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ABSTRACT This paper proposes a novel virtual system-based online tuning strategy for initial gains
of adaptive controllers applied to grid-tied converters with LCL filters. The method relies on the
implementation of a robust model reference adaptive control (RMRAC) law combined with a full adaptive
super-twisting sliding mode action and a disturbance rejection mechanism. To auto-tune the related adaptive
gains, a virtual system is excited by a frequency-rich reference signal, ensuring persistent excitation
of the regressor and fast convergence of the adaptive gains before the inverter is connected to the
physical grid. Once convergence is achieved, the tuned controller is seamlessly transferred to the real
plant, where the reference is provided by a grid synchronization unit based on a Kalman filter phase-
locked loop. Experimental results demonstrate smooth synchronization, bounded control signals, reduced
transient responses, and improved robustness against parametric uncertainties, load disturbances, and grid
harmonics, while maintaining acceptable current THD levels. Beyond this case study, the proposed auto-
tuning approach can be extended to other RMRAC-based adaptive control schemes, as long as the plant
can be properly modeled and simulated, enabling initial gain adjustment without empirical tuning or offline
optimization.

KEYWORDS online tuning, virtual system, sliding mode control, super-twisting, voltage source inverters,
grid-tied converters.

I. INTRODUCTION
In recent times, there has been an undergoing effort in the
sense of replacing traditional fossil fuel and non-renewable
energy sources with renewable alternatives, such as solar and
wind power [1]. These power generation plants are present
at different scales, from individual residential properties to
large power plants. Along with that, comes the need to
connect the system to the grid, which may raise some
concerns about the coupling.

Renewable sources usually provide a continuous-voltage
supply or require rectification due to variations in frequency.
Thus, grid-tied systems need a setup that guarantees fre-
quency and phase matching whilst avoiding harmonic current
distortions. Standards such as IEC 61727 and IEEE 1547
stipulate limits on the total harmonic distortion (THD) rate
in grid-injected currents. In order to achieve a reduction in
THD, a great variety of filters are used, including L, LCL,
LLCL, LCL-LC, among others. In spite of that, the most
commonly employed filters are L and LCL. The first one is
the simplest option, even though the associated cost is high,
and its size considerably rises in greater power systems [2],
being the most used topology [3]. In contrast, LCL filters
present a better response in relation to the THD and have

a lower cost, weight, and size, which makes them a more
suitable option [4].

Concerning the harmonic peak attenuation, this can be
accomplished by inserting a resistive element into the circuit,
either in a passive (physically) or active (virtually) configu-
ration. The passive form commonly comprises the insertion
of a resistor in series with the capacitor of the LCL filter,
which reduces efficiency and performance [5], due to the
dissipation of energy in the form of heat. However, the active
form does not comprise a physical component. Rather, a
virtual resistance [6], [7] is emulated via a control system, by
closing the loop with regard to the currents and line voltages
measured at the point of common coupling (PCC).

Nevertheless, emulating a virtual resistance may consid-
erably increase the control complexity and a further set of
sensors might be necessary. In this sense, controllers without
component emulation have been proposed, such as the clas-
sical proportional-integral (PI) controller [8], proportional-
resonant (PR) controller [9], [10], or even PR-based back-
stepping controller [11]. However, grid-tied systems may
often suffer from parameter variation or uncertainties, which
could take control out of the operational range for which they
were designed for or even lead to instability. Thus, advanced
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strategies are proposed to deal with system variations. In
[12], the authors compare partial and total state-feedback
controllers projected to handle uncertainties. In this study, the
gains were tuned offline, using a particle swarm algorithm.
As a result, the total state-feedback version has superior
performance with regard to the partial one, which had limited
robustness, responding satisfactorily only to a narrow range
of uncertainties.

In this context, control techniques able to perform online
gains adjustments notably contribute to ensuring convergence
under parametric deviation. In [13], the authors presented
an adaptive PI controller based on robust model refer-
ence adaptive control (RMRAC) without a reference model,
considering unmodeled dynamics. The results demonstrated
robustness with regard to the uncertainties. In [14], a sliding
mode-based model reference adaptive control (MRAC-SM)
with reduced order model reference was introduced, resulting
in reduced computational burden when compared to the
full-order model reference version. However, sliding mode-
based controllers insert chattering into the system. In this
study, it was solved by using a sigmoid function with the
sliding mode control action. Similarly, in [15], an RMRAC-
based super-twisting sliding mode (RMRAC-STSM) was
developed to mitigate this issue, where the first-order sliding
mode control action was replaced by a second-order version.
In contrast, our controller, which was previously introduced
in [16], no longer required the design of the constants
k1 and k2, as their functionality is now provided by the
adaptive gains, differentiating significantly from the previous
controller presented in [15].

