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Abstract

The rapid evolution of modern power systems, driven by the large-scale integration of
renewable energy sources and the emergence of smart grids, presents new challenges
in maintaining grid stability, power quality, and control reliability. As critical interfacing
elements, three-phase pulse width modulation (PWM) converters must now ensure resilient
and efficient operation under increasingly adverse and dynamic grid conditions. This
paper proposes an adaptive neural network-based virtual flux (VF) estimator for sensorless
predictive direct power control (PDPC) of PWM converters under nonideal grid voltage
conditions. The proposed estimator is realized using an adaptive linear neuron (ADALINE)
configured as a quadrature signal generator, offering robustness against grid voltage
disturbances such as voltage unbalance, DC offset and harmonic distortion. In parallel,
a PDPC scheme based on the extended pq theory is developed to reject active-power
oscillations and to maintain near-sinusoidal grid currents under unbalanced conditions.
The resulting VE-based PDPC (VF-PDPC) strategy is validated via real-time simulations
on the OPAL-RT platform. Comparative analysis confirms that the ADALINE-based
estimator surpasses conventional VF estimation techniques. Moreover, the VE-PDPC
achieves superior performance over conventional PDPC and extended pg theory-based
PDPC strategies, both of which rely on physical voltage sensors, confirming its robustness
and effectiveness under non-ideal grid conditions.

Keywords: adaptive linear neuron (ADALINE); extended pgq theory; grid-connected pulse
width modulation (PWM) converter; predictive direct power control (PDPC); sensorless
control; virtual flux (VF) estimator

1. Introduction

Electrical energy generation from renewable sources, such as wind energy conversion
systems, photovoltaic systems or micro-hydropower plants, has grown steadily in recent
years [1]. To enable power transfer to the grid, these systems incorporate a source-side
converter, a DC bus, and a grid-side converter (GSC), as illustrated in Figure 1 [2,3].
An inductive filter is often placed between the GSC and the grid to mitigate harmonic
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distortion in the currents at the point of common coupling (PCC), caused by the pulse
width modulation (PWM) output voltage of the GSC.

DC-link Grid-Side

Converter

Filter Transformer
<3 S L0=)

Figure 1. Topology of a grid-connected renewable energy system.

Traditionally, GSC control relies on voltage-oriented control, which involves indirect
regulation of active and reactive power through a current control loop [4]. This approach
requires precise decoupling of current components in the rotating dg reference frame and
accurate grid synchronization via a phase-locked loop (PLL). Furthermore, achieving
satisfactory dynamic performance depends on the careful tuning of current regulators.
In response to these constraints, direct power control (DPC) has emerged as a promising
alternative. By directly controlling active and reactive power, DPC is characterized by a
simple control structure, excellent dynamic response, and high robustness to parameter
variations [5]. However, conventional DPC, which relies on a predefined lookup table, has
several limitations [6,7]: a variable switching frequency that produces a wide harmonic
spectrum, thereby complicating filter design; the fact that it cannot simultaneously regulate
active and reactive power without generating steady-state ripples; and the need for a high
sampling frequency to maintain control accuracy. To overcome these limitations, several
advanced strategies have been developed. Optimized lookup tables [8] and fuzzy-logic-
based selection schemes [9,10] have been introduced to reduce power ripples. Moreover, the
integration of space vector modulation (SVM) has enabled operation at a constant switching
frequency [11]. More recently, model-based predictive DPC (MPDPC) has emerged as a
leading solution [5,12]. By selecting the voltage vector that minimizes a cost function based
on power errors at each sampling step, MPDPC offers excellent dynamic and steady-state
performance. Despite its advantages, conventional MPDPC imposes a variable switching
frequency, induces significant computational burden, and remains sensitive to grid-voltage
disturbances. Simplified variants directly calculate a reference voltage vector to reduce the
computational load while maintaining high performance [13,14]. Concurrently, deadbeat
predictive control is widely used for current control [15,16] and power control [17,18]
of GSCs. The advantages of this approach include a constant switching frequency, the
elimination of the PLL, and a fast dynamic response.

Although highly effective under ideal grid conditions, these control strategies exhibit
significant performance degradation under non-ideal grid conditions, characterized by
unbalance, harmonic distortion or DC offset. In practical applications, such disturbances
are frequently encountered in renewable energy systems. For example, wind turbines often
suffer from voltage unbalances during grid faults and PV arrays are subject to harmonic
distortions caused by nonlinear loads, while micro-hydropower systems are prone to DC
offset due to sensor drifts and measurement errors. These issues significantly affect cur-
rent quality and power stability, thereby motivating the need for robust control strategies.



Electronics 2025, 14, 3620

30f25

Enhanced DPC approaches have incorporated compensation schemes to suppress power
oscillations and maintain sinusoidal current waveforms; however, their implementation
remains complex and computationally intensive, because it requires extracting positive
and negative sequence components of the grid voltages [18]. This complexity originates
from the use of conventional pg theory, which is inadequate for unbalanced grid conditions.
To address this limitation, the extended pg theory was introduced, enabling the natural
suppression of current distortions and power oscillations without requiring additional de-
compositions. When integrated into predictive DPC (PDPC) schemes [19,20], this approach
enhances steady-state performance under unbalanced grid conditions. Nonetheless, the
simultaneous mitigation of voltage-harmonic effects and DC offset components constitutes
an underexplored research area.

On the other hand, improvements in GSC performance can also be achieved by
adopting voltage sensorless control strategies [18]. Indeed, replacing physical sensors
with software ones is a relevant approach to reduce the overall system cost, increase its
reliability, and ensure continuity of service in the event of hardware failure [18]. Due
to its simplicity, many studies have focused on approaches based on the virtual flux
(VF) concept. This concept replaces voltage measurement with an estimation of the VF,
obtained by integrating the three-phase grid voltages in the a3 frame. This operation is
typically performed by a first-order low-pass filter (LPF) to avoid drift and saturation issues
inherent to pure integrators [21]. However, this solution introduces amplitude and phase
errors that degrade estimation accuracy and dynamic performance. To overcome these
limitations, more advanced strategies have been proposed, such as the adaptive first-order
LPF [7], second-order LPF [22], second-order generalized integrators (SOGIs) [23,24], or
VF estimators with initial bias compensation [25,26]. Although these methods provide
notable improvements, they have their own constraints. Some have only been validated
under ideal grid conditions [25], while others suffer from processing delays due to cascaded
structures [7,22]. Furthermore, the resonant structure of the SOGI makes it particularly
sensitive to the chosen discretization method and DC offset components originating from
the measurement and conditioning operations [23,24]. To address this issue, the authors
in [13] proposed an adaptive neural network (ANN)-based estimator, configured as a
quadrature signal generator (QSG) and referred to as ANN-QSG, to perform VF estimation
within an MPDPC scheme relying on the conventional power calculation method. However,
as mentioned earlier, MPDPC suffers from the drawback of a variable switching frequency.
In addition, the employed estimator is implemented with only two adaptive weights, which
limits its capability and does not account for the presence of offset in the grid voltages.

