effect
Transistors (SiC-MOSFETs) C3M0065100 K with the circuit
parameters listed in Table I is controlled by deploying a NI PXI
platform, as shown in Fig. 3. The software is implemented on
StarSim Field-Programmable Gate Array (FPGA) Circuit Solver
(MT FPGA 8000 Solver). In order to compensate the time delay
of control command, the method proposed in [33] is adopted to
serve this purpose. The overall design parameters of the system
is given in Table I.

A. Simulation Result Analysis

Figs. 4(I)–6(I) indicate that good dc-link voltage tracking per-
formance can be achieved by three different control algorithms
in a steady state and transient state. Meanwhile, the grid-side
currents and circulating currents are shown in Figs. 4(II)–6(II),
where it can be seen that the proposed control solution provided
good steady-state and transient-state performance. Besides, in
order to illustrate the robustness under parameter mismatch
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Fig. 5. Performance evaluation with three different control approaches in a transient state. (a) Conventional FCS-MPC method. (b) Deadbeat predictive control
method. (c) Proposed FCS-MPC solution.

Fig. 6. Performance evaluation with three different control approaches under the parameter mismatch (Lg = 8 mH). (a) Conventional FCS-MPC method. (b)
Deadbeat predictive control method. (c) Proposed FCS-MPC solution.

Fig. 7. Experimental results with the conventional FCS-MPC method. (a)
Active and reactive powers; grid-side voltage and current. (b) DC-link voltage
and grid-side currents. (c) Measured SM capacitor voltages. (d) Active and
reactive powers; grid-side voltage and current. (e) DC-link voltage and measured
SM capacitor voltages. (f) Active and reactive powers and references.

(Lg = 8 mH), we tried to evaluate a variation in the filter
inductance with three different control solutions, as shown in

Fig. 8. Experimental results with the deadbeat predictive control method. (a)
Active and reactive powers; grid-side voltage and current. (b) DC-link voltage
and grid-side currents. (c) Measured SM capacitor voltages. (d) Active and
reactive powers; grid-side voltage and current. (e) DC-link voltage and measured
SM capacitor voltages. (f) Active and reactive powers and references.

Fig. 6. It depicts the grid-side currents with a THD value
of 3.25%, 4.08%, and 1.09% in filter inductance mismatch,

Authorized licensed use limited to: Universidad Andres Bello. Downloaded on April 28,2026 at 19:52:51 UTC from IEEE Xplore.  Restrictions apply. 



11658 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 37, NO. 10, OCTOBER 2022

Fig. 9. Experimental results with the proposed FCS-MPC solution. (a) Active and reactive powers; grid-side voltage and current. (b) DC-link voltage and grid-side
currents. (c) Estimated SM capacitor voltages. (d) Upper and lower arm currents; circulating current and rectifier DC current. (e) Active and reactive powers;
grid-side voltage and current. (f) DC-link voltage and estimated SM capacitor voltages. (g) Active and reactive power references; estimated active and reactive
powers. (h) Active and reactive power references; estimated active and reactive powers.

Fig. 10. Comparison of robustness performance with three different methods
under the parameter mismatch (Lg=5mH). (a) Conventional FCS-MPC method.
(b) Deadbeat predictive control. (c) Proposed FCS-MPC solution.

respectively. Next, the tracking control performance of the
grid-side active and reactive powers can be presented for
three different control approaches in steady state and tran-
sient state, as depicted in Figs. 4(III)–6(III). Furthermore, the
transient response of of SMs capacitor voltage is presented in
Figs. 4(IV)–6(IV), respectively. Finally, as expected, this modi-
fication allows an enhancement of the converter’s control perfor-
mance in comparison to the state-of-the-art FCS-MPC schemes
under parameters mismatch for AFE-MMC.

Fig. 11. Robustness of the proposed controller under grid-side filter inductance
values mismatch (N=4).

Fig. 12. Robustness of the proposed controller under arm inductance values
mismatch (N=4).

B. Experimental Result Analysis

The experimental results of the AFE-MMC operation with
three different control solutions are depicted in more detail in
Figs. 7–9. First, the steady-state control performance of the
system is studied using the same experimental conditions. As
can be seen from Figs. 7(a) to 9(a), the waveforms of input
active and reactive powers are smooth and constant. Second, the
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TABLE II
COMPARISON RESULTS BETWEEN THREE DIFFERENT CONTROL SCHEMES

Fig. 13. Robustness of the proposed controller (Arm inductance and grid-side
filter inductance values mismatch versus grid-side current THD (N=10)).

control performance of input voltage/current and dc-link volt-
age waveforms is depicted in Figs. 7(b)–9(b). Meanwhile, the
performance of measured and estimated SM capacitor voltages
can be further confirmed and illustrated in Figs. 7(c)–9(c). The
upper and lower arm currents, circulating current, and rectifier
dc current are shown in Fig. 9(d), with low ripple in the currents.

Alternatively, as can be seen from Figs. 7(d)–8(d) and 9(e),
when the dc-link voltage changes from 500 to 400 V suddenly,
they show the good behavior of this control technique, where
the input powers and voltage/current have a good dynamic and
stationary behavior. Furthermore, the accurate tracking ability of
dc-link voltage and estimated SM capacitor voltages can be ob-
tained, as shown in Figs. 7(e)–8(e) and 9(f). Next, the transient-
state tracking performance of grid-side reference/actual active
and reactive powers can be illustrated in Figs. 7(f)–8(f) and 9(g).
Finally, as shown in Fig. 9(h), the estimated active and reactive
power values will quickly converge to their real values by the
proposed solution in the initialization process. A good tracking
performance of the controlled variables can be observed.

