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Abstract—This article builds the theoretical foundations for
finite-control set model predictive control by leveraging the theory
of data-driven model-free reinforcement learning solution. Specif-
ically, the philosophy behind the proposed control methodology
relies on the conjunction of developing a proportional–integral-like
data-driven dynamic internal model predictive control, deploying a
reinforcement learning technique, and introducing a variable-step
event-driven mechanism. The present research provides a new
avenue and overcomes known shortcomings of finite-control set
model predictive control relating to its model-plant mismatch and
its application to limitations with unknown external disturbances
and unnecessary commutation actions. Finally, through extensive
numerical examples, we illustrate our findings and highlight its
merits, and the results presented are promising to reject both
model mismatch and unknown disturbances and motivate further
research in this field.
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I. INTRODUCTION

A S A powerful control technology, traditional finite-control
set model predictive control (FCS-MPC) is a model-based

dynamic optimization approach. In this method, it intends to
compute an optimal control input or switching state to drive
a dynamical system to a given goal state. In this process, it
formulates decision making as an optimization problem, where
one evaluates a predefined cost function subject to system’s
nonlinear constraints stemming from the system dynamics and
admissible system states as well as control inputs. The opti-
mization problem is repeatedly solved at each sampling/control
instant. The popularity of FCS-MPC is mainly due to its sim-
ple and intuitive implementation, the inherent adaptability to
power electronic applications, and the ability to cope with
multiobjective control problems [1]. Alternatively, the described
method provides greater flexibility and more natural formu-
lation. Model-based predictive control design requires, as the
name implies, a dynamical model of the controlled process,
typically a linear discrete-time one. In the absence of model
uncertainty, the problem has been widely studied [2]. With the
increase of system complexity in the industrial control applica-
tions, some undesired behavior may be caused by the uncertain
factors, such as unknown external disturbances, internal param-
eter uncertainties, and the unnecessary commutation actions of
the plant [3], [4]. In that sense, obtaining an accurate plant
model becomes computationally demanding and even impos-
sible, evoking significant limitations for implementation. As a
consequence, the key issue is how to get rid of this obstacle.

A. Literature Review and Motivation

In the view of feedback, researchers take these barriers into
account from different methodologies. It is noteworthy that such
a control mechanism should exhibit high adaptability in the
face of challenging and adverse scenarios. Due to the increased
availability of system data, a possible remedy is to design control
solutions such that desired control behavior can be guaranteed
by rejecting unknown uncertainties, which is referred to as
data-driven predictive control [5], [6]. Specifically, its core idea
is to construct a predictive controller directly from measured
input/output data of the plant for systems with unknown dy-
namics, without explicitly identifying a predictive model. This
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scheme is not only appealing conceptually but can also be useful
in situations where online identification is difficult since it relies
on complete system knowledge of the plant. This feature has
accelerated the evolution of FCS-MPC solutions. Accordingly,
there arises a requirement for a data-driven predictive control
capable of offering generalized solutions for power converter
applications.

Recently, a data-driven FCS-MPC is proposed in [7], where a
model-free adaptive control (MFAC)-based data-driven solution
is integrated into the FCS-MPC framework so as to attenuate
the sensitiveness to parameter variation and unmodeled dynam-
ics. However, the performance and robustness of data-driven
predictive controllers, when the plant is driven by unknown
perturbations, are an open concern. For evading this problem, the
idea in [7] is further extended by integrating a predictor-based
neural network (PNN) into data-driven FCS-MPC framework
[8]. Thus, this technique contributes to satisfying performance,
while compensating its influence in terms of dealing with un-
known disturbances. Although this approach usually results in
satisfied performance, controllable switching frequency (SF) are
not considered in the design of the controller. This will limit the
application of the FCS-MPC scheme in practice. To achieve the
accurate control of the SF, a data-driven SF control is embedded
into FCS-MPC framework [9], which is partially independent of
the plant model and parameter information. Thus, satisfactory
SF control behavior can be achieved. Moreover, Huang et al.
[10] proposed a codesign of the data-driven predictive voltage
control and FCS-MPC for grid-forming inverters under islanded
operation, thus facilitating an enhanced voltage regulation per-
formance and system reliability. Despite different successful
applications to power electronic control systems have been re-
ported in the literature (see, i.e., [7], [8], [9], and [10]), providing
high tracking performance guarantees of data-driven predictive
control under parametric uncertainties and measurement noise
as well as unknown disturbances remains a widely open research
issue.

Following this direction, the FCS-MPC along with online
learning technique is another route to circumvent this limi-
tation. The key characteristic behind online learning predic-
tive controllers is to avoid the model parameter identification
stage entirely and estimate the model uncertainty and unknown
nonlinear dynamics with nonlinear function approximator from
artificial intelligence (AI) point of view, e.g., reinforcement
learning (RL) [11], recurrent neural network (NN) [12], fuzzy
logic system [13], and artificial NN [14]. Among them, online
RL deploys natural learning mechanisms and more frequently
focuses on performance enhancement by properly modifying
their behaviors according to reward and evaluating feedbacks
from environments, establishing an optimal control policy to
make decisions for various learning tasks. In order to maximize
a numerical reward signal, RL is learning how to map situations
to actions. Thus, it offers a means for learning agents to interact
optimally with uncertain complex environments. Owing to its
generalization ability and adaptability to unforeseen scenarios,
the RL becomes an ideal choice for controlling power electronic
converters [15].