The aforementioned adaptive controllers require appro-
priate initial parameter tuning to ensure satisfactory perfor-
mance. However, empirical tuning is often not intuitive, de-
manding considerable effort from the designer and frequently
resulting in suboptimal responses, particularly during tran-
sient operation. To address these limitations, optimization-
based methods have been explored in the literature, aiming
to refine the initial tuning of adaptive gains, and thereby
improve both the transient and overall system performance.
In this context, some works have employed offline opti-
mization techniques such as genetic algorithms (GA) [17]
and particle swarm optimization (PSO) [18]. While these
approaches can lead to improved results, they also require the
implementation of the optimization procedure and multiple
iterative runs until a satisfactory solution is achieved, which
increases computational effort and design time. The main
contribution of this work eliminates the need for offline
empirical or optimization tuning by introducing a virtual
system that enables instantaneous online tuning through per-
sistently exciting inputs. This approach improves controller
performance by excluding the empirical design as well as the
seeking for alternative offline optimization, which is often a
barrier to the use of advanced adaptive controllers in grid-
tied power systems.

II. GRID-TIED CON converter with LCL an filter
This section provides a description of the plant and transfer
function modeling. The system considered in this work con-
sists of a continuous-voltage source provided by a renewable
source (i.e., solar, wind power, etc.), a voltage-source inverter
(VSI), and an LCL filter connected to a three-phase grid.
Figure 1.a) illustrates the system scheme, where rc and Lc

are the converter-side impedance, rg1 and Lg1 are the grid-
side impedance, and C is the capacitive part of the filter.
Also, rg2 and Lg2 are the unknown grid impedance, which
is in series with a sinusoidal source Vd, which emulates the
grid voltage. In addition, ia, ib, and ic represent the phase
currents, while Vab and Vbc represent the line voltages in
the PCC, which are used to close the loop. Moreover, the
VSI switches are controlled using space vector modulation
(SVM), and the connection of the VSI to the grid is made
via a PCC, where the measurements are done. Furthermore,
the grid-synchronization is performed using a Kalman filter-
based phase-locked loop (KF-PLL) strategy.

For the purpose of controlling the injected currents on
the grid and modeling the LCL filter, the representation
of the system in abc coordinates is transformed into αβ0
coordinates, through the Clarke transformation [19]. In this
sense, since the grid is considered equilibrated, the 0 axis is
negligible, and it can be represented by two identical single-
phase circuits in α and β coordinates [20]. The circuits are
shown in Fig. 1.b), where rg = rg1+rg2 and Lg = Lg1+Lg2

represent the total grid impedance. Thus, the Kirchhoff’s
laws are applied to the circuit for extracting a transfer
function G(s) that relates the control action synthesized by
the SVM, u, and the injected grid currents ig, which is given
by

G(s) =
ig(s)

u(s)
=

b0
a0s3 + a1s2 + a2s+ a3

. (1)

where a0 = LgLcC, a1 = (rgLc+rcLg)C, a2 = Lc+Lg+
rgrcC, a3 = rg + rc, and b0 = 1.

Similarly, the transfer function relating the grid distur-
bance vd to the injected grid current ig is given by

Gvd(s) =
ig(s)

vd(s)
=

c0s
2 + c1s+ c2

a0s3 + a1s2 + a2s+ a3
, (2)

where c0 = −1/LC, c1 = −rc/LgLc and c2 = −1/LgLcC.

III. ADAPTIVE CURRENT CONTROLLER
This control structure is based on RMRAC philosophy with
a full adaptive super twisting sliding mode action, which was
initially introduced in [16]. Therefore, considering a discrete-
time linear time-invariant plant G(z), defined as

G(z) = G0(z) [1 + µ∆m(z)] + µ∆a(z), (3)

where ∆m(z) and ∆a(z) represent the multiplicative and
additive unmodeled dynamics, respectively, and µ the weight
of each term, being defined as the same without generality
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FIGURE 1. a) Grid-tied three-phase VSI with an LCL filter. b) Equivalent single-phase decoupled models.

loss. The nominal part of the plant, G0(z), is given by

G0(z) = kp
Z0(z)

R0(z)
, where kp is the plant gain, Z0(z) is a

monic polynomial of order m, and R0(z) is a monic polyno-
mial of order n, with n > m. Accordingly, the system output
can be alternatively expressed as y = G0(z)u+µη, where η
denotes the unmodeled dynamic. Thus, the disturbance term
µη(k) is assumed to be upper bounded by a majorant signal
described as

|η(k)|
m(k)

≤ N0 + g(k), (4)

where,

m(k + 1) = δ0m(k) + δ1 (1 + |u(k)|+ |y(k)|) , (5)

with m(0) ≥ δ1
1− δ0

, being δ0 and δ1 designed as positive

constants such that δ0 < 1 (see [21]). Moreover, N0 is a finite
positive constant, and g(k) is a term in geometric decay. The
reference model, Wm(z), is given by

Wm(z) =
ym(z)

r(z)
= km

1

Rm(z)
, km > 0, (6)

where Rm(z) is a monic polynomial, of order n−m, with
roots within the unit radius circle, and km is a constant with
the same sign as kp. The reference model output is ym =
Wm(z)r, being r a limited reference signal. The stability
assumptions associated with the aforementioned systems are
thoroughly described in [21].