To overcome the aforementioned limitations, this work introduces a novel voltage
sensorless predictive control strategy. The approach is based on a new VF estimator that
utilizes an adaptive linear neuron (ADALINE) implemented with three adaptive weights,
where the additional one explicitly accounts for the DC offset. The obtained ANN-QSG is
configured to replicate the behavior of a pure integrator. This estimator presents multiple
advantages: its self-learning nature prevents amplitude and phase errors, its discrete-time
design improves accuracy and simplifies its implementation, and its architecture inherently
filters out harmonics, noise, and DC offset. The direct and quadrature flux components
estimated by this method are subsequently used within a PDPC model that is formulated
using the extended pgq theory. The resulting VF-PDPC control scheme is thereby able
to maintain sinusoidal current waveforms and constant active power, offering a robust
solution for disturbed grid environments. To validate this proposal, real-time simulations
were carried out on an OPAL-RT platform. The performance of the proposed estimator
is first evaluated against the SOGI method [23]. Then, the complete VF-PDPC strategy is
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compared with conventional PDPC [17] and an extended pg theory-based PDPC [19], both
of which rely on physical voltage sensors.
The main contributions of this work can be summarized as follows:

1.  An ANN-based VF estimator of the ADALINE type, configured as a quadrature signal
generator, providing accurate VF estimation by compensating DC offset, voltage
unbalance, and harmonics, while eliminating amplitude and phase errors.

2. A simplified sensorless control scheme, achieved by directly exploiting the estimated
VF components, thereby removing the need for voltage sensors and avoiding sym-
metrical component decomposition, which reduces both hardware and computa-
tional complexity.

3. The proposed VE-PDPC strategy, integrating the ANN-QSG with the extended pg
theory to enable stable active power regulation, sinusoidal current injection, and strong
robustness under unbalanced and distorted grid conditions.

4.  Real-time validation on an OPAL-RT platform, confirming the robustness of the pro-
posed approach.

Finally, the remainder of this article is organized as follows: Section 2 presents the
VEF principle and details the ANN-QSG estimator architecture; Section 3 describes the
proposed VF-PDPC strategy; Section 4 reports real-time simulation results obtained on
the OPAL-RT platform and compares them with benchmark approaches; and Section 5
concludes the paper.

2. Adaptive Neural Network-Based VF Estimation
2.1. VF Concept

The concept of VF is directly inspired by the magnetic flux estimation used in electrical
machines: by integrating the measured voltage over time, ¢ = [e dt, a direct measurement
of the actual flux is obtained. When applied to GSCs, this principle replaces the physical
measurement of voltages with an estimation of the “flux” induced by them, hence the term
virtual flux [21]. This approach eliminates the need for voltage sensors, thereby reducing
system cost and complexity while enhancing overall reliability. To formalize this concept,
the input filter and grid voltages are modeled as a virtual AC machine, as illustrated in
Figure 2. In the stationary «[3 reference frame, the converter model is expressed as

where v. = [ven vcﬂ]T, eg = [egn egﬁ]T, and ig = [igq igﬁ]T are the converter voltage, grid voltage,

and grid current vectors, respectively, in the stationary o3 frame. R and L are the resistance
and inductance of the AC filter, respectively.

Virtual AC machine GSC
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Figure 2. Studied three-phase GSC.

By integrating (1), the VF estimation is obtained:

yo= [egat= [odt+Lig @)
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where g = [Py ngﬁ]T is the virtual flux and v = v, + Rig represents the sum of the converter
voltage and the resistive voltage drop.

The voltage drop across the resistance R is often small enough to be neglected. How-
ever, to maintain the general validity of the estimation method (e.g., for low-power con-
verters), this resistance is considered.

Direct implementation of (2) via an ideal integrator faces two major practical chal-
lenges. First, DC offset components in the measured voltages and currents cause the
integrator to drift and eventually saturate. Second, an inaccurate initialization of the flux
estimate introduces a persistent offset at the integrator output, thereby degrading the
estimation accuracy. To overcome these drawbacks, enhanced filtering structures can be
employed. As illustrated in Figure 3, the SOGI can be configured as a band-pass filter (BPF)
with a cutoff frequency equal to the grid frequency w, which enables the simultaneous
integration and filtering of the input voltage v. The corresponding transfer functions are

expressed as
kews
o(s) 52 +kews+w?
Wps) _ ka? ®)
s) s2+kews+w?

where ¢ denotes the flux obtained by integrating the input voltage v, ¢’ is the filtered
version of v, and k, = /2 w is a tuning gain that determines the convergence speed of the
SOGI [23].

______________________________________

Figure 3. Block diagram of a SOGI-based filter.

Although the SOGI provides satisfactory performance, it remains sensitive to DC
offset and grid frequency deviations [23], thus requiring a frequency-locked loop that
increases computational complexity [16,24]. To overcome these limitations, [13] proposed
ANN-QSG for VF estimation within an MPDPC scheme. However, MPDPC still suffers
from the drawback of a variable switching frequency, and the employed estimator, limited
to two adaptive weights, cannot effectively compensate for voltage offset in the grid.

The following section introduces a ANN-QSG-based approach designed to mitigate
these limitations.