Inspired by this, two novel learning-based predictive con-
trol schemes for power converter are, respectively, investigated

in [16] and [17], where the offline RL algorithms are lever-
aged to facilitate weighting factors design and mitigation of
model dependence, allowing a superior harmonic performance.
However, from a practical point of view, real control environ-
ments are typically dynamic, and fixed models based on offline
RL often encounter adaptability challenges in new environ-
ments due to sample bias. Online RL offers a solution that
can update and adjust the model according to changes in the
new environment. Especially, further development of online RL
technique will enable adaptability and flexibility in dynamic op-
erating conditions. Therefore, it is necessary to design an online
learning method with strong adaptability. On account of this
idea, Liu et al. [18] developed an online RL predictive control
scheme for the power converter systems, which can ensure robust
performance under model parameter uncertainty and unknown
nonlinear dynamics. Nevertheless, unknown uncertainties under
low SF operation may provoke large tracking error. Accordingly,
in this background, robust performance under low SF is an im-
portant requirement, particularly in medium-voltage high-power
applications [19].

As a breakthrough technique, an alternative scheme to ad-
dressing SF is inspired by event-triggered (ET) point of view
along with MPC (ET-MPC) [20]. Only a few articles followed
this idea, see the work in [21] considering ET extended state
observer (ETESO)-based robust MPC and the work in [22]
addressing ETPNN-based MPC for the same purposes as [21].
Specifically, the schemes combine an FCS-MPC protocol with
an ET mechanism such that the system uncertainties and un-
necessary switching loss are all addressed, eventually resulting
in an adequate level of performance. Another recent attempt
to avoid the excessive switching losses is presented in [23],
where a data-driven controller together with an event-driven
idea is designed in order to reduce the average SF and alleviate
the sensibility against the parameter variations, thus attenuating
the unnecessary commutation actions. Despite the remarkable
progress in [18], [19], [20], [21], [22], and [23], the robust control
performance under low SF operation is still one key challenge.
This barrier triggers additional difficulties to design online
learning-based predictive controllers. Consequently, the main
motivation of this literature is to simultaneously consider the
identified limitations by constructing a data-driven model-free
RL FCS-MPC architecture under both unknown uncertainties
and low SF scenarios. To facilitate the discussion of various
control techniques, the comparison between existing control
solutions is provided; see Table I.

B. Main Contribution

Based on the above observations, we are motivated to develop
a novel methodology for the aforementioned problems associ-
ated with the control performance and challenges in power elec-
tronic converter systems. In this article, we further bridge the gap
between the classical data-driven predictive control approach
and AI technique. Our article aims to better connect these two ar-
eas. Specifically, the main idea builds on a proportional-integral
(PI)-like data-driven dynamic internal model predictive control
(DIMPC) architecture, and integrates the use of variable-step
event-driven mechanism and online RL concept for handling
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TABLE I
COMPARISON BETWEEN EXISTING CONTROL STRATEGIES

Fig. 1. Circuit topology of three-phase NPC converters.

unknown external disturbances and unnecessary commutation
actions. This connection has hitherto remained unexplored in
the existing literature. Meanwhile, leveraging this new found
connection, our method is capable of yielding valuable insights
into the limitations inherent in the existing FCS-MPC for power
converter systems, i.e., model parametric uncertainties, uncer-
tain dynamics, unknown disturbances, high SF, unnecessary
switching commutation actions, tracking error, and weighting
factors. Alternatively, it introduces a design parameter and an
error band to determine when to update the RL optimization
and maintain the current tracking within the desired limits. More
importantly, the primary advantage of our modification is that
it allows us to leverage the AI-driven and data-driven as well as
event-driven schemes in the context of power converter systems.
Details of our proposal are provided in the following sections.
Furthermore, the developed control framework is also confirmed
by real-world experiments on a power electronic control system
with unknown, nonlinear dynamics. Finally, through extensive
numerical examples, we illustrate our findings and highlight
its merits, and the results demonstrate strong potential to re-
ject model mismatch and unknown disturbances, thus inspiring
further investigative work in this area.

II. STANDARD FCS-MPC APPROACH

In this section, we first focus on stating the three-phase
three-level neutral-point-clamped (3L-NPC) converters and the
FCS-MPC problem, including the discrete-time state-space rep-
resentation and cost function formulation. Further, the problem
statement is also elucidated as follows. The circuit topology of
the 3L-NPC converters is shown in Fig. 1.

It consists of three arms, and each inverter arm is composed of
four switches and two clamped diodes connected to the neutral
point O of a dc bus capacitor. The 3L-NPC converters can
produce three switching states in each leg Sgx ∈ {−1, 0, 1} and
x ∈ {a, b, c}. Since the capacitor voltage is equal to a half of the

dc-link voltage Udc, the converters can produce three voltage
levels in each phase, i.e., vxo = 1

2UdcSgx. The dc-link voltage
Udc is divided into vp = vn = Udc/2, where vp and vn denote the
dc-link voltages on the high and low sides, respectively. Here,
ia, ib, and ic denote three-phase output currents. vao, vbo, and
vco denote three-phase output voltages generated by the con-
verters. C1 and C2 denote the dc-link capacitors, respectively.
iCp and iCn denote the current flowing through each dc-link
capacitor. Ro and Lo denote the load resistance and inductance,
respectively.

Before moving to the main results, the output voltage and
current vectors in the stationary αβ frame can be transformed
in the following equivalent form:

[
vα
vβ

]
=

2

3

[
1 − 1

2 − 1
2

0
√
3
2 −

√
3
2

]⎡⎣vaovbo
vco

⎤
⎦ (1)

[
iα
iβ

]
=

2

3

[
1 − 1

2 − 1
2

0
√
3
2 −

√
3
2

]⎡⎣iaib
ic

⎤
⎦ . (2)

First of all, the dynamic model of the output currents in the
stationary orthogonal αβ reference frame can be formulated by
the following form:

d

dt

[
iα(t)
iβ(t)

]
︸ ︷︷ ︸

ẋ(t)

=

[
−Ro

Lo
0

0 −Ro

Lo

]
︸ ︷︷ ︸

A

[
iα(t)
iβ(t)

]
︸ ︷︷ ︸

x(t)

+

[ 1
Lo

0

0 1
Lo

]
︸ ︷︷ ︸

B

[
vα(t)
vβ(t)

]
︸ ︷︷ ︸

u(t)

(3)

which results in the state-space model in a generic form{
ẋ(t) = Ax(t) +Bu(t)

y(t) = Cx(t)
(4)

where x(t) denotes the system state vector, u(t) denotes the
control input vector, and y(t) denotes the system output vector.
Meanwhile, A denotes the system state matrix, B denotes the
input matrix, and C denotes the output matrix.