The control action is extracted from [16], and is given by
θT (k)ω(k) + r(k) = 0, where θ and ω are the gains vector
and an auxiliary vector containing the dynamics of interest,
respectively. These vectors are θT = [θ1, θ2, θ3, θ4, θs, θc]
and ωT = [u(k), y(k), v1(k), v2(k), Vs(k), Vc(k)], where
v1(k) =

√
|e1(k)|sgm(e1(k)) and v2(k) = v2(k − 1) +

sgm(e1(k − 1)) are the nonlinear and integral components

of the super-twisting term, and sgm(e1(k)) =
e1(k)

|e1(k)|+ δf
is a sigmoid-based error-dependent switching function while
Vs(k) and Vc(k) are phase and quadrature of the exogenous
disturbance. These components are described as Vs(k) =
Assin(ωdskTs+ϕs) and Vc(k) = Accos(ωdckTs+ϕc) where
A, ωd, and ϕ represent the amplitude, frequency, and phase
of the components Vs(k) and Vc(k), respectively. Expanding
this operation, it follows:

θ1(k)u(k) + θ2(k)y(k) + θ3(k)v1(k) + θ4(k)v2(k)+

θ5(k)Vs(k) + θ6(k)Vc(k) + r(k) = 0.
(7)

Therefore,

u(k) = ur(k) + uf (k) + ud(k) =
−θ2(k)y(k)− r(k)

θ1(k)
+

−θ3(k)v1(k)− θ4(k)v2(k)

θ1(k)
+

−θs(k)Vs(k)− θc(k)Vc(k)

θ1(k)
,

(8)

where ur, uf , and ud represent the control action com-
ponents relative to RMRAC, FASTSM, and disturbance
rejection, respectively.

A gradient algorithm is used to adjust the gains online,

θ(k + 1) = (I − σΓTs)θ(k)− Tsκ
Γζ(k)ϵ1(k)

m̄2(k)
, (9)

where Ts is the sampling period, Γ = γI is a symmetric
positive-definite matrix with γ > 0, and κ > 0 is a scalar,
used to make the convergence faster. The augmented error
is

ϵ1 = e1 + θT ζ −Wm(θTω) (10)

where the tracking error is e1 = y − ym and

ζ = WmIω (11)
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FIGURE 2. Block diagram of the proposed online tuning strategy for adaptive controller based on a virtual model of the plant embedded in the DSP.

is a regressor vector. Additionally, a majorant signal m̄2 is
used to ensure boundedness of the closed-loop signals,

m̄2(k) = m2(k) + ζT (k)ζ(k), (12)

and the σ-modification [21] is also implemented.
Figure 3 shows the block diagram of the implemented

current controller.

FIGURE 3. Block diagram of adaptive current controller.

IV. VIRTUAL SYSTEM-BASED CONTROLLER TUNING
In adaptive control, the choice of initial adaptive gains is
commonly a challenge for controller designers due to the
inherent relation with initial transient behavior. Additionally,
the effectiveness of initial parameter tuning, which has a
direct impact on the overall performance in the presence
of unmodeled dynamics (µ ̸= 0), strongly depends on
the excitation properties of the reference signals used to
stimulate the adaptive mechanism.

Figure 2 illustrates the block diagram of the proposed
virtual system-based online tuning strategy to simultaneously
address the aforementioned challenges. The approach relies

on three virtual switching mechanisms that operate on the
reference signal r(k), the control action u(k), and the plant
output y, which closes the adaptive control loop. Addition-
ally, the control law can only switch to the physical plant
if the internal variable ’inib’, associated with the KF-PLL,
returns a positive value, allowing safe transition from the
virtual environment to the physical system. Also, in this
configuration, the reference r(k) can be flexibly selected,
either as a persistently rich excitation signal or directly from
the KF-PLL for grid-synchronized operation. Furthermore,
the system can be operated in two distinct modes: a virtual
plant model, used for parameter adaptation, and the physical
plant itself, used for real-time control.

The virtual model is implemented by considering both
the full-plant model described in (1) and the disturbance
contribution given in (2). In the discrete-time domain, the
output of the virtual system can therefore be expressed as

y(k) = ig1(k) + ig2(k), (13)

where ig1(k) = G(z)u(k) represents the plant response to
the control action, and ig2(k) = Gvd(z)vd(k) corresponds
to the disturbance-induced component.