2.2. Proposed ANN-QSG Estimator

To overcome the limitations of conventional estimators, particularly their poor robust-
ness under grid disturbances such as unbalance, harmonics, and DC offsets, this work
introduces a novel virtual-flux estimation method based on an ADALINE neural network
configured as a quadrature signal generator. The structure employs three adaptive weights:
one dedicated to the DC component to ensure intrinsic offset rejection, and two associated
with the fundamental component to extract the in-phase and quadrature signals required
for flux estimation. The following subsection presents the mathematical modeling of the
proposed estimator.
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First, the voltage vector v is modeled in the discrete-time domain using a Fourier-series

£ Jols] @

—
Fundamental components Harmonic components DC offset

expansion:
34]-
vg (k)

where V1, wq, and ¢; are the amplitude, angular frequency, and initial phase of the funda-

V1 cos(w1kTs + ¢1)
V1 sin(w1kTs + ¢1)

Vi cos(wnkTs + ¢n)
Vi sin(wnkTs + @y)

mental component, respectively, while V,, w,;, and ¢, denote those of the nth harmonic; T;
is the sampling period; and A and B represent the DC offsets of v, and vg, respectively.

Unlike conventional filtering approaches that aim to reject the DC offset, the model at
the core of the ANN-QSG is explicitly designed to identify and model both the fundamental
and the DC components simultaneously. The model of the voltage to be estimated, for each
axis « and B, is therefore defined by

v (k) = Vycos(wikTs + 1) + A 5)

Z)/g(k) =1 sin(wlkTs + (pl) + B

Equation (5) can be written in the following more explicit form:
A Vicosign) ~Visin(gn)] | ]
—Vj sin
vi(k) = B Vlciﬁ((m) v 1ccs)s( gol) cos(w1kTs) (6)
15 §91 ! §91 Sil‘l(wlkTs)
X —_—

d(k)

This model can be learned by an ANN with three weights, W = [wy w, w3], which are
updated online to converge to the actual parameters X. The ANN-QSG structure, shown in
Figure 4, uses as its input vector d (k) = [1 cos (w1kTs) sin (w1kTs)]T and updates its weights
recursively via the least-mean-squares (LMS) algorithm [27]:

nA(k)d(k)

W(k+1) :W(kHW @)

T
where W = [w;  w, w3} = [w“‘ “u ”’3“] , 1 is the learning rate, A (k) = v (k) — o' (k)
Wi Wap  Wap
is the voltage estimation error, and ¢ is a positive constant that prevents any division by zero.
A detailed analysis of the stability and selection criteria for the learning rate 7 is
provided in [18]. In the proposed ANN-QSG, the weights are updated online using the
LMS algorithm, where # is the only parameter to be tuned, since the method does not
require offline training or initialization. According to Lyapunov’s convergence theory [18],
the admissible range ensuring the stability of the ANN-QSG is

0<n<2 8)

Beyond stability, # also affects convergence speed, accuracy, and harmonic rejection
capability, thereby introducing a fundamental tradeoff. Small values of # enhance accuracy
and harmonic attenuation but slow down convergence, whereas larger values accelerate
convergence at the expense of accuracy, with possible oscillations and overshoots during
transients. To balance these effects, 7 is initially set to a small value and subsequently
adjusted based on the observed convergence speed and harmonic rejection performance.
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Figure 4. ANN-QSG VF estimator.

Once convergence is achieved, the quadrature vector qo’ (k) = [q0's (k) g0’ (K)]7,
required for flux estimation, is synthesized from the adaptive weights w, and w3, which
represent exclusively the fundamental component, while the DC offset captured by w; is
neglected. Using trigonometric identities then yields

qv’ (k) = {wz w3} {sin(w’kTs) —cos(w’kTS)}T ©9)

Given that the vector qv’ lags the vector v by a 90° phase angle, it is equivalent to the
integral of v scaled by the angular frequency w;. Therefore, the corresponding VF ¢’ for
vector v can be derived as follows:

go’ = wl/v dt = wi P (10)

Consequently, the VF 1, corresponding to the grid voltages defined in (2) can be
expressed as a function of ¢’ as follows:

1 . .
P = aqv’ + Lig = ¢+ Lig (11)

The 90° phase-shifted virtual flux vector required for implementing the proposed
control strategy can also be obtained from the direct output of the ANN-QSG. Indeed,
one only needs to invert the sign of the direct output vector v’ (k), provided natively by
the ANN-QSG, to generate the quadrature vector q (k) = —v' (k). This inherent property
of the ANN-QSG significantly simplifies the control implementation by eliminating any
additional phase-shifting stage. The vector qi; can then be calculated as follows:

1 , .
Qg = _50/ + L gig = qip + L gig (12)
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In parallel, a second ANN-QSG estimator is implemented for the grid current ig. It
provides its filtered version, i’y (k), as well as its quadrature component, gi’y (k). The latter
is utilized in (12) for the quadrature flux estimation.

Figure 4 illustrates the architecture of the VF estimator based on the ANN-QSG.
The structure relies on a linear neuron with three adaptive weights, without prior ini-
tialization, updated online through the LMS algorithm (7). The network input vector
d (k) = [1 cos (w1kTs) sin (w1kTs)]T captures both the DC and fundamental components.

To illustrate the appropriate selection of 7, the obtained results for different values are
presented in Figure 5, featuring a 50% voltage sag at t = 0.26 s, followed by an additive
noise perturbation at ¢ = 0.34 s and a 15% injection of the fifth- and seventh-order harmonics
att =0.42 s. As shown in Figure 5a, the three-phase voltages in the a8 reference frame are
sinusoidal before the disturbance and become distorted afterward, while Figure 5b depicts
the estimated VF magnitude. A high learning rate (17 = 0.008) yields fast but oscillatory
dynamics, whereas a low value (17 = 0.002) provides smooth but slow convergence. An
intermediate rate ( = 0.004) achieves a suitable trade-off between speed and stability.

Voltage drops Noise disturbance Harmonic components

L e e e . B B L AL B L L L B

Input vector
v (V)

_100'. co b by by b by b by b
20 e L B L L L L L R B

240

mWb)

= 220F
200F

180

Output vector

magnitude ||

160

.008/v

Fn=0

Cow v b b b by b by e b by by by b by by

024 026 028 030 032 034 036 038 04 042 044 046 048 0.5
Time (s)

140

Figure 5. ANN-QSG under input vector disturbance: (a) input vector v and (b) VF output
vector magnitude.

The ANN-QSG provides, at its output, both a filtered and a quadrature version of the
voltage and current signals, which are then used to reconstruct the VF components. In this
configuration, the DC component is intrinsically rejected by the weight w;, while w; and
ws extract the fundamental in-phase and quadrature components, respectively. Thus, the
estimator replicates the behavior of an ideal integrator, free from drift and saturation, while
exhibiting strong rejection capability against unbalance voltage, harmonics, and DC offset.