C. Robustness Performance Analysis

In this section, theory validation is achieved by comparing
the three controllers in different operating conditions. In par-
ticular, the control behavior in case of parameter mismatches
has been studied. In order to quantify the performance of the
proposed solution, a thorough analysis of the effect of param-
eters mismatch in terms of arm inductance and grid-side filter
inductance for three different control schemes is illustrated to
ensure robust performance, and as shown in Figs. 10–13. It
is clearly appreciated that the proposed design is very robust
against parameter uncertainties, and it remains robustness to
uncertainty of the system’s parameters, while maintaining the
satisfactory regulation performance.

Alternatively, a thorough performance evaluation between
three different control strategies is conducted, and the THD,
execution time, and state-steady tracking error of different con-
trol methods are also investigated, and as shown in Table II. As
previously mentioned, a challenge presented by this proposal

is that the prohibitive computational cost will be increased due
to the fact that the data-driven predictors-based neural network
FCS-MPC solution is adopted. In our future work, a possible in-
teresting direction for the future investigations could be to further
improve the computationally efficient by deploying a supervised
imitation learning technique for power converters without sacri-
ficing the transient behavior [34]–[36]. Furthermore, the authors
will also further consider an interesting investigation related to
the improvement of the system reliability and robustness by
deploying a data-driven-based model-free adaptive predictive
control solution to other power converters.

V. CONCLUSION

In this article, a new approach, which has a good potential
to effectively solve the undesired effect of the uncertainties and
to flexibly take multiple control objectives into account in reg-
ulated AFE-MMC, is proposed by incorporating a data-driven
predictor-based neural network solution into a Lyapunov-based
cost function. The novelty of the proposed methodology is
that the uncertainties can be alleviated from the system, which
largely improves the robustness, but also appropriately deals
with the design procedure of complex multiobjective optimiza-
tion control since no parameters information and weighting
factor combinations are required. To illustrate the feasibility
of our innovative proposal, the benefits of the proposed de-
sign solution are validated both theoretically and experimen-
tally for regulated AFE-MMC. The obtained experimental re-
sults showed good tracking and robustness performances with
low harmonic distortion values in comparison to other two
different control strategies, which validate the interest of the
proposal.
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[22] T. Dragičević and M. Novak, “Weighting factor design in model predic-
tive control of power electronic converters: An artificial neural network
approach,” IEEE Trans. Ind. Electron., vol. 66, no. 11, pp. 8870–8880,
Nov. 2019.

[23] X. Liu et al., “Event-triggered ESO-based robust MPC for
power converters,” IEEE Trans. Ind. Electron., to be published,
doi: 10.1109/TIE.2022.3167135.

[24] Z. F. Song, Y. J. Tian, Z. Yan, and Z. Chen, “Direct power control for
three-phase two-level voltage-source rectifiers based on extended-state
observation,” IEEE Trans. Ind. Electron., vol. 63, no. 7, pp. 4593–4603,
Jul. 2016.

[25] J. Moon, J. Gwon, J. Park, D. Kang, and J. Kim, “Model predictive
control with a reduced number of considered states in a modular multilevel
converter for HVDC system,” IEEE Trans. Power Del., vol. 30, no. 2,
pp. 608–617, Apr. 2015.

[26] J. Y. Wang, Y. Tang, P. F. Lin, X. Liu, and J. Pou, “Deadbeat predictive
current control for modular multilevel converters with enhanced steady-
state performance and stability,” IEEE Trans. Power Electron., vol. 35,
no. 7, pp. 6878–6894, Jul. 2020.

[27] Z. H. Peng, D. Wang, and J. Wang, “Predictor-based neural dynamic
surface control for uncertain nonlinear systems in strict-feedback form,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 28, no. 9, pp. 2156–2167,
Sep. 2017.

[28] H. Wang, Y. Tian, and H. L. Xu, “Neural adaptive command fil-
tered control for cooperative path following of multiple underactu-
ated autonomous underwater vehicles along one path,” IEEE Trans.
Syst. Man, Cybern., Syst., vol. 52, no. 5, pp. 2966–2978, May
2022.

[29] N. Gu, D. Wang, Z. H. Peng, T. S. Li, and S. C. Tong, “Model-free contain-
ment control of underactuated surface vessels under switching topologies
based on guiding vector fields and data-driven neural predictors,” IEEE
Trans. Cybern., to be published, doi: 10.1109/TCYB.2021.3061588.

[30] H. K. Khalil, Nonlinear Systems. 3rd ed. Englewood Cliffs, NJ, USA:
Prentice-Hall, 2002.

[31] H. Makhamreh, M. Trabelsi, O. Kükrer, and H. Abu-Rub, “A Lyapunov-
based model predictive control design with reduced sensors for a PUC7
rectifier,” IEEE Trans. Ind. Electron., vol. 68, no. 2, pp. 1139–1147,
Feb. 2021.

[32] X. Liu, L. Qiu, Y. T. Fang, Z. H. Peng, and D. Wang, “Finite-level-
state model predictive control for sensorless three-phase four-arm mod-
ular multilevel converter,” IEEE Trans. Power Electron., vol. 35, no. 5,
pp. 4462–4466, May 2020.

[33] P. Cortés, J. Rodríguez, C. Silva, and A. Flores, “Delay compensation in
model predictive current control of a three-phase inverter,” IEEE Trans.
Ind. Electron., vol. 59, no. 2, pp. 1323–1325, Feb. 2012.

[34] S. Zhao, F. Blaabjerg, and H. Wang, “An overview of artificial intelligence
applications for power electronics,” IEEE Trans. Power Electron., vol. 36,
no. 4, pp. 4633–4658, Apr. 2021.
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