The choice of some strategies and implementation in this
work yields first a clarification and correct conceptualization
before detailing the proposed procedure. The theoretical
foundations of persistency of excitation, sufficient richness,
and their impact on the convergence properties of adaptive
parameters are essential. These concepts provide the ratio-
nale behind the choice of excitation signals and explain the
expected convergence behavior of the adaptive law.

4 Eletrônica de Potência, Rio de Janeiro, v. 30, e202556, 2025.

https://creativecommons.org/licenses/by/4.0/


Eletrônica de PotênciaOriginal Paper
Open Journal of Power Electronics

A. Persistency of excitation and sufficient richness
Consider the adaptive law in (9). The convergence of the
parameter estimates depends critically on the excitation prop-
erties of the vector ω(k) from the regressor vector defined
in (11), as established in [22].

Definition I (persistency of excitation).
A signal ω(k) ∈ Rm is persistently exciting (PE) of order

m if there exist constants α > 0 and an integer N > 0 such
that, for all k,

k+N∑
i=k

ω(i)ωT (i) ≥ αIm, (14)

where Im denotes the m×m identity matrix. This condition
guarantees that, within every time window of length N , the
regressor explores all parameter directions, resulting in a
full-rank correlation matrix and enabling complete parameter
identifiability [22].

Definition II (sufficient richness).
An input signal r(k) is sufficiently rich of order n if it

contains at least n/2 distinct frequencies [22]. For instance,

r(k) =

m∑
i=1

Ai sin(ωikTs), m ≥ n

2
, ωi ̸= ωj , (15)

is sufficiently rich to identify n parameters, since each
sinusoid introduces two independent conditions (sine and
cosine components).

To clarify, Definition II can be explored such that:

1 A step input excites only the zero frequency and allows
the identification of at most one parameter;

2 A single sinusoid excites two independent directions
(sine and cosine), enabling identification of up to two
parameters;

3 Two distinct sinusoids provide four independent condi-
tions, thus sufficient for four parameters;

n In general, n/2 distinct sinusoids are required to iden-
tify n parameters.

B. Fast and slow convergence
The excitation properties described above directly determine
the convergence behavior of adaptive systems. In particular,
the rate and accuracy of parameter convergence depend on
whether ω(k) from the regressor vector ζ(k) satisfies the PE
condition [22].

Fast convergence: If ω(k) is PE of order n (matching
the number of unknown parameters), the correlation matrix
(14) is full rank. Consequently, a unique solution θ∗ exists,
and:

• θ(k) → θ∗ asymptotically,
• the tracking error satisfies e1(k) → 0 for arbitrary

reference trajectories.

This regime is referred to as fast convergence, since the
adaptation law has access to all independent directions
needed to reconstruct the true parameter vector.

Slow convergence: If ω(k) is not PE, the correlation
matrix is rank-deficient, and multiple parameter vectors are
consistent with the observed input–output data. In this case:

• θ(k) → θ̄, where θ̄ is an equivalent parameter vector
in the identifiable subspace,

• e1(k) → 0 only for the specific reference trajectory
applied (e.g., a step or single sinusoid).

This is the slow convergence regime: parameters converge
only partially, and good tracking is limited to the reference
that excites the system.

Remark. In the presence of unmodeled dynamics or
transport delays, even under PE conditions, the error e1(k)
may not converge exactly to zero, but only to a residual set
(e1(k) → Er). In such scenarios, the parameters converge to
θ̄, an equivalent solution that minimizes the tracking error
in sense rather than recovering the true plant parameters.

C. Impact of µ on RMRAC tracking capabilities
The distinction between PE and non-PE inputs also defines
which classes of reference trajectories can be tracked with
µ = 0 and µ ̸= 0 considering the same set of tuning gains
according to RMRAC theory [22]. This explains the practical
differences in performance between controllers relying solely
on RMRAC and those augmented with robust compensation
mechanisms such as super twisting sliding mode action.

Case 1: With PE. When ω(k) is sufficiently rich:

a) RMRAC (µ = 0): The parameters converges to θ∗, and
the output tracks arbitrary references with e1(k) → 0.

b) RMRAC (µ ̸= 0): The parameters converge to an
equivalent vector θ̄ that minimizes the error. In this
case, the output does not track arbitrary reference
trajectories, but only the specific excitation signal, with
e1(k) → E∗

r due to the model mismatch, where E∗
r is a

residual set under a PE signal.
c) RMRAC–FASTSM (µ ̸= 0): The parameters still con-

verge to an θ̄, but the robust super twisting sliding
mode action further compensates unmodeled dynamics,
still not able to track arbitrary references due to the
mismatch but with e1(k) → 0 under restrict conditions,
or in general cases, reducing the residual tracking error
(e1(k) → E∗−

r ) with E∗−
r being a smaller residual set

under a PE signal.