3. Predictive Control of the GSC
3.1. Conventional PDPC

In this section, the PDPC strategy is presented. It is based on the deadbeat principle,
applied to a grid-connected PWM converter. Unlike conventional approaches, PDPC
combines the advantages of a fast dynamic response, inherent to deadbeat control, with
the maintenance of a fixed switching frequency. This feature allows for a simultaneous
reduction in switching losses and harmonic distortions. The principle of PDPC is to
determine, at each sampling step, the optimal voltage vector that minimizes the errors in
active power P and reactive power Q at the next instant. This prediction is based on the
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converter model defined by (1). First, the instantaneous pq theory [28] is used to express
the complex power S of the converter as follows:

= g(igeg) (13)

The instantaneous active and reactive powers are then given by

P = Re(S) = gﬂ%(i;eg) (14)
Q= Sm(S) = %%m (is e) (15)

Assuming that the grid voltages are sinusoidal and balanced, i.e., e, = leg | /!, the
time derivative of the complex power can be obtained as

ds 113 .
= =7 [2(|eg]2 — v,’:‘eg) — (R —]a)L)S} (16)

The converter model, expressed in continuous time domain in terms of the complex
power (16), is discretized over a sampling period Ts. The resulting discrete-time model
allows for the calculation of the control vector from the powers and voltages measured
at the sampling instant k. Several discretization techniques can be considered for this
transformation. However, for a sufficiently small sampling period (here Ts = 10 ps), the
first-order forward Euler method provides an accurate approximation of the continuous-

time model [25].
as S(k+1) —S(k)
dt T,

The complex power in (17) must converge to its reference value at instant k + 1,

(17)

expressed as
S(k+1) = Syr(k+1) (18)

The change in apparent power between two successive sampling instants is given by

215 (leg(0) = v (K)eg (6)) = (R — jewL)S (k) (19)

S(k+1)—Sk) 173
T, L{

The analysis (19) allows for the determination of the matrix expression of the optimal
control vector, expressed as
R —wL] iga (K) ]

[ Uc,refa(k) ] _ [ eglx(k) ‘| _
V¢ refp(K) egp (k) wL R igp (k)
Y [egm egs (k) Hpref<k+1>—P<k> ]
ST | egpk) —equ(®) | | Quplk+1) - Q)

(20)

where P, (k+1)and Qpef (k + 1) are the active- and reactive-power references for the next
sampling period.

Deadbeat predictive control anticipates the system’s future state using the references
Prer (k+ 1) and Qyer (k + 1) to compute directly the control vector that ensures optimal
tracking at the next instant. This strategy is based on an analytical prediction that enforces
immediate convergence of P (k + 1) and Q (k + 1) to their setpoints. This requires knowledge
of the future references at instant k + 1. In many applications, the reactive-power reference
remains constant, and often zero under unity power-factor operation. It is therefore
common to approximate Qs (k + 1) ~ Qs (k). In contrast, predicting the active-power
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reference P (k + 1), typically provided by the DC-bus voltage regulator, requires a more
precise estimation. An extrapolation method, such as a Lagrange formula, is employed to
estimate Py, (k + 1) more precisely:

Pref(k+1) :zpref(k) _Pref(k_l) (21)

Figure 6 illustrates the block diagram of the conventional PDPC strategy. In this study,
the analysis focuses exclusively on active and reactive power regulation performance; the
outer DC-bus voltage loop is therefore not detailed. The control law in (20) computes
analytically the optimal voltage vector for regulation of P and Q under balanced-grid con-
ditions. However, in the presence of voltage unbalance, this approach exhibits limitations
in terms of dynamic response and robustness. To address these, an extension of the PDPC
strategy is proposed in the following section.

GSC

(fg,u/w L R ig,u/w Ve abe ) i_

@_NW\_: I‘ 1 o ( __]— Rr
. A A | - I
: abe/[abc 1 de
: op|l/ op )

RN, .

E 1 y

g Ig ey yi 1 AN
i P, O cal ulftion P, - Sabe E et
i £ & caleuld | Prediction ]
i| Eq. and (15 Veref (k)
: E(l (14) and (15) 0 > model cre Y SVM E
: - Eq. (20) i
1
S s ol PDPC!

Orer(k+1)=0 Pref(k)

Figure 6. Block diagram of the conventional PDPC scheme.

3.2. Proposed VE-PDPC

To address the limitations of the conventional PDPC strategy under voltage unbalance,
this section introduces an enhanced method based on the extended instantaneous power
theory commonly referred to as the extended pg theory. This formulation enables the
analytical determination of the optimal control voltage vector even under unbalanced grid
conditions. In a sensorless control framework, the VF concept is employed to eliminate
direct grid voltage measurements, thereby simplifying implementation and reformulating
the expression of the reactive power injected into the grid. By integrating the VF into the
complex power expression, the resulting control scheme ensures both effective operation
and improved robustness against grid disturbances.

The following step incorporates the VF into the complex power formulation, yielding
a new analytical expression as a function of the flux.

3(/ .
5= (iz(~jwwy) ) 22)
Accordingly, the instantaneous active and reactive powers can be expressed as
3 s
P = Re(S) = E?Re(zg(—]wwg)) (23)
3 s
Q=Sm(S) = E%m (zg,(—]wgbg)> (24)
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Under unbalanced conditions, electrical quantities such as currents and fluxes can be
decomposed into positive and negative sequence components as follows:

L ot | = —jwt
ig =ig el +i e (25)
g = g 4 eI (26)

Substituting (25) and (26) into (23) and (24) yields:

3 . . R T S  2iw
P = Re(S) = E?Re(—]wlp;l; — jwpg iy — jwpyife I — jwpliy e t) (27)

[63)

Q= Sm(S) = Egm(—jwq};i; — jwyg iy — jwpgige —2jwt jwlp;i;erwt) (28)

The exponential terms in (27) and (28) are replaced by their equivalent trigonomet-
ric expressions:

= gme((—jmp;i; —joygi ) + (—jwoygis - jwpdiy ) cos2wt) — j(—jwig i + jwygiz ) sinwt))  (29)

