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Abstract— The push for renewable energy and sustainable
development has led to an ever-increasing integration of grid-tied
photovoltaic (PV) systems. To maximize revenue, this resource
generally operates in maximum power point trackers (MPPT)
mode. However, to ensure grid stability and reliability, system
operators will continue to introduce new requirements, eventually
forcing PV plants to adhere to primary frequency regulation.
To perform this task, PV plants will have to be capable of
operating outside the MPP and varying their power production,
to maintain an active power reserve, according to grid request.
This article presents an innovative model-based (MB) tracking
algorithm devoted to supporting power network regulation. Due
to the updated formulation, the algorithm can vary the power
curtailment according to a reduction factor given by the power
system operators. Results show the remarkable performance
and accuracy of the new algorithm, providing power regulation
capability in the range 20%-100% of the maximum available
power. Moreover, the impact of the employment of constant
reduction coefficients on the algorithm performances has been
evaluated. Validation has been performed based on the data
collected over an observation interval of more than six months.
Due to its flexibility, this could be the basis for the participation
of PV systems to frequency regulation.

Index Terms— Maximum power point trackers (MPPT), pho-
tovoltaic (PV) system, power control, power reserve.

I. INTRODUCTION

HE rising concern for global warming and the increase in

the cost of gas due to the war in Ukraine have increased
the need for renewable energy sources (RESs). It is estimated
that 314 GW of renewable power capacity has been added
worldwide in 2021 [1]. Of that, photovoltaic (PV) accounts
for 175-GW beating wind capacity addition (105 GW) and
hydropower (26 GW). Yearly, PV capacity additions have
exceeded those of wind power in the past five years. Steady
growth in the PV sector is expected in the upcoming years,
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reaching a yearly added installed capacity of 347 GW in 2026,
according to the “Medium Scenario” detailed in the report
of Solar Power Europe [2]. Undoubtedly, PV systems are
expected to play a key role in the energy transition across
the globe.

Based on this change, some crucial challenges will need
to be overcome with respect to the standard power system
operation control and planning. Apart from providing energy
to end customers, the power system operators’ most impor-
tant responsibility is to maintain the supply’s reliability and
security. Any mismatch between the active power supplied by
the generators and used by consumers leads to grid instability.
This leads to premature aging of generating units, equipment
damage, and overload of transmission lines.

In traditional power plants, primary frequency regulation
consists of the inertial response and droop control of rotat-
ing electric generators. However, grid-tied PVs operating in
maximum power point (MPP) do not have any stored energy
(moving parts) to participate in frequency regulation. This
results in the reduction of the inherent energy buffer, which
compromises the functionality and reliability of the overall
system. Therefore, as the penetration of PVs in the grid
increases, so does their importance in grid control, thus result-
ing in the introduction of specific grid regulations [3], [4].
The solution lies in emulating the inertial response of conven-
tional generators by giving PV systems the capability to vary
their power production according to grid requests.

Scientific literature suggests different approaches to achieve
this task: installing battery or other energy storage systems,
integrating a dump load to dissipate excessive power, or oper-
ating PVs in power curtailment mode by modifying MPP
tracking (MPPT) algorithms, so that a portion of output power
is available for frequency regulation [5], [6], [7], [8], [9].
Adding battery energy storage is the most commonly used
solution. The surplus of the PV power can be stored in
the energy storage device, thus allowing the PV system to
operate in MPPT mode. However, the battery storage solution
is also the most expensive due to the higher initial cost
and the limited lifetime of battery systems compared to the
PV system [10], [11]. The power curtailment approach is
theoretically the most cost-effective.
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The electric power industry typically groups frequency
regulation into two subcategories: primary (on the time scale
of a few seconds and below) and secondary (on time scales
ranging from a few seconds to several minutes). Many articles
show the feasibility of participation of PV plants in both types
of grid frequency regulation, as well as the optimal power
curtailment level, without focusing on the power reduction
strategies [12], [13], [14], [15].

PV plants’ active power control will also find applications
in islanded microgrids and regulation markets [16]. In islanded
microgrid power systems, the variability of renewable gener-
ation is particularly problematic. For example, the island of
Puerto Rico requires large new PV and battery facilities to
provide primary frequency regulation and controlled power
ramp rates, significantly increasing capital and maintenance
costs [17]. On the other hand, as the need for frequency
regulation rises, in liberalized electricity markets, it will make
economic sense for privately owned PV plants to provide
frequency regulation services rather than operating in MPPT.

In the countries where grid regulations have been revised,
PV plants are required to partially participate in primary
frequency regulation effort, by reducing the power production
when the grid frequency is higher than nominal. This can be
achieved using traditional hill-climbing methods by imposing
an upper limit for the produced power, so that further MPPT
is disabled once this point is reached. These and many other
constant power generation (CPG) strategies proposed in [18],
[19], and [20] enable working at reduced power (RP), without
providing the knowledge of the maximum available power and
the available power reserve at any given moment. However,
the limitation of all these strategies is that while they can be
used by the transmission system operator (TSO) for the goal of
reducing frequency to the nominal value, they cannot be used
for the opposite task of increasing the grid frequency, as the
latter requires insight about the available power reserve.