Case 2: Without PE. When ω(k) is not persistently
exciting:

a) RMRAC (µ = 0): The parameters converge to an
equivalent vector θ̄ that minimizes the error. In this
case, the output does not track arbitrary reference
signals, but only the specific excitation reference, with
e1(k) → 0.

b) RMRAC (µ ̸= 0): The same limitation applies, but
residual error remains due to unmodeled dynamics,
even if the input is simple with e1(k) → E•

r due to
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TABLE 1. Summary of convergence properties under PE and non-PE conditions.

Controller With PE Without PE

Convergence type Tracking error (e1) Gains (θ) Convergence type Tracking error (e1) Gains (θ)
RMRAC (µ = 0) fast e1→0 θ→θ∗ slow e1→0 θ→ θ̄

RMRAC (µ ̸= 0) fast e1(k) → E∗
r θ→ θ̄ slow e1(k) → E•

r θ→ θ̄

RMRAC–STSM (µ ̸= 0) fast e1→0 or e1(k) → E∗−
r θ→ θ̄ slow e1(k) → E•−

r θ→ θ̄

the model mismatch, where E•
r is a residual set under

a non-PE signal.
c) RMRAC–FASTSM (µ ̸= 0): Tracking is also restricted

to the applied reference. However, the STSM compo-
nent improves robustness by compensating part of the
unmodeled dynamics, leading to reducing residual error
(e1(k) → E•−

r ) with E•−
r being a smaller residual set

under a non-PE signal.

Table 1 summarizes the theory presented above, highlight-
ing the key convergence behaviors, tracking capabilities, and
residual sets under both PE and non-PE conditions.

D. Auto-tuning procedure
Based on the above theoretical considerations, the proposed
tuning procedure employs a virtual plant model executed
in parallel within the DSP as illustrate in Figure 2. The
sequence implementation is given as follows.

1 First, a initial trivial offline values of the adaptive gain
vector is selected, such as θ = [ −1 0 0 0 0 0 ]. The
adaptation hyperparameters κ and Γ can be deliberately
increased to enhance the sensitivity of the parameter
estimator, thereby accelerating the convergence rate;

2 Next, a finite time interval need to be allocated to ensure
proper convergence of the adaptive gains toward steady
state before switching;

3 The experiment then starts with the virtual model
excited by a PE signal such as a square-wave reference.
This excitation is intentionally chosen due to its rich
harmonic content, which guarantees PE condition for
regressor vector, thereby promoting faster and more
reliable convergence of the adaptive gains;

4 Once parameter convergence is achieved in the vir-
tual environment, and before switching to the physical
model, it is necessary to reset all closed-loop internal
states and signals. This step prevents any trends accu-
mulated under the persistently exciting (PE) input in
the virtual system from propagating into the physical
plant, which could otherwise degrade synchronization
performance.

5 Finally, the virtual switching mechanism, represented
in Fig. 2 by the three yellow switches (S1, S2, and
S3)—disconnects the controller from the virtual model
and seamlessly connects it to the physical grid-tied
converter, enabling real-time operation with the tuned
parameters.

V. CONTROLLER DESIGN AND EXPERIMENTAL SETUP
The configuration of the control loop comprises an inherent
one-sample time delay in the implementation of the control
action. Since for model reference-based controllers, the
complexity and the processing requirements are increased
in regard to the relative degree of the plant, reducing the
order of the system may considerably simplify the project.
The methodology for this process is presented in [23], which
involves the following separation of the system G(s) =
G0(s) + µ∆a(s), where G0(s) is the known part of the
system and µ∆a represents an additive unmodeled dynamics.
Hence, in order to define G0 as a first-order transfer function,
the capacitor dynamics are neglected (C = 0), resulting in

G0(s) =
1

(Lc + Lg)s+Rc +Rg
. (16)

This approach is considered only for controller design,
which imposes a challenge such that the neglected dynamics
in practice force the control to be robust enough to deal
with it. Therefore, the developed adaptive controller is im-
plemented for three-phase current regulation of a 5.2 kW
DC-AC grid-tied converter with LCL filter. The real plant
described as G(z) is measured without any simplification.
Figure 4 shows the laboratory setup.

FIGURE 4. Laboratory prototype: a) DSP TMS320F8335, b) Current
Probes, c) LCL filter and d) Full-bridge inverter.

Table 2 presents the design setup.
With regard to the aforementioned setup, considering the

sample time Ts = 1/5000 s, the modeling part of the plant

yields G0(z) =
0.1527

z − 0.9847
, and so that, the model reference

is chosen to ensure unit gain in steady state and to accelerate

reference tracking, being selected as Wm(z) =
0.3

z − 0.7
.

The controller design parameters are defined as σ0 = 0.1,
M0 = 15 m̄2 = 20, δ0 = 0.7, δ1 = 1, and δf = 0.5. Thus,
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TABLE 2. System parameters.