Q= ;%m((—ngb;i; —ngbg_ig_) + (—jwtpg_ig — joygig ) cos(2wt) —]( jwpg is + jopgig ) sm(Zwt)) (30)

After detailed expansion of (29) and (30), terms group into three characteristic components:

P = Py + Pc cos(2wt) + Ps sin(2wt) (31)
Q = Qo + Qc cos(2wt) + Qs sin(2wt) (32)
with
Py=3((i")" @ (mjwyp™) + ()" © (—jwyp™))
Pe=3((i")" © (—jwyp™) + (i7)" © (—jwy™)) (33)
P =3((i")" & (—jwyp™) — (i7)" @ (—jwy™))
Qo=3((i")" @ (—jwyp™) = (i7)" @ (—jwyp™))
Qe =3 ()" @ (—jewyp) + (i7)" ® (—juy ™)) (34)
Qs =3((")" © (—jwyp™) + (i) © (—jwyp™))

Here, ® denotes the dot product and & the cross product. Equations (33) and (34)
reveal that cross terms P, = —Q. and Ps = —(Q; represent the oscillatory components of
the instantaneous active and reactive powers. Under ideal balanced grid conditions, these
components are eliminated, thereby ensuring constant power transfer without fluctuations

(P =Py et Q=Qp). 3
Py =3 iz © (~jwig) ) = Py (33)

Q=3 (i ® (~jwpy)) =0 (36)

In contrast, under unbalance the cross terms become nonzero, inducing double-
frequency (2w) oscillations in both P and Q.

In this study, the VE-PDPC control strategy is developed to ensure the generation of
a perfectly sinusoidal current, even under grid disturbances or unbalances. To achieve
this objective, it is necessary to cancel the oscillatory components of the active power by
imposing the conditions Ps = P, = 0. This constraint ensures a stable and regular waveform
for the injected current. In return, the oscillatory components of the reactive power, Qs
and Q., are non-zero and therefore not controlled. To simplify their identification and
analysis, the quadrature component of the VF, obtained from the proposed estimator, is
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utilized within the framework of the extended pg theory [19] to reconstruct the expressions
for the reactive powers. Although the reactive power oscillations are not compensated,
the use of the quadrature flux preserves high current quality while simplifying control
implementation. In this context, and to facilitate the processing of reactive powers in the
control, Equation (22) is modified by substituting the VF with its quadrature component,
which yields the new expression for the complex power:

5700 = 2 (i (~jopy ) )= G (o) — ip(~fewpa) — j(ia(~jeotpc) + ip( i) (37)

where ¢§‘ = qyq.
Based on the previously described methodology, the expressions of the active and
reactive powers can be formulated as follows:

3 BN
Py = Eﬂ?e{ (ig) (—]an/)g)} = Pyef (38)

3 wf
QY = E%e{zg<—]w¢;)} (39)
The symmetry between the direct and quadrature components is exploited using the
following transformation:

=2l ] -

where x denotes either a current or a flux, and g indicates a 90-degree phase shift.
Applying the transformation introduced in (40) to (33) and (34) yields the following
expressions:

Py =3 (ig © (~jos) +if © (~joyg))

P. = 3 (17 cos(2wt) + Ky sin(2wt)) (41)
P; = 3(—xp cos(2wt) + 7 sin(2wt))
Q =3(is® (—jwws ) —ig © (~jeoyy))

8

Qc = 3 (xp cos(2wt) — k7 sin(2wt)) (42)

Qs = 3 (7 cos(2wt) + Ky sin(2wt))

where k1 = ig © (—jwipg) — ié% ® (—]'CUIIJ;) and xp = ig © (—j(m,bé) + ié O (—jwipg).
Based on Equations (41) and (42), the mathematical formulation underlying the pro-

posed control strategy is expressed as follows:

3/. ) ) .
P = 1(18 O (—jwipg) + z; ©) <—]wl,b§‘)) = Pres (43)
3/. ) ) .
Qv = 1 (zg ® (—]CUI[J;) - zgL ® (—]an/Jg)) =0 (44)
Pe = x1 cos(2wt) + Kk sin(2wt) = 0 (45)
Ps = —xp cos(2wt) + K1 sin(2wt) = 0 (46)

Considering Equations (43) and (44), and considering the simplifying assumptions
presented in (45) and (46), the reference current can be calculated as follows:

2 Yy
iy (k) = 5 ——5—— Py (47)

3jo(ys g
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CY@le(k) ] _wl _lpgﬁ(k) ] _ lR —wL
crefﬁ(k)

After deriving the reference currents are obtained from (47), the active and reactive
powers are recalculated to satisfy the conditions imposed by Equations (43)—(46), even
under grid voltage unbalances or DC offset. This crucial step ensures accurate control of
the power injected into the electrical grid. The resulting reference powers can be expressed

as follows:
7 = gl con) < ne( g v ow)) <y
ref = %%e (i?f(—jwwg)> <¢g ®TZ,[L (lpg ® 1Pg)> —ref )

Finally, the optimal control vector of the VE-PDPC strategy is determined based on
the reference power:

Peu(k) wL R

x[ fga (K) 1 2L [_lpgﬁ(k) tpga(k)} l Py (k+1) — P(k)
igﬁ(k) 3T5w|¢g(k)|2 Peu(k) Pop (k) :’I;;U( +1) — QU?(k)

(50)

Figure 7 illustrates the complete functional architecture of the proposed VE-PDPC
control strategy. This strategy estimates the VF using an adaptive neural network of
the ADALINE type. The estimated VF is then employed to calculate active and reactive
innovative power components, in accordance with the extended instantaneous power
theory. Based on the discretized predictive model (50), the reference voltage vector is
analytically determined and applied to the PWM converter. Unlike the conventional PDPC
strategy, whose performance degrades under voltage unbalance conditions, the VF-PDPC
method ensures stable and robust regulation, maintaining a perfectly sinusoidal injection
current. Moreover, it guarantees unity power factor, thereby improving energy efficiency.
Overall, this method offers an effective, robust, and high-performance solution for modern
grid-connected power conversion systems.

GSC

. C ?:} R

€gabc .
> L R ! g.abc Ve abe

ADALINE-VF
estimator (Fig. 4)

i ,
Ye \ At 4 de-ref

yaVe Prediction Vewer (k)
i _‘_.P, Oey calculation = InOd_e 1
g | Eq. (38) and (39) Eq. (50)

4
()rp ’ /\'+1 :O [)n’ 3 1\'+1
Orer(k+1) f (k1) Eq 1)

Figure 7. Block diagram of the proposed VF-PDPC scheme.