In the previous works [21], [22], the authors have presented
a model-based (MB) MPP tracking algorithm, which requires a
preliminary database collection of MPP parameters to identify
the model coefficients.

This article is a technical extension of a previously pub-
lished work, in which the MPP model was adapted to the
tracking of a predefined RP [23]. The proposed MB strategy
in this article enables working at RP as a percentage of
the maximum available power, therefore maintaining accurate
MPP estimation even while working at RP point (RPP). Hence,
the available power reserve at any working instance is known
and available for frequency regulation.

The algorithm’s performance had been evaluated on a
dataset of curves acquired on a real panel for over six months,
demonstrating accurate operation at 80% and 90% of maxi-
mum available power. Moreover, [24] showed, in simulation,
that the algorithm can provide a PV module the ability
to operate at any power level between 80% and 100% of
maximum available power for a wide range of irradiation and
temperature conditions. This article will present a complete
validation of the method, extending the operating range to
20%-100% of the available power. Moreover, three strategies
for calculating the necessary coefficients of the model will
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be presented and compared. Finally, the contribution of the
uncertain estimation of the reduction factors has been analyzed
to evaluate the impact of neglecting the dependency of the
reduction factors on the dataset.

II. MPPT ALGORITHMS
A. Traditional Algorithms

Traditionally, the control of the inverters connected to the
PV panels has been developed to maximize the produced
energy by exploiting the typical P—V characteristic of the
panels, characterized by a single MPP and a hill shape.

One commonly used algorithm is the perturb and observe
(P&0O) method, which allows good results with a low compu-
tational burden: the MPP is reached by perturbing the state and
comparing the power produced by the PV panel with respect
to the previous value. The algorithm efficiency strictly depends
on the chosen voltage perturbation. If the voltage step AV is
small, the algorithm’s speed is limited by the high number of
iterations required to converge. Moreover, if it is also lower
than the measurement noise, it can be unstable. On the other
hand, if the chosen voltage step AV is large, the reached power
point can be theoretically far from the theoretical one (at least
of AV), but its speed increases. To overcome this issue, step-
changing methods have been adopted to minimize the energy
not produced by the panel due to the algorithm.

Other algorithms are based on similar concepts, such as the
incremental conductance method, which measures the value of
the ratio AI/AV assuming that in the MPP its value equals
zero, and it changes its sign in the right part of the curve.
Again, this algorithm is based on the assumption that the PV
module has to work around the local maximum.

These algorithms are not efficient when the radiation sud-
denly changes in the daytime (such as in cloudy and partially
shaded conditions). In the first case, the dynamic of the algo-
rithm is limited by the choice of AV in the second case, the
P-V curve is characterized by different local maxima, so the
algorithm could converge to local MPPs that are different from
the global MPP.

B. MB Algorithms

A further step in enhancing MPP tracking has been done by
implementing MB algorithms. Those algorithms are not based
on the knowledge of the PV characteristic of the panel but
its electrical behavior. Due to the a priori knowledge of the
photoconversion, they can be suitable to enhance the tracking
speed and the dynamic performance of the MPPT algorithms.
Of course, those methods are complex and could require a
complex computational burden. In order to avoid this, two
different strategies could be adopted. On the one hand, one
could hybridize MB models with traditional tracking tech-
niques; on the other hand, model simplifications could reduce
the computational burden in terms of physical parameter and
necessary measurements.

The authors have developed a simplified MB MPPT tech-
nique by solving the equations of the single diode model of
the panel, and the MPP voltage and current can be derived
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from the electrical characteristic of the panel and the weather
conditions

G ,( G
VMPO[l + B(T — Ty) + 6 ln(G—O) + 8 In (G_o)]

G
Ivp = IMPOG—[1 +a(T — Tp)] (D
0

Vmp

where G is the radiation, T is the panel temperature, «, £,
81, and 8, are the correction coefficients depending on the
panel, and Vypp and Iypo are the MPP voltage and current at
reference working conditions G, and Ty.

With simple considerations [21], (1) can be rearranged in
the well-known four parameters equation

Ve = Ao + AT + Ay In(Iyp) + Az In? (Iyp). 2)

In practical applications, the MP voltages and currents
are not known; therefore, (2) can be iteratively applied to
reach the MPP. This method requires few iteration steps (less
than 5 in real working conditions), and it provides similar
results to the one achieved by the hill-climbing methods on
clear sunny days [25]. Differently from hill-climbing tech-
niques, MB MPPT dynamic response is not affected by a
sudden change in the radiation and results in an improvement
in variable weather days [22]. On the other hand, particular
attention has to be paid to the identification of the alpha
parameters: they slightly change over time, so an automatic
update has to be implemented. A weighted least squares
method has been shown to improve the robustness of the
parameter estimation when bad data are present in the esti-
mation database (such as partially shaded curves) [26].