To proceed, we consider the system described by a discrete-
time state-space representation in the stationary orthogonal αβ
reference frame{

x(k + 1) = Dx(k) +Eu(k)

y(k) = Cx(k)
(5)

where D = eATs and E = A−1(D− I)B, I denotes the unity
matrix with dimensions equal to the dimension of matrix A, and
Ts denotes the sampling period.
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Thus, the predicted output currents can be obtained in the
following equivalent form:{

iα(k + 1) = (1− RoTs

Lo
)iα(k) +

Ts

Lo
vα(k)

iβ(k + 1) = (1− RoTs

Lo
)iβ(k) +

Ts

Lo
vβ(k).

(6)

Similarly, the predicted dc-link capacitor voltages at the next
sampling instant yield{

vp(k + 1) = vp(k) +
1
C1

iCp(k)Ts

vn(k + 1) = vn(k) +
1
C2

iCn(k)Ts.
(7)

After obtaining the predictions, in order to evaluate system
performance, the cost function JC (predefined optimization
criteria) with the involvement of output current and dc-link
voltage terms can be formulated by

JC = JC1 + JC2 + λDCJC3 (8)⎧⎪⎨
⎪⎩
JC1 = ‖i∗α(k + 1)− iα(k + 1)‖22
JC2 = ‖i∗β(k + 1)− iβ(k + 1)‖22
JC3 = ‖vp(k + 1)− vn(k + 1)‖22

(9)

where i∗α(k + 1) = 4i∗α(k)− 6i∗α(k − 1) + 4i∗α(k − 2)−
i∗α(k − 3) and i∗β(k + 1) = 4i∗β(k)− 6i∗β(k − 1) + 4i∗β(k −
2)− i∗β(k − 3) denote the predicted output current references.
λDC is the weighting factor for subcost function JC3. Finally,
the optimal voltage vector that minimizes (8) with respect to
the aforementioned control objectives is applied in the next
sampling period. In other words, the idea behind this technique
is to find the optimal switching state (among the finite number
of possibilities) that minimizes the cost function value at each
sampling instant.

Before presenting the proposal, we give the following problem
statement.

Problem Statement: FCS-MPC is an optimization-based so-
lution that yields high-performance control for power converter
control systems and ensures satisfaction of system nonlinearities
and restrictions. It is interesting to remark that, as aforemen-
tioned, this study aims to solve the robust predictive control
problem despite unknown external disturbances under low SF
scenario [24]. Due to the fact that one of the well-known lim-
itations that affects FCS-MPC performance is represented by
model parametric uncertainty [25], [26]. To be more precise, the
challenge of the issue stems from the need of accurate model
information with respect to a predesigned cost function resulting
from decision making subject to system’s nonlinear constraints
stemming from the system dynamics and available system states,
which motivates us to carry out this work.

III. PROPOSED FCS-MPC SOLUTION

Inspired by these preceding limitations, we discuss how to
formulate the robust optimization control problem that yields
high-performance guarantees in FCS-MPC framework and to
elucidate the main ideas of this proposal. In particular, in this
literature, we concentrate on investigating a PI-like data-driven
DIMPC method including a nominal controller and a com-
pensatory controller as well as a robust approximate optimal

tracking controller to address the parameter uncertainty and the
external disturbance as well as optimal tracking problem, re-
spectively. Finally, the block diagram of the proposed FCS-MPC
solution is given in Fig. 2.

A. PI-Like Data-Driven DIMPC Controller Design

First, the system (5) subject to modeling uncertainties and
external disturbances can be reformulated as the general form.
We can get

y(k + 1) = f(y(k),ud(k)) + Γ(k + 1) (10)

where f(·) is a generalized function representing the actual
system. Γ is unknown external disturbance, which is bounded
as ‖Γ‖ ≤ Γ̄ where Γ̄ is a positive constant.

As suggested and drafted in [27], based on two assumptions
and Theorem 1, it can be formulated as follows:

Δy(k + 1) = Ξ(k)Δud(k) + ΔΓ(k + 1) (11)

where Ξ(k) denotes pseudopartial derivative (PPD) matrix
Δy(k + 1) = y(k + 1)− y(k), Δud(k) = ud(k)− ud(k −
1), and ΔΓ(k + 1) = Γ(k + 1)− Γ(k).

If there is no external disturbance, then the linear data model
of (11) becomes a nominal one. It yields

Δy(k + 1) = Ξ(k)Δud(k) (12)

which results in

y(k + 1) = y(k) +Ξ(k)Δud(k) (13)

which is regarded as the dynamic internal model of plant (10).
Letting Ξ̂ denote the estimation of the unavailable Ξ(k), one

has

ŷ(k + 1) = y(k) + Ξ̂(k)Δud(k). (14)

Then, one can rewrite (11) as

y(k + 1) = y(k) + Ξ̂(k)Δud(k) +Λ(k + 1) (15)

where Λ(k + 1) = (Ξ(k)− Ξ̂(k))Δud(k) + ΔΓ(k + 1) de-
notes the system uncertainties, including both the parameter
estimation uncertainty (Ξ(k)− Ξ̂(k)) and the unknown exter-
nal disturbance ΔΓ(k + 1). Moreover, as seen from (14) and
(15), Λ(k + 1) = y(k + 1)− ŷ(k + 1) denotes the difference
between the actual output and the estimation of nominal output.