4. Results

To validate the performance of the VF estimator and VF-PDPC control strategy, real-
time simulation tests were performed on the OP4512 platform (see Figure 8). The hardware
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in the loop (HIL) methodology enables assessment of algorithm stability and robustness
under quasi-real conditions, accounting for critical constraints like computational capac-
ity, memory, and sampling time [29,30]. The sampling interval requires careful selection:
shorter intervals improve accuracy but risk processor overload and numerical instabil-

ity [31]. Hardware implementations must also address nonlinearities of power devices
such as IGBTs [32].

mEE e
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|E
o of
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Figure 8. Photograph of the OPAL-RT-based real-time system.

The model was developed in MATLAB/Simulink R2024b, optimized for RT-LAB,
compiled and deployed on the OP4512. The controller and power model ran in real time on
the platform CPU, with currents acquired via analog 1/Os and estimated fluxes visualized
on a GW Instek GDS-2204A oscilloscope. This setup enabled experimental validation of the
efficiency of the VF estimator and VE-PDPC strategy. Finally, a comparative analysis was
conducted to confirm the effectiveness of the proposed approach against the SOGI-based
estimator [23] and the ANN-QSG-based VF estimator proposed in [13], while the VFE-PDPC
strategy was benchmarked against the conventional PDPC with a voltage sensor as well
as a PDPC variant enhanced by the extended pg theory combined with a SOGI estimator.
Operation under unity power factor was imposed by setting the reference reactive power
to zero. The main system parameters used in these experiments are summarized in Table 1.

Table 1. System parameters.

Parameters Values

Grid voltage RMS value (V) 55
Grid voltage frequency f (Hz) 50
Input filter resistance R ((}) 1
Input filter inductance L (mH) 8

DC bus capacitance C (mF) 33
Load resistance Ry, () 60

Sampling frequency f; (kHz) 100

4.1. Comparison of VF Estimators

For the comparative study, the SOGI estimator gain was optimally tuned following

the procedure in [23], while the learning rate 7 for both the proposed ANN-QSG estimator
and the one from [13] was set to 0.004. Three tests were carried out. The first test evaluates
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GYINSTEK

the performance of the three estimators during startup under ideal conditions, without
prior initialization. The second test is performed under grid-voltage distortion with 30% of
the fifth and 10% of the seventh harmonics. The third test is conducted with grid voltages
polluted by a 25% DC offset (20 V DC) of the nominal voltage component. Finally, the
fourth test combines all grid disturbances simultaneously, including voltage unbalance,
harmonic distortion, and DC offset, in order to assess the robustness of the estimators
under the most critical operating conditions.

4.1.1. Startup Performance

Figure 9 illustrates a performance comparison of the VF estimators during startup,
without prior initialization, comparing the SOGI estimator, the ANN-QSG proposed in [13]
and the proposed ANN-QSG estimator.
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Figure 9. Estimated VF ¢, (200 Wb/div) during startup: (a) SOGI estimator, (b) ANN-QSG estima-
tor [13] and (c) proposed ANN-QSG estimator.

According to Figure 9a, the SOGI estimator reaches 95% of its final value in approx-
imately 25 ms, with a transient overshoot of about 18%, before settling at its nominal
level. This behavior is due to the SOGI’s resonant structure, which, although effective for
fundamental component extraction, exhibits insufficient damping, leading to a pronounced
oscillatory response during initialization. Conversely, as shown in Figure 9b,c, the ANN-
QSG proposed in [13] and the one proposed in this article converge in only 10 ms, without
any significant overshoot. This enhanced performance is attributed to the ADALINE-type
adaptive learning, which dynamically adjusts the weights in real time while effectively
suppressing initial biases. These results demonstrate the transient superiority of both
ANN-QSG estimators in terms of convergence speed and stability.
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4.1.2. Harmonic Distortion

Figure 10 presents the comparative performance of the three estimators under grid-
voltage distortion, including 30% of the fifth and 10% of the seventh harmonics. The
results show that all three estimators significantly mitigate the impact of harmonic compo-
nents on the estimated VE. Although the voltages are highly distorted, the SOGI estimator
(Figure 10a), the ANN-QSG estimator [13] (Figure 10b), and the proposed ANN-QSG es-
timator (Figure 10c) accurately extract the fundamental component of the VE denoted
as \g. The resulting waveforms remain nearly sinusoidal in all cases, with a total har-
monic distortion (THD) of 6.52% for the SOGI estimator and 1.73% for both ANN-QSG
estimators. These results confirm a high immunity to harmonic disturbances. Such strong
harmonic-rejection capability is essential to maintain control-loop stability and ensure
optimal performance in distorted grid environments.
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Figure 10. Estimated VF ¢ (200 Wb/div) for distorted grid voltages with 10% of 5th and 7th
harmonics: (a) SOGI estimator, (b) ANN-QSG estimator [13] and (c) proposed ANN-QSG estimator.

4.1.3. DC Offset

Figure 11 shows the estimators’ performance under a 20 V DC offset (25.7% of the
nominal grid voltage). The SOGI estimator (Figure 11a) exhibits an amplitude drift of
about 5% of the nominal flux with pronounced oscillations due to resonance with the DC
component, revealing its poor DC-rejection capability. Similarly, the ANN-QSG estimator
in [13] (Figure 11b) suffers from a persistent DC bias in both flux components, leading
to oscillations in the flux magnitude up to 30% of its initial value, as the model does
not account for DC offset. In contrast, the proposed ANN-QSG estimator (Figure 11c)
instantly eliminates the DC offset: the estimated flux remains centered at its nominal value,
free of drift and oscillations. This robustness is achieved through ADALINE’s ability to
simultaneously identify the DC component (w;) and the fundamental component (w,, w3),
ensuring intrinsic DC-bias rejection.
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Figure 11. Estimated VF ¢, (200 Wb/div) with a 20 V DC offset in grid voltages: (a) SOGI estimator,
(b) ANN-QSG estimator [13] and (c) proposed ANN-QSG estimator.