Symbol Parameters Value
Vcc DC link 500 V
vd Grid voltage (line-to-line) 380VRMS

f Switching frequency 5.04 kHz
Lc Inverter-side inductance 1 mH
rc Inverter-side resistance 50 mΩ

C Capacitance of LCL filter 62 µF
Lg1 Grid-side inductance 0.3 mH
rg1 Grid-side resistance 50 mΩ

for hyperparemeters relative to adaptive law, the design is
presented in Table 3.

TABLE 3. Hyperparameters values.

Parameter Empirical tuning Auto-tuning

Physical model Virtual model Physical model
κ 250 2400 250

γ 10 1 10

Moreover, the initial auto-tuning gains are the same as
presented in the auto-tuning procedure section. For the
empirical approach, first a previous experiment to improve
initial transient performance was performed. Then, the final
gains of the first simulation were used as the initial gains
of the experimental test, whose results are presented in
the next section. The gains are θα(0) = [−0.5377 −
0.1925 − 0.3115 − 0.00027 0.0526 0.4105] and θβ(0) =
[−0.8236 − 0.4920 − 0.1335 − 0.0125 0.0622 0.7465]

VI. EXPERIMENTAL RESULTS
The experimental results were conducted by comparing
the performance of the RMRAC–FASTSM controller under
auto-tuning and empirical tuning approach.

A. Steps to implement the RMRAC-FASTSM algorithm
The implementation steps are outlined as follows:

Algorithm 1: Controller Implementation Steps

Update reference signal r(k);
Update reference model ym(k);
Update output y(k);
Update regressor vector ζ(k);
Update norm of θ(k);
Update σ-modification;
Update tracking error e1(k);
Update switching function;
Update STSM nonlinear term v1(k);
Update STSM integral term v2(k);
Update majorant signal m̄2(k);
Update gains vector θ(k + 1);
Update control action u(k);

B. Steps of the experiments
The total experiment duration was determined according
to the DSP memory limitations. To ensure that the entire
experiment could be stored in the internal buffer, the data
acquisition rate was set to 1 every 4 sample (1260 Hz),
given the 5040 Hz switching and sampling frequency. With
this configuration, the buffer capacity of 2000 samples corre-
sponds to a total experiment time of 1.5873 s (approximately
1.6 s). It should be noted that, if all samples had been
stored (acquisition at 5040 Hz), the maximum recordable
time would have been significantly shorter.

Additionally, as previously described in the auto-tuning
procedure section, it is necessary to allocate sufficient time
to properly tune the gains in the automatic approach. For
this purpose, 250 buffer samples were reserved for the auto-
tuning stage. During this interval, the acquisition rate was
reduced to 1 every 60 samples, so that the 250 buffer points
covered a longer duration. This configuration resulted in a
total auto-tuning stage time of 2.97619 s, sufficient to ensure
convergence in the virtual model.

After the auto-tuning stage, the controller was synchro-
nized with the physical converter, and the acquisition rate
was set back to 1 every 4 samples (1260 Hz). Consequently,
there exists a time discrepancy between the automatic and
empirical tuning approaches in steady-state behavior after
synchronization, since the empirical tuning counts with
an additional 0.1984 s in the synchronization steady-state.
Furthermore, considering the extended auto-tuning interval,
the total experiment duration with automatic tuning was
approximately 4.365 s, being 1.389 s the total time after
synchronization, whereas the overall empirical tuning exper-
iment lasted approximately 1.587 s.

The following step-by-step sequence summarizes the ex-
perimental procedure carried out for both the auto-tuning and
the empirical tuning approaches.

• Auto-tuning: At t = 0 s, the controller operates in
the virtual environment for gain adjustment using the
proposed auto-tuning procedure. The hyperparameters
κ and γ are set to 2400 and 1, respectively. At t = 2.976
s, the hyperparameters κ and γ is reset to 250 and 10,
respectively, also, the internal states and signals (u(k−
1), r(k− 1), y(k− 1), v1(k− 1), v2(k− 1), ζ(k− 1),
m2(k − 1)) is all set to zero, so the virtual switching
mechanism connects the controller to the physical plant
and the inverter initiates the synchronization injecting
current based on a sinusoidal reference of 20A at 60Hz
with an initial phase of 0◦, with the electrical grid. At
t = 3.44 s, a parametric variation is applied on the
grid side, increasing rg2 from 50 mΩ to 100 mΩ and
Lg2 from 0.3 mH to 1.3 mH. At t = 3.73 s, the current
reference amplitude is increased from 20A to 25A. The
experiment concludes at t = 4.365 s, corresponding to
the full buffer capacity of 2000 samples.

• Empirical tuning: At t = 0 s, the controller starts
directly on the physical inverter using empirically de-
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fined gains and immediately begins current injection
based on a sinusoidal reference of 20 A at 60 Hz with
an initial phase of 0◦. At t = 0.6626 s, the parametric
variation is applied on the grid side, increasing rg2 from
50 mΩ to 100 mΩ and Lg2 from 0.3 mH to 1.3 mH.
At t = 0.9526 s, the reference current amplitude is
increased from 20 A to 25 A. The experiment concludes
at t = 1.58730 s, corresponding to the full buffer
capacity of 2000 samples.