To eliminate the undesired external disturbance, the suggested
controller along with a disturbance compensator can be formu-
lated as

Δud(k) = Δuc(k) + Δus(k) (16)

where Δuc(k) = uc(k)− uc(k − 1) denotes the nominal con-
trol input, and Δus(k) = us(k)− us(k − 1) denotes the com-
pensatory control input.

Then, by substituting (16) into (15), we have

y(k + 1) = y(k) + Ξ̂(k)(Δuc(k) + Δus(k)) +Λ(k + 1)

= y(k) + Ξ̂(k)Δuc(k) + Ξ̂(k)Δus(k) +Λ(k + 1).
(17)



8442 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 41, NO. 5, MAY 2026

Fig. 2. System configuration and control structure of the proposed FCS-MPC methodology.

We note that to achieve the satisfactory control behavior, a
nominal controller is designed, which enables a desired ref-
erence trajectory tracking, i.e., y∗(k + 1) = y(k + 1), and a
compensatory controller, which is responsible for rejecting the
system uncertainties and unknown disturbances, is introduced
into the control design. In order to build it, there exists{

y∗(k + 1) = y(k) + Ξ̂(k)Δuc(k)

0 = Ξ̂(k)Δus(k) +Λ(k + 1).
(18)

On account of the equivalence principle, from (18), it yields⎧⎨
⎩Δuc(k) =

ηα

λC+Ξ̂(k)
(y∗(k + 1)− y(k))

Δus(k) = − ηβ

λD+Ξ̂(k)
Λ(k + 1)

(19)

where y∗(k + 1) represents a bounded reference output,
ηα, ηβ > 0 are two control gains, and, λC , λD > 0 are two small
constants. Note that λC and λD are designed to ensure that the
denominator is not equal to zero.

Remark 1: Notice that under low SF operation scenario,
unknown parametric uncertainties may result in a larger tracking
error that poses a limitation on our control design. To circum-
vent this issue, a PI-like-based data-driven DIMPC controller is
proposed. By combining our innovative technique with existing
methods for power converter systems, our development, unlike
previous works in the literature [20], [21], [22], contributes to
better attenuate capability of parametric uncertainties and high
tracking errors.

To enhance the algorithm’s generality and robustness, the
nominal controller is modified as

Δuc(k) =
ηα

λC + Ξ̂(k)
[γA(y

∗(k + 1)− y(k))

+ γB(y
∗(k + 1)− y(k)− (y∗(k)− y(k − 1)))

+ γC(y
∗(k + 1)− y(k)− 2(y∗(k)− y(k − 1))

+ (y∗(k − 1)− y(k − 2)))] (20)

where γA, γB , and γC are adjustable parameters to make the
proposed control algorithm more flexible.

Remark 2: It can be clearly appreciated that the structure
of Δuc(k) in (20) is similar to PI control. Thus, the control
parameters can be selected based on the experience of PI control.
The key distinction between PI control and PI-like data-driven
DIMPC is that the parameter ofΔud(k) is adaptive due toΞ(k),
which facilitates performance enhancement.

Since Ξ(k) is unknown, the projection algorithm is here
deployed to estimate the unknown PPD with the following
objective function:

JE(Ξ̂(k)) = JE1 + λEJE2 (21){
JE1 = |Δy(k)− Ξ̂(k)Δud(k − 1)|2
JE2 = |Ξ̂(k)− Ξ̂(k − 1)|2

(22)

where λE > 0 is a weighting factor.
Thus, minimize the objective function (21) with respect to

Ξ(k) and introduce the estimation law as

Ξ̂(k) = Ξ̂(k − 1)

+
μE

(
Δy(k)− Ξ̂(k − 1)Δud(k − 1)

)
ΔuT(k − 1)

λE +Δu2
d(k − 1)

(23)

where μE > 0 is a step factor and Ξ̂(k) is the estimation of
Ξ(k).

On the other hand, if the sampling period Ts is assumed to be
small, then the parameter estimation and external disturbances
signals are assumed to be constant over the switching period
Λ(k + 1) ≈ Λ(k). This is reasonable, in practical applications,
since a power converter control system cannot realistically
handle arbitrarily fast external signals in one sampling period
Ts. Thus, the compensatory controller Δus(k) in (19) can be
obtained in the following equivalent form:

Δus(k) = − ηβ

λD + Ξ̂(k)
[Δy(k + 1)− Ξ̂(k)Δud(k)]

= − ηβ

λD + Ξ̂(k)
[Δy(k)− Ξ̂(k − 1)Δud(k − 1)].

(24)
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Based on the above representation, the developed controller
and the estimation law are established as⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Δuc(k) =
ηα

λC+Ξ̂(k)
[γA(y

∗(k + 1)− y(k))

+ γB(y
∗(k + 1)− y(k)− (y∗(k)− y(k − 1)))

+ γC(y
∗(k + 1)− y(k)− 2(y∗(k)− y(k − 1))

+ (y∗(k − 1)− y(k − 2)))]

Δus(k) = − ηβ

λD+Ξ̂(k)
[Δy(k)− Ξ̂(k − 1)Δud(k − 1)]

Ξ̂(k) = Ξ̂(k − 1) +
μE(Δy(k)−Ξ̂(k−1)Δud(k−1))ΔuT

d (k−1)

λE+Δu2
d(k−1)

.