4.1.4. Unbalance, Harmonics and DC Offset

Figure 12 compares the three virtual-flux estimators (SOGI, ANN-QSG [13], and the
proposed ANN-QSG) under severe disturbances, including a 30% voltage unbalance, fifth-
and seventh-order harmonics, and a 20 V DC offset. SOGI exhibits significant waveform
distortion and oscillations due to its sensitivity to unbalance and DC components. The
ANN-QSG [13] provides improved flux quality but remains affected by the lack of DC
offset compensation. In contrast, the proposed ANN-QSG demonstrates clear superiority:
by introducing a third adaptive weight, it effectively eliminates the DC offset, rejects
harmonics, and maintains a nearly sinusoidal flux waveform, with only minor oscillations
attributed to the 30% unbalance.
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Figure 12. Estimated VF ¢ (200 Wb/div) under all grid voltage perturbation types: (a) SOGI
estimator, (b) ANN-QSG estimator [13] and (c) proposed ANN-QSG estimator.
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In order to highlight the effectiveness of the studied estimation methods, a compara-
tive analysis was carried out under both ideal and disturbed grid conditions. The main
performance criteria considered include the start-up dynamics, harmonic distortion, and
sensitivity to DC offset. The obtained results are summarized in Table 2, which clearly
shows the superiority of the proposed ANN-QSG estimator compared to conventional
SOGI and ANN-QSG methods, particularly in terms of start-up response and robustness
against distortions.

Table 2. Comparative summary of the performance of the studied virtual-flux estimators.

Criterion and Test Conditions SOGI ANN-QSG [13] Proposed ANN-QSG
Execution time (ps) 0.6 0.57 0.7
Startup response time (within 5% tolerance, ideal conditions) (ms) 25 8 8
Startup overshoot (ideal conditions) (%) 18 0 0
Output THD (under 30% 5th- and 7th-harmonic distortions) (%) 10.2 0.20 0.18
Output THD (under 25% DC offset of nominal voltage) (%) 1.69 1.28 0.02
Output THD (under all perturbation types) (%) 10.70 4.29 0.74

4.2. Comparison Results of Control Techniques

To evaluate the performance of the VE-PDPC control, a comparison is made with
conventional PDPC and with the pg theory-based PDPC strategy. The three control methods
are implemented under the same conditions, using the parameters presented in Table 1.
During all tests, the reactive power reference Q. is set to zero, thus ensuring unity power
factor operation. The outer DC-bus voltage controller is disabled to focus on the inner
control loop. Therefore, the active-power reference P, = 500 W is externally imposed.

4.2.1. Comparison Under Unbalanced Grid Conditions

The results in Figure 13 are obtained for an initially balanced, purely sinusoidal grid
voltage, followed by a 30% drop in phase-a voltage.
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Figure 13. Grid voltage ega (100 V/div), grid current ig; (10 A/div), active power P (500 W/div),
and reactive power Q (500 VAr/div) for unbalanced grid voltages: (a) conventional PDPC, (b) pg
theory-based PDPC, and (c) proposed VF-PDPC.
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Under balanced conditions, all three strategies produce near-sinusoidal grid currents.
This validates that the use of the extended pq theory in the proposed approach does not
degrade performance under ideal conditions compared to the conventional pg theory. When
the unbalance is applied, the conventional PDPC (Figure 13a) fails to maintain current wave-
form quality: the current becomes highly distorted, reaching a total harmonic distortion
(THD) of 14.26%, well above the 5% limit recommended by the institute of electrical and
electronics engineers (IEEE) standard for harmonic control in electric power systems (IEEE
std 519-2022) [33]. Conversely, both approaches based on the extended pq theory, namely
the reference PDPC [19] (Figure 13b) and the proposed VF-PDPC (Figure 13c), maintain
near-sinusoidal currents with respective THDs of 1.41% and 1.44%. The reactive-power
oscillations observed are inherent to the extended pg formulation, which prioritizes the
quality of the injected current. These results show that VF-PDPC achieves performance
equivalent to extended pq theory-based PDPC while requiring a reduced number of sensors.

4.2.2. Comparison Under an Unbalanced and Distorted Grid Conditions

For the results in Figure 14, the grid voltages are initially purely sinusoidal and
balanced, then a 30% sag is applied to the phase-a voltage, and all three grid voltages are
polluted by fifth- and seventh-order harmonic components (10% of the fifth and 10% of the
seventh harmonics).
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Figure 14. Grid voltage eg, (100 V/div), grid current i, (10 A/div), active power P (500 W/div), and
reactive power Q (500 VAr/div) for unbalanced and distorted grid voltages: (a) conventional PDPC,
(b) pq theory-based PDPC, and (c) proposed VE-PDPC.

Figure 14a shows that the conventional PDPC maintains stable P and Q but yields
heavily distorted three-phase currents (THD = 27.87%), demonstrating its inability to filter
or compensate harmonics. Similarly, the PDPC based on the extended pg theory (Figure 14b)
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also fails to improve the current quality, as this approach does not account for harmonic
components; the current waveforms remain significantly distorted with a THD of 18.27%.
In contrast, the proposed VF-PDPC strategy (Figure 14c) combines the VF estimator to
effectively mitigate harmonics with the extended pg theory to manage the grid unbalance.
The result is a sinusoidal current waveform (THD = 2.29%) with constant, ripple-free active
power. This performance demonstrates the superiority of the proposed method, which
simultaneously ensures precise active power tracking and excellent current quality under
both unbalance and harmonic distortion.

4.2.3. Robustness Evaluation of the VF-PDPC

This test aims to evaluate the robustness of the proposed control strategy when
subjected to highly degraded grid conditions. The main objective is to assess its ability to
maintain both the quality and the sinusoidal shape of the injected current, as well as the
stability of the active power without oscillations, even in the presence of severe disturbances
affecting the grid voltage.

To this end, a first test is performed by applying a series of successive faults to the
grid voltages, as illustrated in Figure 15a. To further strengthen this analysis, a 300 W
step variation is subsequently imposed on the active power while keeping the grid under
severe conditions, as shown in Figure 15b. In the first scenario, the faults are introduced
sequentially while the active power reference is kept constant. These faults include a
20V DC offset (25.7% of the nominal voltage), a 30% voltage sag on phase a, and a 10%
harmonic distortion introduced by the fifth- and seventh-order components. Figure 14a
demonstrates that, despite these disturbances, the grid current maintains a sinusoidal
waveform and the active power remains constant. However, significant oscillations can be
observed in the reactive power.
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Figure 15. Grid voltage eg, (100 V/div), grid current igp (10 A/div), active power P (500 W/div), and
reactive power Q (500 VAr/div) during (a) default integration and (b) a step change in active power.