III. ALGORITHM FOR POWER REGULATION
A. State of the Art

There are various algorithms in literature enabling a PV
plant to work at RP. The simplest method employs a mod-
ified fractional open circuit voltage MPPT method, using a
ratio between the voltage of the RPP and the open-circuit
voltage [27]. An obvious drawback is that this strategy occa-
sionally requires disconnecting the plant to measure the open-
circuit voltage. Similarly, Sangwongwanich et al. [28] employ
a fast MPPT operation, and once the maximum power is
known, the desired power curtailment is performed. It is a cost-
effective sensorless strategy, but, on the other hand, it requires
continuous oscillation between the maximum and desired
power. Different authors [29], [30], [31] present methods
to estimate the MPPT from measured irradiance and PV
cell temperature, which can be used to implement a power
reduction strategy. Other active power regulation strategies are
based on curve fitting [32], [33], [34], [35]. The most recent
one [34] accomplishes real-time estimation of the MPP and
model parameters via a curve fitting method derived from
single-diode PV model. It does not require irradiance and
temperature sensors, keeping the system’s cost and complexity
to a minimum. Reference [35] is an improvement of the pre-
vious work, which succeeds in maintaining operating reserves
at partial shading conditions.

In [18], three CPG control solutions for single-phase grid-
connected PV systems have been compared, based on the
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control of current, power, or the P&O algorithm. The third
solution, P&O-CPG, proved to be the most robust and is
also separately discussed in [19] and [20]. All CPG strategies
enable working at RP, without providing the knowledge of the
maximum available power and the available power reserve at
any given moment. In [36] and [37], this limitation is over-
come considering a multistring system, using a master—slave
approach. In [36], the master PV strings operate in MPPT
to determine the total available PV power, while the other
slave PV strings use the estimated available power from
the master PV string to calculate their operating point in
the P-V characteristic curve of the PV; while in [37], the
master PV panels are in short circuit and in open circuit and
provide the values for the estimation of the MPP. However, the
intrinsic differences present even between “identical” panels
will always result in some estimation error if this approach is
followed.

Hill climbing algorithms have been developed to reach
the condition of maximum power and cannot optimally work
outside this point. Their employment will therefore result in an
oscillating tracker between the maximum and the desired RPP.

Most of these algorithms have been compared in [38] in
terms of abilities, steady state, and dynamic errors. All of
them are based either on the control of the generated power
or on the direct calculation of the PV voltage via modified hill
climbing methods. The outcome of this article underlined that
high-performance RPP algorithms for steady-state operations
highly degrades their performances in dynamic conditions;
conversely, a modified MB algorithm, which is characterized
by high dynamic performances, is supposed to fulfill both
steady state and dynamic operations with a reduced error.

B. MB RPP Tracker

MB algorithms are based on the physical behavior of the
panel; for this reason, they can theoretically predict not only
the MPP but also a generic point outside the maximum as long
as the simplification hypothesis is met. In particular, the four-
parameters algorithm requires the PV current to be not far from
the MP current. This constraint is fulfilled in the leftmost part
of the V—I curve due to the flatness of the PV characteristic.

Considering (2), it has already been demonstrated that by
using a current different from Iyp, the algorithm converges in
a few steps to the MP voltage. Therefore, if the ratios between
the voltage and current at the desired RP and the voltage and
current at the MPP are known, it would be possible to work
at any chosen power by altering the original equation.

If the following coefficients are introduced:

\%
Ky = 22
Vmp
I
K= & 3)
Ivip

as the voltage and current ratio coefficients, by substituting (3)
in the MB MPP tracker (2), the RPP tracking (RPPT) equation
can be obtained

I I
Var = Ky (Ao + AT + Ay 1n(£) + A, 1n2(3)). 4)
K, K,
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Fig. 1. MB RPPT control strategy.

By implementing (4) in such a way, it will theoretically
converge to any desired power level, in the same manner
that the traditional equation (2) would converge to the MPP.
It is worth highlighting that the MB coefficients are the ones
already evaluated for the MPP tracker; therefore, they are
constant with respect to the desired power level.

It should be underlined that the power reduction factor
cannot be assumed equal to the voltage reduction factor Ky;
hence, the value of Ky must be numerically found.

Implementing a control strategy based on the RPPT equa-
tion onto a dc/dc boost converter (in case of a two-stage
configuration) or inverter would consist of the logic shown
in Fig. 1. The requested power level is an input provided to
the algorithm. The MB equation requires the measurement of
current and temperature of the panel and provides an output the
reference voltage. The measured voltage is subtracted from the
reference voltage and the result is propagated to a PI controller,
which defines the required duty cycle.

C. Parameters Identification

For the traditional MB algorithm, also in this case, the
parameters must be identified on a real database of curves.
First, the Ap—A3 parameters can be identified using a weighted
least squares approach.

From the N acquired V—I characteristics, Vyp and Iyp have
been computed; together with the related temperature 7p, the
problem can be written in the following form:

IH(IMPJ) IHZ(IMPJ)

Vi 1 Tp, Ao

Vmp2 B 1 Tpo  In(lwpp) In? (Ivp2) A

I : : : Az

VMmpPN 1 Tpy In(lwey) In*(Iwpw) A3
Vump = FA. &)

A good tradeoff between complexity and accuracy in the
inversion of the problem is given by using a weighted least
squares approach, in which the maximum power provides the
weight matrix; in this case, the minimization is performed in
the produced power

Pyp(1) 0 0
0 Pyp(2
P W ()
: : 0
0 0 Pyip(N)

Awis = (F TPMPF)_IPMPFTVMP (6)
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Fig. 2. Experimental setup.