(25)
Then, the control law in (16) can be transformed as

Δud(k) = Δuc(k) + Δus(k)

=
ηα

λC + Ξ̂(k)
[γA(y

∗(k + 1)− y(k))

+ γB(y
∗(k + 1)− y(k)− (y∗(k)− y(k − 1)))

+ γC(y
∗(k + 1)− y(k)− 2(y∗(k)− y(k − 1))

+ (y∗(k − 1)− y(k − 2)))]− ηβ

λD + Ξ̂(k)

× [Δy(k)− Ξ̂(k − 1)Δud(k − 1)]. (26)

Finally, the developed DIMPC controller and the estimation
law can be reconstructed by⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

u∗
d(k) = u∗

d(k − 1) + ηα

λC+Ξ̂(k)
[γA(y

∗(k + 1)− y(k))

+ γB(y
∗(k + 1)− y(k)− (y∗(k)− y(k − 1)))

+ γC(y
∗(k + 1)− y(k)− 2(y∗(k)− y(k − 1))

+ (y∗(k − 1)− y(k − 2)))]− ηβ

λD+Ξ̂(k)

× [Δy(k)− Ξ̂(k − 1)Δud(k − 1)]

Ξ̂(k) = Ξ̂(k − 1) +
μE(Δy(k)−Ξ̂(k−1)Δud(k−1))ΔuT

d (k−1)

λE+Δu2
d(k−1)

.

(27)
Remark 3: Note that the developed DIMPC controller can

achieve the control aim without necessarily leveraging or need-
ing a model of the plant. Although this proposal has brought
some improvements, little research has been focused on try-
ing to incorporate an RL technique into a data-driven DIMPC
framework in an optimal manner. Accordingly, it is expected to
simultaneously address the unnecessary switching commutation
actions, tracking error, and unknown uncertainties in FCS-MPC
for power converters, without weighting factors. In the follow-
ing, the establishment of RL-based robust approximate optimal
tracking controller design is discussed in detail.

B. RL-Based Robust Approximate Optimal Tracking
Controller Design

In the following, in order to address the optimal tracking
control issue and stabilize the tracking error dynamics in an
optimal manner, a feedback controllerue will be designed. First,
the following performance index can defined as [28]:

L(e) =
∫ ∞

t

r(e(τ),ue(τ))dτ (28)

where r(e,ue) = eTQe+ uT
e Rue is the utility function, andQ

and R are symmetric positive-definite matrices with appropriate
dimensions, ue = u− u∗

d, and e = x− xd. xd denotes the
desired trajectory.

Second, we recall the dynamic model (4), and then, the system
with modeling uncertainties and external disturbances can be
reformulated into the ultralocal model form

ẋ = f +αu (29)

where f = Ax+ Γ is the lumped uncertainty, which includes
system uncertainties and the external disturbance assumed to be
bounded, and α is a nonzero nonphysical constant denoting the
control input gain.

Based on the tracking error e = x− xd, the error system can
be represented by the following form:

ė = ẋ− ẋd = fe +αue (30)

where fe = f(x)− f(xd). Note that the controller u is com-
posed of two parts, i.e., the suggested steady-state controller
u∗
d, and the feedback controller ue. To be more precise, the

proposed control scheme combines a PI-like data-driven DIMPC
controller and an approximate optimal controller.

Next, we formulate the Hamiltonian function as

H(e,ue,∇L(e)) = ∇LT(fe +αue) + eTQe+ uT
e Rue

(31)

where ∇L(e) = ∂L(e)/∂e is the partial derivative of the cost
function L(e) with respect to e.

The optimal performance index L∗(e) is defined as

L∗(e) = min
ue∈Ψ(Ω)

(∫ ∞

t

r(e(τ),ue(τ))dτ

)
(32)

and satisfies

0 = min
ue∈Ψ(Ω)

[H(e,ue,∇L∗(e))]. (33)

In addition, we can obtain the optimal control policy u∗
e by

solving ∂H(e,ue,∇L∗(e))/∂ue = 0 as

u∗
e = −1

2
R−1α∇L∗(e) (34)

where ∇L∗(e) = ∂L∗(e)/∂e. Thus, the overall optimal control
input can be rewritten as u∗ = u∗

d + u∗
e.

Remark 4: Notably, the Hamilton-Jacobi-Bellman (HJB)
equation in (33) is a nonlinear partial differential equation that
is highly challenging to solve owing to its inherent nonlinearity.
Accordingly, in what follows, we will focus on designing an opti-
mal feedback controller via the adaptive dynamic programming
(ADP) method, which is realized by utilizing critic and actor
NNs [29], [30]. It should be emphasized that unlike conventional
ADP approaches where critic and actor NN weights are updated
sequentially, the weights of both critic and action NNs can
be updated in real time simultaneously, enabling synchronous
online implementation.

C. Critic NN Design

According to the prominent approximation capability of NN,
a single hidden layer NN is here deployed to approximate L(e)
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as

L(e) = �T
CϑC(e) + εC (35)

where �C denotes the optimal weight, satisfying ‖�C‖F ≤
�̄C with �̄C ∈ 
 being positive constants,εC denotes the critic
NN approximation error, and ‖εC‖ ≤ ε̄C with ε̄C ∈ 
 being
positive constants.

Then, we can further derive

∇L(e) = ∇ϑT
C�C +∇εC (36)

where ∇ϑC = ∂ϑC(e)/∂e denotes the activation function gra-
dient, and is upper bounded so that ‖∇ϑC‖ ≤ ϑCM, and∇εC =
∂εC(e)/∂e denotes the NN reconstruction error gradient.

