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Abstract—This paper presents an improved model-free finite
control set model predictive control (MF-FCSMPC) strategy
for three-phase voltage source inverters. The approach com-
bines a data-reuse recursive least squares (DR-RLS) algorithm
with an autoregressive exogenous (ARX) plant model. Unlike
conventional RLS, the DR-RLS method reuses the same in-
put vector to update system coefficients multiple times. This
accelerates convergence and improves tracking accuracy. The
DR-RLS MF-FCSMPC system delivers robust predictive control
across varying operating conditions. Hardware-in-the-loop tests
with two-level inverters and RL loads confirm reduced RMS
error under parameter variations. Overall, the DR-RLS-based
MF-FCSMPC provides a reliable and computationally efficient
solution for predictive control in power electronic systems facing
uncertainty and time-varying dynamics.

Index Terms—ARX plant model, data-reuse RLS, model-free
control, model predictive control, recursive least squares (RLS).

I. INTRODUCTION

The rapid advancement of digital computational resources
has enabled the practical application of model-based finite
control set predictive control (FCSMPC) across a wide range
of power electronics and motor drive systems [1].

Replacing conventional linear controllers with FCSMPC im-
proves both dynamic response and steady-state performance.
FCSMPC algorithms are simple to implement, accommodate
system constraints and nonlinearities, and enable simultaneous
regulation of multiple objectives [2], [3].

The operating principle of FCSMPC indicates that its
performance depends critically on the accuracy of model
predictions, which determine the optimal switching vector at
each sampling instant [4]. The accuracy of model predictions
is affected by parameter variations, discretization methods,
inverter nonlinearities, component degradation and tolerances,
as well as system parasitics. In addition, diverse operat-
ing conditions and manufacturing deviations further compro-
mise model fidelity. A robust alternative is the adoption of
model-free FCSMPC, which incorporates continuous updates
and parameter estimation to maintain reliable performance [5].

Model-free FCSMPC (MF-FCSMPC) achieves the dynamic
and steady-state performance benefits of conventional FC-
SMPC without dependence on system models or exact param-
eter information [6]. An emerging approach to MF-FCSMPC

is the use of autoregressive exogenous (ARX) models to
represent the plant [7], [8]. The recursive least squares (RLS)
algorithm is widely used to update the parameters of autore-
gressive exogenous (ARX) plant models [9], [10]. In MF-
FCSMPC schemes, the design of the ARX plant model plays
a critical role [7], [11]. Moreover, the performance of the
recursive least squares (RLS) algorithm is critical to ensuring
accurate and reliable parameter estimation [12], [13].

The data reuse (DR) technique was proposed for the first
time in [14]. The idea was to increase the convergence speed
of the LMS algorithm by executing the update equation N
times on the same data set. Recently, this technique was
combined with the RLS algorithm by Paleologu et. Al [15].
In this approach, the new algorithm allows the forgetting
factor to approach unity, thereby achieving a favorable balance
between improved tracking performance and reduced steady-
state misalignment.

This paper introduces an enhanced MF-FCSMPC strategy
for three-phase inverter systems, integrating the data-reuse
recursive least squares (DR-RLS) algorithm with an autore-
gressive exogenous (ARX) plant model. The remainder of the
paper is structured as follows: Section II provides an overview
of inverter operation and the model-based FCSMPC frame-
work. Section III presents the MF-FCSMPC approach together
with the ARX model. Section IV details the DR-RLS method.
Section V reports the results and performance comparisons.
Finally, Section VI concludes the paper.

II. INVERTER SYSTEM MODEL AND MODEL-BASED
FCSMPC

The power circuit with RL load connection for a two-
level voltage source inverter (VSI) is shown in Fig. 1. Each
leg is composed of two complementary power switches to
generate a low-harmonic sinusoidal output. The space vector
representation of a voltage source inverter (VSI) comprises
eight possible switching states. By denoting the leg switching
functions as Sa for phase-a, Sb in phase-b, and Sc in phase-
c), the corresponding inverter leg voltages with respect to the
neutral node N can be expressed as:

VaN = SaVdc, VbN = SbVdc, VcN = ScVdc (1)
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Fig. 1: The proposed DR-RLS MF-FCSMPC algorithm struc-
ture.

In the model-based FCSMPC algorithm, a discretized plant
model is employed to predict the inverter output currents i(k+
1) corresponding to the eight possible switching states. Here,
we use the kth sample measured current i(k), state voltage
v(k), and plant parameter (R and L). In αβ frame, discretized
i(k + 1) prediction is calculated as:[

ipα(k + 1)
ipβ(k + 1)

]
=

(
1− RTs

L

)[
iα(k)
iβ(k)

]
+

Ts

L

[
vα(k)
vβ(k)

]
(2)

where ipα(k + 1) and ipβ(k + 1) refer to predicted current in
α and β axis, respectively. vα(k) and vβ(k) refer to αβ state
voltages. Here, iα(k) and iβ(k) refer to kth sample currents
in α and β axis, respectively. Ts refers to sampling time. For
controlling iα and iβ currents, the FCSMPC objective function
gi is formulated as:

gi =

∣∣∣∣i∗α(k+1)− ipα(k+1)

∣∣∣∣2 + ∣∣∣∣i∗β(k+1)− ipβ(k+1)

∣∣∣∣2 (3)

where i∗α(k + 1) and i∗β(k + 1) refer to reference currents at
the (k + 1)th sample instant.