Since a full dataset of -V curves has been generated, the
values of Ky and K;, for any power level, can be found
using (3).

IV. DATABASE COLLECTION

To test the proposed algorithm, an actual set of PV curves
has been acquired on a real test panel, consisting of 72 cells
and characterized by a short-circuit current I, = 5.36 A,
an open voltage Vy = 44.2 V, and rated power P, = 180 W.
The curves have been acquired employing a linear load con-
nected to the panel able to vary the voltage at its terminal from
short-circuit to open-circuit voltage. A linear variation has
been chosen between the two-panel states in a ramp time equal
to 100 ms while acquiring PV current and voltage. The voltage
has been measured using a resistive divider, while the current
has been acquired through a closed-loop Hall effect sensor
(LA25NP). The transducers’ outputs have been connected to a
DAQ board and then acquired by a PC, which also controls the
voltage ramp of the linear load. Each curve has been acquired
with a 100-kHz sampling frequency. A 1-min delay has been
inserted between two consecutive acquisitions.

It is well known that the panel VI characteristics strictly
depend on irradiation and temperature; therefore, it is also
necessary to monitor their values. A CMP21 pyranometer has
been used to acquire solar radiation, while a PT100 RTD has
been placed to measure the panel temperature. The whole
setup is depicted in Fig. 2. 113 days of real measurement data
over a six-months interval were used, including cloudy days
and partial shading. The total number of considered curves is
equal to 55 613.

V. ALGORITHM VALIDATION

The collected database has been used to validate the pro-
posed algorithm. Its performance is evaluated when power
ranging from 20% to 100% of its maximum power is needed.

A. Parameters Identification

To focus the attention on the power control algorithm, the
Awrs coefficients have been periodically updated, as it is
known that they vary over time [39]. In particular, a monthly
update has been chosen, by considering data collected on
the first sunny day. The coefficients have been calculated
according to (6), and the results are listed in Table I.
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TABLE I
ESTIMATED PARAMETERS AwLs
Date of 1
estimation 40 [V] 4, [VKT] 4>[V] A;[V]
26/01 37.667 -0.136 -1.173 -0.878
01/03 37.019 -0.110 -1.011 -1.307
03/04 37.256 -0.133 -0.681 -1.520
13/05 36.992 -0.152 0.367 -2.198
18/06 37.967 -0.189 -0.197 -1.529
0.3 T T T DKV.ZO
E]KVAO
:lKV.()O
021 (L.
0.1
0
0.2 0.4 0.6
KV
Fig. 3. Ky distribution for level of generated power from 20% (blue bars)

to 80% (purple bars) of the maximum available power.

0.06

EX,

Fig. 4. K| distribution for level of generated power from 20% (blue bars)
to 80% (purple bars) of the maximum available power.

Ky and K; have been first calculated for all the V—I curves
with generated power from 20% to 100% of the maximum
available power with a step of 5%. In Figs. 3 and 4, the
distributions of the calculated Ky and K; for generating 20%,
40%, 60%, and 80% of the maximum available power are
shown.

From the figures, it can be clearly seen a different behavior
between Ky and K; distributions. In the first case, the values
of Ky are noticeably different from each other and their
distribution width increases with the power value. Moreover,
the mean value of each distribution is negatively biased with
respect to the value of the RP, but a high correlation can be
observed. On the other hand, K; distributions, in any case,
are practically overlapped: this can be explained by the flat
characteristic of the VI curve at low voltage levels. Also, the
standard deviation of the different K; values is similar, and
so the correlation of K; with respect to the power reduction
is limited. This leads to a good estimation of the MPP current
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Fig. 5. Calculated mean value for voltage ratio coefficient Ky, using the
three presented strategies.
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Fig. 6. Calculated mean value for current ratio coefficient K, using the

three presented strategies.

starting from any point of the characteristic in one single
iteration.

From a practical implementation point of view, a single
value of Ky and K; has to be chosen for the tracker. In this
respect, three strategies to obtain Ky and K; have been
analyzed using the available data.

The first one was to calculate the mean value of Ky and
K; using all the 55613 available data. The second approach
was to calculate the values of Ky and K; considering a single
day of observation. In this regard, a day in the middle of
the six-months observation has been selected: May 13. The
mean values of Ky and K; have been calculated and used as
parameters of the algorithm. The third strategy was to calculate
the coefficients using simulated data. To this end, a panel was
designed in Simulink with very similar characteristics to the
real panel, namely, a short-circuit current of [, = 5.37 A
and open-circuit voltage of Vy = 44.5 V. However, its rated
power was reduced to 173.6 W. This is because the real
data were acquired after the panel had been operating on
the roof for seven years and a panel capacity degradation
of 0.5% per year was considered. By connecting the panel to
an ideal voltage source with varying voltage, 1000 complete
I-V curves were computed under different irradiation and
temperature conditions. Afterward, using the same strategy for
the actual data, the mean values of the voltage and current
ratios were calculated.