Let �̂C be an estimate of �C, and a critic NN is here utilized
to approximate the value function. Then, the estimate of L(e)
yields

L̂(e) = �̂T
CϑC(e). (37)

Leading to the following gradient:

∇L̂(e) = (∇ϑC(e))
T�̂C (38)

where ∇L̂(e) = ∂L̂(e)/∂e.
Next, the approximate Hamiltonian function can be expressed

as

H(e,ue, �̂C) = ∇ϑT
C�̂C(fe +αue) + eTQe+ uT

e Rue

= ∇ϑT
C�̂C {[f(x)− f(xd)] +αue + εe}

= ∇ϑT
C�̂C

{
�̂B[ϑ

T
B(x)− ϑT

B(xd)] +αue

+εe}+ eTQe+ uT
e Rue = eC (39)

where εe represents the total residual error, satisfying ‖εe‖ ≤ ε̄e
with ε̄e ∈ 
 being positive constants. Due to the ability of NNs
to approximate a given continuous nonlinear function, we can
get f(x) = �T

BϑB(x) + εB, where �B denotes the optimal
weight matrix subject to ‖�B‖F ≤ �̄B with �̄B ∈ 
 being
positive constants. Here, εB denotes the minimum approxima-
tion error, satisfying ‖εB‖ ≤ ε̄B with ε̄B ∈ 
 being positive
constants.

To design an update law for �̂B, a state predictor is utilized
herein by the following form [22]:{

˙̂x = �̂T
BϑB(x) +αu− k1x̃

˙̂�B = −ΓB[ϑB(x)x̃+ kw1�̂B]
(40)

where k1 ∈ 
, ΓB ∈ 
, and kw1 ∈ 
 are positive constants,
respectively, and x̃ = x̂− x. x̂ denotes the observed value of
x.

We note that it is desired to select �̂C to minimize the squared
residual error EC(�̂C) as

EC(�̂C) =
1

2
eTCeC. (41)

For implementation, the critic NN weight update law can be
represented

˙̂�C = −γD
∂EC

∂�̂C

= −γDσC

(
σT

C�̂C + eTQe+ uT
e Rue

)
(42)

where γD > 0 is the critic NN learning rate, σC = σ/(σTσ +
1), and σ = ∇ϑT

C[�̂B(ϑ
T
B(x)− ϑT

B(xd)) +αue + εe] =
∇ϑT

C[fe +αue]. According to the definition of σC, there
exists a positive constant σCM > 1 such that ‖σC‖ ≤ σCM.

D. Actor NN Design

Similarly, the policy of the feedback control can be approxi-
mated by the actor NN as

ue = �T
AϑA(e) + εA (43)

where �A denotes the optimal weight, satisfying ‖�A‖F ≤
�̄A with �̄A ∈ 
 being positive constants,εA denotes the actor
NN approximation error, and ‖εA‖ ≤ ε̄A with ε̄A ∈ 
 being
positive constants. The vector of the activation function of the
actor NN, i.e., ϑA, is upper bounded so that ‖ϑA(·)‖ ≤ ϑAM.

Let �̂A be an estimate of�A, then the approximated optimal
feedback control policy can be expressed as

ûe = �̂T
AϑA(e). (44)

The tuning of the actor NN can be achieved by utilizing the
feedback error signal, which serves to represent the difference
between the feedback control input applied to the error system
(30) and the control input that minimizes (37). Thus, one has

eA = �̂T
AϑA +

1

2
R−1α∇ϑT

C�̂C. (45)

The objective function can be minimized through the actor
NN, and so we get

EA(�̂A) =
1

2
eTAeA. (46)

Thus, the actor NN weight update law yields

˙̂�A = −γEϑA

(
�̂T

AϑA +
1

2
R−1α∇ϑT

C�̂C

)T

(47)

where γE > 0 is the actor NN learning rate.
Then, the final optimal control input can be obtained

u∗ = u∗
d + ûe (48)

which results in⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

u∗(k) = u∗
d(k − 1) + ηα

λC+Ξ̂(k)
[γA(y

∗(k + 1)− y(k))

+ γB(y
∗(k + 1)− y(k)− (y∗(k)− y(k − 1)))

+ γC(y
∗(k + 1)− y(k)− 2(y∗(k)− y(k − 1))

+ (y∗(k − 1)− y(k − 2)))]− ηβ

λD+Ξ̂(k)

× [Δy(k)− Ξ̂(k − 1)Δud(k − 1)] + �̂T
AϑA(e)

Ξ̂(k) = Ξ̂(k − 1) +
μE(Δy(k)−Ξ̂(k−1)Δud(k−1))ΔuT

d (k−1)

λE+Δu2
d(k−1)

�̂C(k + 1) = �̂C(k)− γDTsσC(k)×[
σT

C(k)�̂C(k) + eT(k)Qe(k) + uT
e (k)Rue(k)

]
�̂A(k + 1) = �̂A(k)− γETsϑA(k)×(

�̂T
A(k)ϑA(k) +

1
2R

−1α∇ϑT
C(k)�̂C(k)

)T

.

(49)
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E. Design of Cost Function

In general, the cost function is constructed according to the
user-predefined control objectives. In this article, to avoid this
challenge caused by the cumbersome tuning of weighting fac-
tors, one seeks to regulate the system control input to desired
reference without weighting factors. Based on the detailed anal-
ysis above, the cost function for the output voltage tracking can
be designed as

JF = ‖u∗(k + 1)− u(k + 1)‖22. (50)

Remark 5: It is worth noting that although the above presented
studies make significant advances, the high SF is still open and
challenging to be investigated in the control problem formula-
tion. To solve this issue, a low SF data-driven DIMPC framework
that alleviates the unnecessary switching commutation actions
by leveraging a variable-step event-driven mechanism point of
view is developed in this literature.