C. Experimental results: Injected currents (α/β)
Figures 5 and 6 present the experimental results of the
model-reference currents and the output system currents
in the αβ coordinates, for the cases of auto-tuning and
empirical tuning, respectively.

FIGURE 5. Auto-tuning: a) Virtual and physical overview. b) Overall
physical performance, c) Parametric variation, and d) Load step.

As can be seen in Figure 5-a, related to auto-tuning
current control, a square-wave reference was applied to the
virtual plant in the first stage, while the real grid disturbance
measured by the KF-PLL was injected into the virtual
model. The hyperparameters κ and Γ are over dimensioned.

Although higher values induce more oscillatory transients,
such effects remain confined to the virtual environment.

FIGURE 6. Empirical tuning: a) Overall physical performance, b)
Parametric variation, and c) Load step.

After synchronization, the overall experimental results for
both the auto-tuning and empirical tuning approaches are
presented in Figure 5-b and Figure 6-a, respectively. It can
be observed that the auto-tuning strategy exhibits smoother
transients and demonstrates greater robustness against distur-
bances, including synchronization, parametric variations, and
load steps. This behavior is further highlighted in the zoomed
views: Figures 5-c and 5-d show the transient performance of
the auto-tuning method, while Figures 6-b and 6-c illustrate
the less consistent behavior obtained with empirical tuning.

D. Experimental results: tracking errors (e1)
Figures 7 and 8 present the tracking error for the cases of
auto-tuning and empirical tuning, respectively.

During the virtual tuning stage, as shown in Fig. 7-
a, the tracking error remained relatively high because the
virtual plant is represented by a reduced-order model, the
hyperparameters κ and Γ are excessively large, and the
system is further affected by the harmonic content of the
square-wave input, which excites the LCL filter resonance
and amplifies specific frequency components. As a result,
the adaptive gains converge not to the true parameter vector
θ∗ but to an equivalent solution θ̄, leading the tracking error
to settle in a residual set rather than vanish completely.

Furthermore, as summarized in Fig. 7 and Fig. 8, together
with the numerical results considering Total RMS and Partial
(RMS∗) in Table 4, being Sync., L.S., and P.V. refer to syn-
chronism, load step, and parametric variation, respectively,
the proposed auto-tuning approach clearly outperforms the
empirical tuning baseline.

In the second stage, after switching to the physical plant
and replacing the square-wave excitation with the normalized
sinusoidal reference generated by the KF-PLL, the auto-
tuning case (Fig. 7-b) exhibits a significantly smaller initial
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FIGURE 7. Auto-tuning: a) Virtual and physical tracking error overview, b)
Overall tracking error physical performance, c) Parametric variation, and
d) Load step.

TABLE 4. RMS values for empirical and auto-tuning approach.

Approach SS Sync. P.V. L.S.

RMS(A) RMS∗(A) RMS∗(A) RMS(A)
(α) e1 e1 e1 e1

Auto-tuning 1.21 0.494 0.30 0.41

Empirical tuning 1.71 0.82 0.39 0.48

(β) e1 e1 e1 e1

Auto-tuning 1.60 0.84 0.37 0.39

Empirical tuning 1.87 1.12 0.33 0.42

transient compared to the empirical case (Fig. 8-b). Quan-
titatively, the steady-state tracking error was reduced from
1.71 A to 1.21 A and from 1.87 A to 1.60 A in α and
β coordinate, respectively, evidencing superior steady-state
accuracy. Similarly, considering the transient behavior, in the
synchronization stage, the RMS error dropped from 0.82
A (empirical) to 0.494 A (auto-tuning) and from 1.12 A
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FIGURE 8. Empirical Tuning: a) Overall tracking error, b) Parametric
variation, and c) Load step.

to 0.84 A in α and β coordinate, respectively, confirming
the smoother transient behavior. Under parametric variations
(Figs. 7-c and 8-c), the proposed strategy achieved a reduc-
tion from 0.39 A to 0.30 A in scenario α, while maintaining
competitive performance in scenario β. Finally, during load
steps (Figs. 7-d and 8-d), the RMS tracking error decreased
from 0.48 A to 0.41 A in scenario α, and from 0.42 A to
0.39 A in scenario β, showing better adaptability to abrupt
changes. These results confirm that the robustness of the
hybrid RMRAC–FASTSM, combined with the persistency
of excitation in the virtual tuning stage, enables smoother
transition, reduced transient mismatches, and consistently
smaller residual track errors compared to empirical tuning.