III. THE PROPOSED ARX-BASED MF-FCSMPC
Fig. 1 shows the structure of the proposed DR-RLS MF-

FCSMPC algorithm. Instead of relying on plant parameters,
the proposed MF-FCSMPC algorithm uses adaptive online pa-
rameter identification for the plant’s equivalent ARX model. In
this framework, the DR-RLS algorithm continuously updates
the ARX filter coefficients online. Within the proposed Data
Reuse MF-FCSMPC scheme, DR-RLS enables model-free
prediction of the currents îpα(k + 1) and îpβ(k + 1), which
are subsequently incorporated into the objective function gi:

gi =
∣∣∣i∗α(k + 1)− îpα(k + 1)

∣∣∣2 + ∣∣∣i∗β(k + 1)− îpβ(k + 1)
∣∣∣2
(4)

The ARX filter serves as a generic plant model, with its
order selected to ensure adequate accuracy. A general form of
the input–output transfer function (TF) is given by:

îα(k) =
Bαα

(
z−1

)
Aα(z−1)

vα(k) +
Bαβ

(
z−1

)
Aα(z−1)

vβ(k)

îβ(k) =
Bβα

(
z−1

)
Aβ(z−1)

vα(k) +
Bββ

(
z−1

)
Aβ(z−1)

vβ(k)

(5)

where vα(k) and vβ(k) refer to state α − β output voltages
as inputs for the RL-load side. The ARX updating process
using eαβ(k) error between measured iαβ(k) and the ARX
estimated currents as:

eαβ(k) = iαβ(k)− φT
αβ(k)

ˆθαβ(k − 1) (6)

where φ is the ARX modeling vector of measured signals and
θ̂ is the ARX model coefficients vector. The estimated currents
are obtained as:

îα(k) = −aα1 iα(k − 1)− aαnA
iα(k − nA)

+ bαα1 vα(k − 1) + bααnB
vα(k − nB)

+ bαβ1 vβ(k − 1) + bαβnB
vβ(k − nB)

îβ(k) = −aβ1 iβ(k − 1)− aβnA
iβ(k − nA)

+ bβα1 vα(k − 1) + bβαnB
vα(k − nB)

+ bββ1 vβ(k − 1) + bββnB
vβ(k − nB)

(7)

IV. THE PROPOSED DR-RLS PARAMETER UPDATE

This paper proposes a DR-RLS algorithm based on the
traditional RLS algorithm as a model-free FCSMPC for a
three-phase inverter.

k(k) =
P(k − 1)ϕ(k)

λ+ ϕT (k)P(k − 1)ϕ(k)
(8)

where k(k) is the Kalman gain vector, P(k) is the inverse
of the autocorrelation matrix of the input signal, which can be
estimated with the following equation:

P(k) =

[
IL − k(k)ϕT

]
P(k − 1)

λ
(9)

where λ is a forgetting factor (0 < λ < 1) that regulates the
tracking capabilities of the algorithm, IL is an identity matrix
of size L, and the error signal is calculated by the following
expression:

e(k) = d(k)− θT (k − 1)ϕ(k) (10)

where θ(k) is the coefficient vector for the controller filter
of size ν, and ϕ(k) =

[
i(k − 1), . . . , i(k − nA), vα(k −

1), . . . , vα(k−nB), vβ(k−1), . . . , vβ(k−nB)
]

is the input
signal of the system. Then, the data-reuse method is applied
by repeatedly updating the RLS algorithm within the same
iteration, starting with θ0(k) = θ(k − 1).

Subsequently, equations (11) and (12) are calculated N
times. Increasing the parameter N enhances the tracking



performance, while still preserving acceptable steady-state
misalignment levels.

en(k) = d(k)− θTn−1(k)ϕ(k), for n = 1, 2, . . . , N (11)

θn(k) = θn−1(k) + k(k)en(k) (12)

Finally, the updated coefficient vector is carried forward to
initialize the next iteration, (k + 1). Therefore, θ(k) = θN .

Since P(k) and k(k) are in terms of ϕ(k), it is not necessary
to calculate their values every N iterations. Therefore, the
computation cost of the DR-RLS increases only (N − 1)L
multiplications and additions compared to the traditional RLS
algorithm. It should be noted that when N = 1, the algorithms
are equivalent.

V. RESULTS AND COMPARISONS

The performance of the proposed Data-Reuse MF-FCSMPC
method was validated through experiments conducted on
a setup consisting of an RT-Box 1 from Plexim and a
MicroLabBox-I from dSPACE. The electrical model for the
RT box 1 consists of a VSI and its three-phase RL-load. The
analysis encompasses nominal operating scenarios, robustness
under filter parameter uncertainties, dynamic load variations,
and harmonic performance. Each case study is designed to
elucidate the strengths and limitations of MF-FCSMPC when
subjected to realistic operating conditions.