The blue dotted lines in Figs. 5 and 6 represent the standard
deviation limit of the distribution of voltage and current ratios
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obtained from all data. As it can be seen from the same
two figures, using one day of measurements, or even data
obtained from simulation leads to very similar values for the
voltage and current ratios, for the various power levels. All of
them fall within one standard deviation range. The K; ratio
coefficient for lower power levels, obtained in simulation,
diverges from the other two but still also remains within one
standard deviation. It also leads to very similar RP operation,
as it will be shown in the following. Therefore, considering
simulated data, the mean value over one day or the total
number of curves should not give very different results.

Figs. 4 and 6 show that the coefficient K; is not affected
much by the power reduction. As stated before, this feature
is due to the shape of V-I curve of the panel, for which
the current slope between short circuit and MPP is low.
On the other side, different considerations can be made for Ky
(see Figs. 3 and 95). Its value strongly depends on the chosen
power reduction, and it decreases by decreasing the power
request. Again, it has to be highlighted that this value cannot
be considered equal to the power reduction, and it cannot be
considered constant in the overall set of data.

B. Performance Evaluation

As aforementioned, the scope of this article is the evaluation
of the algorithm accuracy when it works between 20% and
100% of the maximum available power, with different evalu-
ation strategies of the reduction coefficients. For this reason,
the error in the estimation of the RP has been calculated on
the overall set of 55 613 curves. Each of the three estimation
methods of Ky and K; has been considered and the results
have been compared.

The relative error has been used to evaluate the performance
of the RPPT algorithm. Since the maximum power for every
point of analysis is a priori known, the relative error can be
computed

erp(k) = Prp(k) — K Pup (k) e

Py

where Prp is the power predicted by the algorithm, Ky is
the power reduction factor, and Pyp is the theoretical MPP.
According to the european union (EU) regulation [40], the
power plant working in power curtailment mode must operate
with an error lower than +2.5% with respect to the nominal
power P,.

If the +2.5% limit is considered, the percentage of the curve
inside those bounds can be seen in Table II. The worst results
are obtained for working at 85% of maximum available power,
and even in this case, the algorithm is operating adequately
for 97.93%-98.04% of the data, depending on which set of
coefficients are used. For all other power levels, the algorithm’s
accuracy is even higher, according to the limits defined by the
standard.

In Fig. 7, the relative error distribution is shown for working
at 85% of maximum power, using the three sets of coefficients.
Similar or narrower distributions are also obtained when
working at all other power levels. Through linear interpolation,
the value of Ky and K; can be obtained for any desired power
level. In this work, using linear interpolation, Ky and K; are

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 72, 2023

TABLE I

PERCENTAGE OF CURVES FALLING WITHIN THE
+2.5% LIMIT FOR DIFFERENT POWER LEVELS

Power level All real Real data, Simulated
[%] data 13 May data
20 99.998 99.998 99.998
25 99.992 99.993 99.989
30 99.985 99.985 99.976
35 99.974 99.976 99.942
40 99.931 99.932 99.887
45 99.871 99.878 99.816
50 99.801 99.801 99.732
55 99.670 99.666 99.625
60 99.458 99.456 99.474
65 99.172 99.170 99.242
70 98.840 98.823 98.906
75 98.433 98.408 98.521
80 98.068 98.046 98.204
85 97.961 97.928 98.044
90 98.115 98.110 98.117
95 98.583 98.583 98.645
I
=== All Data

06f % |====May 13 Data

0.5k Simulated Data| |

041

0371

0271

0.1r

0 — — o 3 N P — -
-5 0 5
€ (%)

Fig. 7.  Error distribution when the PV panel is required to work at 85%
of the maximum power (blue bars when Ky and K; are calculated by using
all data, red bars when using one day of observation, and yellow bars when
using simulated data).

calculated for the desired point of 82.5% of maximum power
from the known values of the ratios for 80% and 85% of
maximum power. This power level is chosen because it is the
middle point between the two power levels, for which the
algorithm’s performance is the worst. In Table III, it is shown
that the algorithm can track this desired power with similar
accuracy to 80% of maximum power, with 97.93%-98.08%
of the data remaining inside the £2.5% limit. Furthermore,
the relative error distribution remains similar and is shown
in Fig. 8.
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TABLE III

PERCENTAGE OF DATA FALLING WITHIN £2.5% LIMIT
FOR 82.5% OF MAXIMUM POWER

Power level All real data Real data, Simulated
[%] 13 May data
82.5 97.9257 97.9501 98.0834

I
. === Al] Data
06 \ ====May 13 Data
05} Simulated Data| |
0.4+
03F
0271
0.1
0 o M o . L \'""- [T —
-5 0 5

€ (%)

Fig. 8. Error distribution when the PV panel is required to work at 82.5%
of the maximum power (blue bars when Ky and K; are calculated by using
all data, red bars when using one day of observation, and yellow bars when
using simulated data).

From the figures, it can be seen the remarkable performance
of the proposed algorithm. In fact, the algorithm seems to
reach the limit imposed by the TSO in about all the panel
working conditions with a single constant coefficient in both
cases. However, a little positive bias can be observed in the
error distribution in both cases. Bias could be explained by
the total number of bad curves (i.e., with heavy shading
or measurement error) not neglected during the estimation
process and a possible correlation of the values of Ky and
K; due to panel temperature and solar radiation.