In the transient scenario depicted in Figure 15b, the VF-PDPC strategy exhibits an
extremely fast dynamic response. The active power (P) instantaneously tracks the new
reference without overshoot, highlighting the effectiveness of the deadbeat predictor com-
bined with the VF estimator. At the same time, the grid current (iy;) immediately adjusts
its amplitude to match the increased active power demand while preserving a nearly
sinusoidal waveform (THD = 3.32%). These results confirm that the ANN-QSG effectively
filters harmonics, even during transient operation.

The absence of overshoot, combined with the preserved current quality and stable
active power, validates the capability of the VF-PDPC strategy to follow abrupt setpoint
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variations without compromising either stability or waveform quality, even under severely
degraded grid conditions.

To further evaluate the robustness and limitations of the studied control strategies,
a comparative analysis of the PDPC methods was carried out for different fault levels
injected into the grid voltages, including voltage unbalance, harmonic distortion, and
DC offset. The performance evaluation was based on the current quality at the PCC and
the system’s ability to suppress oscillations. The obtained results, illustrated in Figure 16
and summarized in Table 3, demonstrate the superior performance of the proposed VF-
PDPC method in mitigating distortion and ensuring a stable, oscillation-free response
compared to conventional PDPC approaches. As shown in Figure 16a, the proposed VF-
PDPC achieves a significant reduction in current THD across all harmonic orders, whereas
the conventional PDPC and the pg-based PDPC exhibit a steady increase in distortion
with higher harmonic penetration. Under voltage unbalance conditions, illustrated in
Figure 16b,c, the conventional PDPC results in severe deterioration of current quality, with
THD values exceeding 12% for unbalance levels above 25%. In contrast, the proposed VF-
PDPC maintains nearly sinusoidal currents with THD values below 0.05%, as highlighted
in the insets of Figure 16b,c. The extended pg theory-based PDPC also preserves satisfactory
performance under unbalance but still underperforms compared to the proposed method.
Therefore, the VF-PDPC can be regarded as a promising solution for next-generation grid-
connected converters, as it ensures superior current quality, robust mitigation of distortion,
and stable operation even under weak, unbalanced, or highly distorted network conditions.
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Figure 16. Current THD of the studied control strategies under grid disturbances: (a) 5th and
7th harmonic distortions, (b) type-A voltage sag, and (c) DC offset.
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Table 3. Comparative summary of the performance of the studied PDPC methods under critical
grid conditions.

Criterion and Test Conditions Conv.-PDPC pq-Theory PDPC  Proposed VF-PDPC
Execution Time (Ideal conditions) (ys) 3.8 us 4.3 ps 5.5 us
Current THD (30% Sag type A) (%) 14.26% 1.41% 1.44%
Current THD (30% Sag type A + 5th and 7th harmonics (10%)) (%) 27.87% 18.27% 2.29%
Current THD (All defaults included) (%) 29.89% 24.55% 3.32%

The execution time results show that the proposed VF-PDPC requires slightly more
computational effort compared to the conventional PDPC and the PQ-theory PDPC under
ideal grid conditions (5.5 ps versus 3.8 us and 4.3 ps, respectively). This increase is expected,
since the proposed method integrates the ANN-QSG estimator together with the extended
pg-theory formulation, which introduce additional calculations. However, the obtained exe-
cution time of 5.5 us remains significantly lower than the sampling period (Ts = 10 ps), thus
ensuring real-time feasibility on the digital controller. Moreover, this marginal overhead is
fully justified by the improved robustness against DC offset, harmonics, and unbalances
provided by the proposed VF-PDPC approach.

5. Conclusions

In this work, a virtual flux estimator based on the ADALINE neural network was
designed and integrated into a sensorless direct predictive power control strategy. Simu-
lation results, complemented by real-time validation on the OP4512 OPAL-RT platform,
confirmed the accuracy and robustness of the proposed approach. The estimation con-
verges within less than 8 ms with an error below 2%, while maintaining current THD
below 3% even under unbalanced and heavily distorted grid conditions. Compared to
conventional predictive control relying on direct voltage measurements, the VE-PDPC
strategy reduces hardware complexity, eliminates the need for voltage sensors, and en-
hances overall system reliability. Furthermore, comparative studies demonstrated that the
proposed ANN-QSG estimator outperforms the conventional SOGI in terms of accuracy
and robustness, while the VE-PDPC achieves superior power regulation and current quality
compared to conventional and extended pg-based PDPC methods. Overall, the proposed
approach constitutes a significant advancement in sensorless predictive control of grid-
connected converters operating under challenging conditions, delivering a robust, efficient,
and practical solution with direct relevance to industrial systems, smart grid infrastructures,
and renewable energy.
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Abbreviations

Symbols

Ve Converter voltage vector
eq Grid voltage vector

g Grid current vector
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Vo Grid virtual flux vector

qy Quadrature component of the virtual flux

i'q,qi's Filtered and quadrature components of the grid current
R, L Grid filter resistance and inductance

Ts Sampling period

w1 Fundamental angular frequency of the grid

Vi, ¢1 Amplitude and phase of the fundamental component
Vi, Wn, P Amplitude, angular frequency, and phase of the n-th harmonic
AB DC components (offsets)

d(k) Input vector of the ANN-QSG

w Adaptive weights of the ADALINE

Ui Learning rate of the LMS algorithm

Ak) Voltage estimation error

S Instantaneous complex power

P,Q Instantaneous active and reactive powers

Prefs Qref Active and reactive power references

P, P Oscillatory components of the active power

Qc, Qs Oscillatory components of the reactive power
Abbreviations

ADALINE Adaptive linear neuron

ANN Adaptive neural network

ANN-QSG Adaptive neural network-based quadrature signal generator
BPF Band-pass filter

GSC Grid-side converter

LPF Low-pass filter

LMS Least-mean-squares

MPDPC Model predictive direct power control

PDPC Predictive direct power control

PLL Phased-locked loop

PWM Pulse width modulation

SOGI Second-order generalized integrator

SVM Space vector modulation

THD Total harmonic distortion

VF Virtual flux
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