F. Variable-Step Event-Driven Mechanism Design

As demonstrated above, due to the inevitable uncertain-
ties in practical systems, false events may be generated, and
thus leading to some unnecessary triggering [21], [22]. To
circumvent this obstacle, in this section, we further exploit
a variable-step event-driven MFPC framework [23]. Follow-
ing [23], the event-driven conditions together with a user-
predesigned threshold δe are given to judge if u(k) and
the weight update laws can be maintained. Then, the mod-
ified weight update laws are reconstructed by the following
expression:

uopt(k + 1)

=

{
u(k), if|e(k + 1)| ≤ δ2e ⇒ ΔΩ(k) = 0

minJF , if|e(k + 1)| > δ2e ⇒ ΔΩ(k) = 1
(51)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Ξ̂(k) = Ξ̂(k − 1)

+
μEΔΩ(k)(Δy(k)−Ξ̂(k−1)Δud(k−1))ΔuT

d (k−1)

λE+Δu2
d(k−1)

�̂C(k + 1) = �̂C(k)− γDTsΔΩ(k)σC(k)×[
σT

C(k)�̂C(k) + eT(k)Qe(k) + uT
e (k)Rue(k)

]
�̂A(k + 1) = �̂A(k)− γETsΔΩ(k)ϑA(k)×(

�̂T
A(k)ϑA(k) +

1
2R

−1α∇ϑT
C(k)�̂C(k)

)T

(52)

where the index operator ΔΩ(k) denotes whether the enabled
event happens or not, which is determined by conditions (52),
and uopt is the optimal voltage vector.

Remark 6: It is noticeable that if ΔΩ(k) = 1, then the event
is enabled. It means that the system trajectory crosses the de-
fined threshold. If ΔΩ(k) = 0, then the event is not enabled.
The iteration optimization process will be suspended, and the
modified weight update laws and the control input are held
as constant. To be more precise, by monitoring a feedback
from the robust data-driven MPC controller to enable the event,
a user-predesigned threshold δe is detected and used to de-
cide when necessary to solve the data-driven model-free RL

Fig. 3. Experimental platform of three-phase NPC converter system. 1) PC. 2)
Osillscope: Agilent Technologies DS09254 A. 3) Power analyzer: HIOKI 3390.
4) DC source: DP2030. 5) Control unit: RTU-BOX 206. 6) NPC converters:
RTM-PEN8025IF. 7) Current sensors: PINTECH PT-2710. 8) Voltage sensors:
P5200 A. 9) Three-phase load: Three-phase RL load. For the implementation
of this test, the real NPC converters prototype using the RTM-PEN8025IF
modules is controlled, and the controller utilizes an RTU-BOX206 real-time
digital control unit that includes a TMS320C28346 DSP from Texas Instrument.
This DSP is installed in a modular electronic system, where the pulsewidth
modulation signals are generated by the field-programmable gate array circuit.

control optimization problem. Thus, unnecessary triggering and
switching commutation actions can be alleviated.

G. Capacitor-Less Voltage-Balancing Scheme

In this section, we introduce the capacitor-less voltage-
balancing scheme to effectively avoid the tuning work of weight-
ing factors [7]. Then, in order to determine the optimal switching
state, this approach employs a two-stage selection mechanism:
1) The cost function in (51) is evaluated by all available 19
active voltage vectors. The vector that yields the minimum cost
function value is determined as the optimal voltage vector. 2) For
optimal large/medium vectors, their corresponding switching
states are directly implemented without further modification.
For optimal small/zero vectors, an additional cost function is
applied by{JN,small = sgn(vp,n)× sgn(iO)

JN,zero = ‖Sg,abc(k)− Sg,abc(k − 1)‖22 (53)

where iO is the neutral-point current. sgn(·) = sgn(·) = (·)/| ·
| is the signum function. Furthermore, a delay compensation
control technique in [31] is here introduced into this proposal
for real-time control implementation.

IV. CASE STUDY

A. Control Implementation

This section depicts the test bench and shows the simulation
and experimental results. As can be appreciated in Fig. 3,
the experimental platform of the controlled system is given,
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Fig. 4. Performance evaluation with four different FCS-MPC solutions in steady state. (I) Under normal operation. (II) Under parameter mismatch condition. (III)
Under both parameter mismatch and external disturbances conditions. (a) ET-based FCS-MPC method. (b) ETESO-based FCS-MPC method. (c) ETPNN-based
FCS-MPC method. (d) Proposed FCS-MPC solution.

comprising some photos. In our control setup, the real NPC
converter prototype leveraging RTM-PEN8025IF modules is
controlled by a system, including an RTU-BOX206 real-time
digital controller. This controller incorporates a Texas Instru-
ment TMS320C28346 digital signal processor (DSP) as its core
component. Before performing the test, the same parameters
are set. The load resistance and inductance are 0.5Ω and 10 mH,
respectively. The dc-link voltage is 120 V. The dc-link capacitor
is 2700 μF. The sampling/control period is 100 μs. Note that we
assume that external disturbances occur, the signal is defined as
Γ(x) = Am(1 + x)sin(Bmπt) and is injected into the sensor
of controlled plant, where Am = 0.03 denotes the disturbance
amplitude and Bm = 100 denotes the disturbance frequency.
The user-predesigned parameters are set as ηα = 20, ηβ = 0.1,
γA = 0.05, γB = 0.025, γC = 0.0025, γD = 0.01, γE = 0.01,
λC = 1e−4, and λD = 0.001, respectively.

B. Simulation Result Analysis

In this section, the representative simulation results are pro-
vided to verify the feasibility of our proposed solution. No-
tably, Fig. 4 clearly demonstrates the output current waveforms
and harmonic performance analysis of four different control
approaches under normal operation, parameter mismatch, and
external disturbance conditions. As shown in figure, output
currents under normal operation exhibit the total harmonic
distortion (THD) values as 3.01%, 2.66%, 2.36%, and 1.85%,
respectively. Under parameter mismatch (from Lo = 10 mH to
Lo = 8 mH), the waveform quality indices of output currents
are 5.26%, 3.31%, 2.96%, and 2.12%, respectively. In addition,
the THD values under both parameter mismatch and external
disturbance conditions are 5.8%, 3.58%, 3.23%, and 2.65%,
respectively. Noticeably, this is recognized as one of the critical
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Fig. 5. Experimental results of three-phase 3L-NPC converter system with steady-state and transient-state performances under both unknown perturbations
and parameter mismatch conditions. (a) ET-based FCS-MPC method. (b) ETESO-based FCS-MPC method. (c) ETPNN-based FCS-MPC method. (d) Proposed
FCS-MPC solution.