E. Experimental results: adaptive gains (θ)
Figure 9 shows the auto-tuning adaptive gains. An additional
benefit observed with the virtual plant-based tuning proce-
dure is its improved performance under parametric variations
and load changes, even though the steady-state reference
signal in both approaches originates from the KF-PLL.
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FIGURE 9. Auto-tuning: adaptive Gains in, a) α, and b) β.

This can be explained by the fact that, during the virtual
tuning stage, the adaptive law is exposed to a PE input signal,
which enforces a richer excitation of the regressor vector
than the sinusoidal KF-PLL reference alone. As a result,
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the parameters converge more consistently to an equivalent
solution θ̄, which is more robust across different operating
conditions. When the controller is later connected to the
physical plant, the adaptive gains are already tuned within
a region that minimizes the error with e1(k) → E∗−

r . The
contrast can be seen in Figure 10.
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FIGURE 10. Empirical tuning: adaptive gains in, a) α and, b) β.

The empirical initialization followed by adaptation under
a non-PE signal (pure sinusoidal reference) cannot guarantee
robustness. In this case, the adaptive gains appear “sluggish”,
remaining confined to a narrow region and exhibiting only
small variations in overall response. Furthermore, when
comparing the convergence regions, it can be observed that
the auto-tuning approach drives the adaptive gains toward
distinctly different regions compared to empirical tuning.

F. Experimental results: control actions (u) and V CC

Figure 11 shows the control actions in the α and β coordi-
nates.
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FIGURE 11. Control action u and V CC bus, a) Auto-tuning (αβ), and b)
Empirical Tuning (αβ).

As observed, both control signals - automatic tuning case
(Figure 11-a) and in the empirical tuning case (Figure 11-
b) - remain stable, bounded, and free from saturation. The
DC-link voltage exhibits a slight dip during synchronization.
However, both the DC-link voltage and the control actions
remain stable in the other disturbances. It is important to
emphasize that even during the automatic tuning stage, the

control action remained stable without exhibiting excessive
or undesirable values.

G. Grid-injected currents (igA,igB , igC )
Figures 13 and 14 show the waveforms in the abc coordi-
nates. As observed in Figures 13-a and 14-a, the automatic
tuning strategy provides a visibly smoother grid connection,
ensuring softer synchronization with a clear reduction of
transient effects. The overall behavior further confirms this
result, as shown in Figures 13-b and 14-b for the automatic
and empirical tuning cases, respectively. Additionally, both
figures illustrate the system response under parametric vari-
ation and steady-state conditions, highlighting satisfactory
performance in both approaches.

Regarding the harmonic content of the injected cur-
rents, the total harmonic distortion (THD) was implemented
through a cycle-by-cycle FFT-based algorithm, where each
cycle is processed individually to remove DC components,
compute the fundamental magnitude, and determine har-
monic amplitudes up to the 50th order. The THD for each
cycle is then calculated and averaged across all cycles and
phases. Also, the measurement window is shown in Figure
13-b. The results indicate similar values for both strategies.
For the automatic tuning case, the THD values were 3.36%,
3.73%, and 3.32% for igA, igB , and igC , respectively. For
the empirical tuning case, the values were 3.09%, 3.76%,
and 3.51%, respectively. The average THD was 3.47% for
the automatic tuning and 3.45% for the empirical tuning.
A direct THD harmonic content comparison is presented in
Figure 12.

Although the THD values are very similar, it can be
observed that the automatic tuning produced lower tracking
errors throughout each transient and in the overall response.
Moreover, considering the primary objective, it is not nec-
essary to carefully select initial gain values, as the proposed
method is capable of generating an appropriate set of gains
automatically.
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FIGURE 12. The 50th first harmonic contents of steady state grid-injected
currents using RMRAC-FASTSM with automatic and empirical tuning
approaches.

VII. CONCLUSION
This work proposed a virtual system-based procedure for the
automatic online tuning of an RMRAC–FASTSM controller
applied to grid-tied converters with LCL filters. By exploit-
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ing a reduced-order virtual model and persistently exciting
inputs during the adaptation stage, the method enables the
controller to converge to equivalent parameter values that
minimize the tracking error before connection to the physical
plant.
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FIGURE 13. Auto-tuning: grid-injected currents in a) Initial transient
behavior, b) Overall performance, c) Load step and d) Steady-state.

Experimental results demonstrated that the proposed pro-
cedure provides smoother synchronization with the grid,
smaller transient deviations, and reduced residual errors
compared to conventional empirical tuning. Moreover, the
strategy showed superior robustness under parametric varia-
tions and load disturbances, while maintaining stable control
actions and acceptable harmonic distortion levels in the
injected currents. The study confirms, with experimental
results, the theoretical principles of persistency of excitation,
sufficient richness, and convergence regimes, highlighting
that automatic online tuning eliminates the need for empirical
gain selection or iterative offline optimization algorithms.
Therefore, the proposed approach contributes to bridging
the gap between advanced adaptive control theory and its
practical deployment in grid-tied power systems.
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