On the other hand, considering the symmetric 90th per-
centile of the distributions, the error falls under £1.5% in
all the considered cases. It has to be underlined that no
filtering has been performed on the VI database. Comparing
the results with the ones obtained in [38], the errors of the
proposed MB RPPT algorithm are in line with the ones
obtained by the other algorithms when they are asked to
work in a steady-state RPP condition (a mean value of 2%
for the MB RPP against 0.5%-6.8%) and in a steady-state
MPP condition [25] (a mean value of 0.2% versus 0.6%-8.9%
reached by the other algorithms).

C. RPPT Algorithm Uncertainty

Finally, it is useful to evaluate the error introduced by the
uncertain knowledge of the values of Ky and K;. When the
algorithm is working in real conditions, it will not be possible
to obtain an updated value of the reduction factors. For this
reason, the error introduced by using the values Ky and K;
from the proposed strategies has been evaluated against the
accuracy achieved by the algorithm using the correct values
of Ky and K;, namely, the impact of the use of a single
couple of Ky—K; has been determined. If the error values
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Fig. 9.  Error distribution when the PV panel is required to work at 80%
using the actual Ky and K; values and the one calculated from the simulated
curve.

are overlapped to the one obtained by using the outputs of the
three described strategies of evaluation of the reduction factors,
it means that the contribution to the error in the RPPT due to
the unknowledge of the correct reduction factors is negligible.

For this reason, for each curve, the actual values of Ky and
K; have been evaluated and the algorithm has been forced
to work with the obtained values. Then, the error has been
computed again as in (7) and compared with the ones obtained
in Section V-B. As an example, the error distribution for a
generation of 80% of the available power is shown in Fig. 9.

As expected, the error distribution increases when a single
Ky—K; couple is used; when the actual values are calculated
and employed in the algorithm, the distribution has reduced
second-order moment (in the considered case, the standard
deviation is equal to 0.82% against 0.92%). However, the use a
single extraction of Ky and K; does not significantly affect the
95th percentile of the distribution nor the 2.5% limit imposed
by the standard. The error is obviously increased in its standard
deviation, but as it is far from being a Gaussian, this is not
reflected in its percentile. Therefore, from a metrological point
of view, the employment of a single couple of values of Ky
and K, slightly increases the overall uncertainty, but still it is
fully compliant with the TSO requirements for more than the
98% of the observations.

VI. CONCLUSION

Grid-tied PV systems are designed to operate at maximum
available power, do not have any stored energy, and therefore
do not participate in power network frequency regulation.
As the penetration of PVs in the grid is increasing, it becomes
more and more strategic to provide these plants the ability to
vary their power production according to the request of the grid
operators. In the optics of the control of any panel singularly,
the authors have proposed an MB power curtailment algorithm
designed to operate at 20%-100% of maximum available
power, starting from an MB MPP tracker. A model estimation
procedure has been carried out, and the algorithm has been
validated for different power levels using 113 days of mea-
surement data collected over a six-months interval. It has been
demonstrated that similar results can be achieved by obtaining
the values of the parameters Ky and K; by simulating a single
standard curve. Results confirm the goodness of the algorithm
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by reaching the TSO requirement in more than 98% of the
measured data in the overall observed power range. Moreover,
it has been demonstrated that, from a metrological point of
view, the employment of a single couple of values of Ky
and K; rather than the actual values of Ky and K; computed
on each curve slightly increases the overall uncertainty, but
still it is fully compliant with the TSO requirements. Similar
results are expected when a string is considered, as the model
is based on the electrical behavior of a single cell. Due to its
flexibility and robustness, this could be the first step in the
practical implementation of the participation of PV plants in
power network regulation.

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

REFERENCES
REN21. (2022). Renewables 2022: Global Status Report.
[Online]. Available: https://www.ren21.net/wp-content/uploads/2019/

05/GSR2022_Full_Report.pdf

Solar Power Europe. (2022). Global Market Outlook for Solar
Power 2022-2026. [Online]. Available: https://www.solarpowereurope.
org/global-market-outlook-2022-2026

Technical Guideline: Generating Plants Connected to the Medium-
Voltage Network, BDEW Bundesverband der Energie-und Wasser-
wirtschaft e.V, DEW, Berlin, Germany, 2008.

D. Energinet, “Technical regulation 3.2.2 for PV power plants with
a power output above 11 kW,” Energinet.dk, Fredericia, Denmark,
Tech. Rep. 14/17997-39, 2015.

C. A. Hill, M. C. Such, D. Chen, J. Gonzalez, and W. M. Grady,
“Battery energy storage for enabling integration of distributed solar
power generation,” IEEE Trans. Smart Grid, vol. 3, no. 2, pp. 850-857,
Jun. 2012, doi: 10.1109/TSG.2012.2190113H.