Table I shows the chosen values for the initialization param-
eters of the proposed control strategy. The inverse autocorre-
lation matrix P(0) was set to enable rapid adaptation, while
ϕ(0) and k(k) ensured stable numerical behavior during the
first iterations. A forgetting factor of λ = 0.99997 and a data-
reuse parameter N = 4 were adopted to obtain a favorable
compromise between noise attenuation and tracking capability.

TABLE I: Initialization parameters for MF-FCSMPC with
ARX and DR-RLS algorithm.

Parameter Value

ARX model order nA 3
ARX model order nB 2
Forgetting factor 0.99997
Data-reuse parameter N 4
Inverse autocorrelation matrix 1000 ∗ IL
Kalman gain vector 0

In addition, Table II presents the initial coefficients of the
parameter vectors θα and θβ , which were initialized with small
nonzero values. These coefficients provide initial excitation to
the system and enable the DR-RLS algorithm to effectively
update the ARX model from the first sampling instants.

Here, we employ a hardware-in-the-loop (HIL) simulation
platform to assess the robustness of each control strategy
under parameter uncertainties. This platform introduces pa-
rameter mismatches every 0.6 seconds between the actual

TABLE II: Initial coefficients of θα and θβ .

Index θα θβ

1 0.9752 0.9753
2 5.981× 10−5 1.321× 10−5

3 −5.98× 10−7 −1.341× 10−7

4 0.0 0.0
5 0.002445 1.245× 10−10

6 2.454× 10−5 1.084× 10−11

system parameters. Specifically, the inductance varies from
its nominal value: it is reduced to 3 mH (approximately 30%
below the nominal value) and increased to 20mH. This enables
a systematic assessment across a wide range of mismatch
conditions. The classical FCSMPC and the proposed DR-RLS-
based MF-FCSMPC are tested simultaneously under identical
conditions and their responses are displayed together for direct
comparison.

Figure 2(a) shows the dynamic responses of the two con-
trollers and their phase current waveforms for inductance
values of 3, 7, 10, and 20 mH. The nominal inductance adopted
in the controller design is 10 mH, while the remaining values
correspond to parametric deviations introduced to demonstrate
the model-free capability of the proposed algorithm. The
DR-RLS-based MF-FCSMPC method consistently achieves
accurate reference tracking across all tested inductance con-
ditions. In contrast, the classical FCSMPC exhibits increas-
ing RMS error as parameter mismatch grows. Figure 2(b)
quantifies this behavior by reporting the percentage RMS
tracking error for each operating scenario. The results confirm
that the classical FCSMPC is highly sensitive to parameter
deviations, yielding approximately 0.15 % higher tracking
error degradation compared to the proposed data-reuse-based
MF-FCSMPC.

Finally, Fig. 2(c) summarizes the execution times of each
algorithm under the same mismatch conditions. The conven-
tional FCSMPC achieves the lowest computation time because
it relies solely on a fixed initial parameter set and does
not invoke any online adaptation mechanism. However, this
advantage comes at the cost of tracking accuracy, as evidenced
by its increasing RMS error. The proposed DR-RLS-based
MF-FCSMPC introduces only a marginal increase in com-
putational burden. Both control strategies exhibit an average
execution time of approximately 3.4µs, demonstrating that the
proposed method maintains real-time Model-free feasibility
against parameter variations.

Overall, the results validate that integrating the reuse al-
gorithm enhances the adaptability and reliability of DR-RLS-
based MF-FCSMPC by ensuring stable recursive parameter
updates and faster convergence of the internal model. These
features make the proposed approach highly suitable for ap-
plications requiring predictive control under uncertain, time-
varying, or poorly modeled conditions.
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Fig. 2: HIL results showing the impact of inductance variations on the current tracking accuracy, error, and execution time,
comparing FCSMPC and DR-RLS-based MF-FCSMPC strategies.

VI. CONCLUSIONS

This paper presents an improved model-free predictive
control strategy for three-phase voltage source inverters. This
strategy is based on the Data-Reuse RLS algorithm and an
ARX plant model. The results showed that the DR-RLS
methods achieved accurate current tracking under nominal
conditions, smoother current responses and lower RMS error.
These improvements result from the DR-RLS algorithm’s
ability to recursively update filter coefficients across multiple
data-reuse cycles. This effectively minimizes a weighted least-
squares cost function, resulting in faster convergence. Overall,
the results show that integrating the DR-RLS algorithm into
the MF-FCSMPC framework significantly improves adapt-
ability, robustness, and stability of parameter estimation. The
proposed method provides a reliable, computationally efficient
solution for predictive control applications operating under
uncertain, time-varying, or inadequately modeled conditions.
These characteristics make DR-RLS-based MF-FCSMPC a
promising option for future implementation in power elec-
tronic converters and grid-interactive systems.
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