Fig. 6. Performance evaluation with the proposed FCS-MPC approach under
parameter mismatch condition (Lo = 5 mH). (a) Output currents: steady-state
performance. (b) Output currents: transient-state performance.

worst case scenarios in power converter operation. By compar-
ison, our proposal achieves the desired control behavior, which
can be seen from the output current waveforms in Fig. 4. This
confirms the availability of the proposed control strategy, which
not only overcomes the inherent restrictions of high SF and
parameter uncertainties but also enhances performance under
both low SF operation and external disturbances conditions.

Fig. 7. Performance evaluation with the proposed FCS-MPC approach under
external disturbance condition. (a) Output currents: steady-state performance.
(b) Output currents: transient-state performance.

C. Experimental Result Analysis

Next, to validate our findings and highlight the applicability
and adaptability of the proposed method, the control behavior
of the enhanced data-driven FCS-MPC scheme is demonstrated
through experimental testing. The objective is to assess its
performance under various practical conditions, including both
parameter uncertainties and external disturbances, resembling
one of the worst case operational scenarios. First of all, Fig. 5
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Fig. 8. Performance evaluation with four different FCS-MPC approaches. (a) Effect of THD and SF under parameter mismatch condition. (b) Effect of THD and
SF under both parameter mismatch and external disturbances conditions.

TABLE II
COMPARISON RESULTS BETWEEN SEVEN DIFFERENT CONTROL SCHEMES

depicts the control performance and output current response
characteristics. Meanwhile, the performance assessment of the
proposed control strategy under varying load conditions (from
Lo = 10 mH to 5 mH) has also been presented, as illustrated in
Fig. 6. As expected, the proposed approach achieves outstanding
control performance in terms of output current waveforms. In
addition, it can be observed that the dc-link capacitor voltages are
effectively regulated to their nominal values using a capacitor-
less voltage-balancing control strategy. The suggested control
design operates without requiring prior knowledge of the system
mathematical model, successfully achieving the desired control
objectives while enhancing performance under both parameter
uncertainty and external disturbance conditions.

On the other hand, data-driven predictive control leverages
historical data to build accurate predictive models, facilitating
informed decision-making. In practical implementation, how-
ever, precise data is usually unavailable due to measurement
noise and input noise. It is noteworthy that this issue results in
imprecise estimations and predictions, and may ultimately dete-
riorate the control performance. It can be assumed that external
disturbances arise from unavoidable noise in state mea-
surements. The noise signal is defined as Γ(x) = Am(1 +
x)sin(Bmπt), and is injected into the sensor of the controlled

plant. Here, Am denotes the signal amplitude, which is set to
0.03, while Bm stands for the signal frequency, selected as 200
(see Fig. 7 for details). In this literature, the injection of the
noise signalΓ(x) into the controlled plant’s sensor causes incor-
rect control decisions to be transmitted to the power converter.
As depicted in Fig. 7, this phenomenon may not only trigger
potential equipment damage but also exert a negative influence
on the control performance of power converter systems. To
overcome this defect, we take into account to compensate for
the uncertainties in the system model, and consequently, the
desired control performance under different load conditions can
be guaranteed as anticipated.

D. Robustness Performance Analysis

In this section, the performance of four different FCS-MPC
solutions under both parameter mismatch and external distur-
bances scenarios is assessed in detail. The obtained results are
summarized in Fig. 8, where the desired harmonic and robust
performance as well as low SF can be achieved by utilizing
this proposal. Meanwhile, a summary of the comparative re-
sults for the different formulations is given in Table II. The
results demonstrate that the proposed FCS-MPC framework
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significantly outperforms other state-of-the-art ET-based MPC
methods by leveraging the AI-driven and data-driven as well as
event-driven schemes in the context of power converter systems,
while maintaining a lower SF under both parameter mismatch
and external disturbances scenarios.

V. CONCLUSION AND FUTURE RESEARCH DIRECTIONS

This article was concerned with a remarkably flexible control
framework that integrates a PI-like data-driven DIMPC and an
RL technique as well as variable-step event-driven mechanism
so as to enhance the performance and reject both model mis-
match and unknown disturbances. Specifically, the distinctive
features of this proposal lay in its superior disturbance attenua-
tion and tracking capability, robustness against parameter varia-
tions, and good regulation properties under low SF scenario.
In conclusion, we demonstrated our theoretical findings and
emphasized its advantages over state-of-the-art low SF-based
FCS-MPC approaches. The results indicated that our modifi-
cation was capable of effectively taking the model parameter
mismatch and unknown uncertainties into account.

We believe that this method presents a few clear avenues for
future work, and can be extended to other converter topologies
(e.g., modular multilevel and boost converters) or control sce-
narios (e.g., current versus voltage mode). To be more precise,
a potential research avenue for future work involves extending
the proposed refinement to integrate a wider spectrum of power
converter/motor control systems and devoting the improvement
of performance with the help of digital twin technique [32], [33].

Despite the contributions of this work, many open issues
remain that future research is going to investigate. First, there
is the extension of the data-driven MFPC frameworks, where
challenges, such as the selective harmonic elimination technique
and potentially computational burden, have to be addressed [34],
[35]. While the real-world experiments have indicated that this
proposal can also deal with measurement noise and parametric
uncertainties, future research is going to study theoretically and
by thorough experiments to which extent this suggested control
solution can solve malicious attack issues in power converter
system [36].
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