W. Ma et al., “Optimal allocation of hybrid energy storage systems for
smoothing photovoltaic power fluctuations considering the active power
curtailment of photovoltaic,” IEEE Access, vol. 7, pp. 74787-74799,
2019, doi: 10.1109/ACCESS.2019.2921316.

R. Rajan, F. M. Fernandez, and Y. Yang, “Primary frequency control
techniques for large-scale PV-integrated power systems: A review,”
Renew. Sustain. Energy Rev., vol. 144, Jul. 2021, Art. no. 110998, doi:
10.1016/j.rser.2021.110998.

S. Shivashankar, S. Mekhilef, H. Mokhlis, and M. Karimi, “Mitigating
methods of power fluctuation of photovoltaic (PV) sources—A review,”
Renew. Sustain. Energy Rev., vol. 59, pp. 1170-1184, Jun. 2016, doi:
10.1016/j.rser.2016.01.059.

M. R. Aghamohammadi and H. Abdolahinia, “A new approach for
optimal sizing of battery energy storage system for primary frequency
control of islanded microgrid,” Int. J. Electr. Power Energy Syst., vol. 54,
pp. 325-333, Jan. 2014, doi: 10.1016/j.ijepes.2013.07.005.

W. A. Omran, M. Kazerani, and M. M. A. Salama, “Investigation of
methods for reduction of power fluctuations generated from large grid-
connected photovoltaic systems,” IEEE Trans. Energy Convers., vol. 26,
no. 1, pp. 318-327, Mar. 2011, doi: 10.1109/TEC.2010.2062515.

S. Liao, J. Xu, Y. Sun, Y. Bao, and B. Tang, “Wide-area measurement
system-based online calculation method of PV systems de-loaded mar-
gin for frequency regulation in isolated power systems,” IET Renew.
Power Gener., vol. 12, no. 3, pp. 335-341, Feb. 2018, doi: 10.1049/iet-
rpg.2017.0272.

B. Yang, X. Wang, D. Xie, and Y. Guo, “Novel control strategy
of grid-connected photovoltaic power supply for frequency regula-
tion,” J. Eng., vol. 2019, no. 16, pp. 1488-1491, Mar. 2019, doi:
10.1049/j0e.2018.8590

H. Yuan et al., “Machine learning-based PV reserve determination
strategy for frequency control on the WECC system,” in Proc. IEEE
Power Energy Soc. Innov. Smart Grid Technol. Conf. (ISGT), Feb. 2020,
pp. 1-5, doi: 10.1109/ISGT45199.2020.9087744.

J. Dajun, Z. Lei, Z. Dawei, C. Ning, and Q. Minhui, “Research on PV
generation participating in power grid frequency regulation,” in Proc.
China Int. Conf. Electr. Distrib. (CICED), Sep. 2018, pp. 1713-1717,
doi: 10.1109/CICED.2018.8592122.

R. Rajan and F. M. Fernandez, “Power control strategy of photovoltaic
plants for frequency regulation in a hybrid power system,” Int. J. Electr.
Power Energy Syst., vol. 110, pp. 171-183, Sep. 2019.

[16]

(171

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

(30]

(31]

(32]

[33]

[34]

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 72, 2023

A. Hoke and D. Maksimovic, “Active power control of photovoltaic
power systems,” in Proc. Ist IEEE Conf. Technol. Sustainability
(SusTech), Aug. 2013, pp. 70-77, doi: 10.1109/SusTech.2013.6617300.
Minimum Technical Requirements for Photovoltaic Generation (PV)
Projects, Puerto Rico Electric Power Authority, San Juan, Puerto Rico,
Nov. 2011.

A. Sangwongwanich, Y. Yang, F. Blaabjerg, and H. Wang, “Bench-
marking of constant power generation strategies for single-phase grid-
connected Photovoltaic systems,” IEEE Ind. Appl. Mag., vol. 54, no. 1,
pp. 447-457, Jan./Feb. 2018, doi: 10.1109/TIA.2017.2740380.

A. Sangwongwanich, Y. Yang, and F. Blaabjerg, “High-performance
constant power generation in grid-connected PV systems,” IEEE Trans.
Power Electron., vol. 31, no. 3, pp. 1822-1825, Mar. 2016.

H. D. Tafti, A. Sangwongwanich, Y. Yang, G. Konstantinou, J. Pou,
and F. Blaabjerg, “A general algorithm for flexible active power control
of photovoltaic systems,” in Proc. IEEE Appl. Power Electron. Conf.
Expo. (APEC), Mar. 2018, pp. 1115-1121, doi: 10.1109/APEC.2018.
8341156.

M. Faifer, L. Cristaldi, S. Toscani, P. Soulantiantork, and M. Rossi,
“Iterative model-based maximum power point tracker for photovoltaic
panels,” in Proc. IEEE Int. Instrum. Meas. Technol. Conf. (I2MTC),
May 2015, pp. 1273-1278, doi: 10.1109/12MTC.2015.7151456.

P. Soulatiantork, L. Cristaldi, M. Faifer, C. Laurano, R. Ottoboni, and
S. Toscani, “A tool for performance evaluation of MPPT algorithms for
photovoltaic systems,” Measurement, vol. 128, pp. 537-544, Nov. 2018,
doi: 10.1016/j.measurement.2018.07.005.

L. Cristaldi, M. Faifer, C. Laurano, E. Petkovski, S. Toscani,
and R. Ottoboni, “An innovative model-based algorithm for power
control strategy of photovoltaic panels,” in Proc. IEEE Int.
Instrum. Meas. Technol. Conf. (I2MTC), May 2022, pp. 1-6, doi:
10.1109/12MTC48687.2022.9806605.

L. Cristaldi, M. Faifer, C. Laurano, R. Ottoboni, E. Petkovski, and
S. Toscani, “Reduced power model-based tracker for photovoltaic pan-
els,” in Proc. IEEE 16th Int. Conf. Compat., Power Electron., Power
Eng. (CPE-POWERENG), Jun. 2022, pp. 1-6.

L. Cristaldi, M. Faifer, C. Laurano, R. Ottoboni, and S. Toscani,
“Experimental comparison of MPPT algorithms,” in Proc. IEEE
Int. Instrum. Meas. Technol. Conf., May 2016, pp. 1-6, doi:
10.1109/12MTC.2016.7520569.

L. Cristaldi, M. Faifer, C. Laurano, R. Ottoboni, S. Toscani, and
M. Zanoni, “Model-based maximum power point tracking for pho-
tovoltaic panels: Parameters identification and training database col-
lection,” IET Renew. Power Gener.,, vol. 14, no. 15, pp. 2876-2884,
Nov. 2020, doi: 10.1049/iet-rpg.2020.0101.

V. A. K. Pappu, B. Chowdhury, and R. Bhatt, “Implementing fre-
quency regulation capability in a solar photovoltaic power plant,”
in Proc. North Amer. Power Symp., Sep. 2010, pp. 1-6, doi:
10.1109/NAPS.2010.5618965.

A. Sangwongwanich, Y. Yang, and F. Blaabjerg, “Sensorless reserved
power control strategy for two-stage grid-connected photovoltaic sys-
tems,” in Proc. IEEE 7th Int. Symp. Power Electron. Distrib. Gener.
Syst. (PEDG), Jun. 2016, pp. 1-8, doi: 10.1109/PEDG.2016.7527032.

A. Hoke, E. Muljadi, and D. Maksimovic, “Real-time photovoltaic
plant maximum power point estimation for use in grid frequency
stabilization,” in Proc. IEEE 16th Workshop Control Modeling Power
Electron. (COMPEL), Jul. 2015, pp. 1-7.

Q. Li and M. E. Baran, “A novel frequency support control method for
PV plants using tracking LQR,” IEEE Trans. Sustain. Energy, vol. 11,
no. 4, pp. 2263-2273, Oct. 2020, doi: 10.1109/TSTE.2019.2953684.

P. Verma, T. Kaur, and R. Kaur, “Power control strategy of an inte-
grated PV system for active power reserve under dynamic operating
conditions,” Sustain. Energy Technol. Assessments, vol. 45, Jun. 2021,
Art. no. 101066, doi: 10.1016/j.seta.2021.101066.

H. Xin, Y. Liu, Z. Wang, D. Gan, and T. Yang, “A new frequency
regulation strategy for photovoltaic systems without energy storage,”
IEEE Trans. Sustain. Energy, vol. 4, no. 4, pp. 985-993, Oct. 2013,
doi: 10.1109/TSTE.2013.2261567.

Z. Wang et al., “Active power control of voltage-controlled photovoltaic
inverter in supporting islanded microgrid without other energy sources,”
IEEE J. Emerg. Sel. Topics Power Electron., vol. 10, no. 1, pp. 424-435,
Feb. 2022, doi: 10.1109/JESTPE.2021.3069700.

E. Batzelis, G. Kampitsis, and S. Papathanassiou, “Power reserves
control for PV systems with real-time MPP estimation via curve fitting,”
IEEE Trans. Sustain. Energy, vol. 8, no. 3, pp. 1269-1280, Jul. 2017,
doi: 10.1109/TSTE.2017.2674693.


http://dx.doi.org/10.1109/TSG.2012.2190113H
http://dx.doi.org/10.1109/ACCESS.2019.2921316
http://dx.doi.org/10.1016/j.rser.2021.110998
http://dx.doi.org/10.1016/j.rser.2016.01.059
http://dx.doi.org/10.1016/j.ijepes.2013.07.005
http://dx.doi.org/10.1109/TEC.2010.2062515
http://dx.doi.org/10.1049/iet-rpg.2017.0272
http://dx.doi.org/10.1049/iet-rpg.2017.0272
http://dx.doi.org/10.1049/iet-rpg.2017.0272
http://dx.doi.org/10.1109/ISGT45199.2020.9087744
http://dx.doi.org/10.1109/CICED.2018.8592122
http://dx.doi.org/10.1109/SusTech.2013.6617300
http://dx.doi.org/10.1109/TIA.2017.2740380
http://dx.doi.org/10.1109/APEC.2018.8341156
http://dx.doi.org/10.1109/APEC.2018.8341156
http://dx.doi.org/10.1109/APEC.2018.8341156
http://dx.doi.org/10.1109/I2MTC.2015.7151456
http://dx.doi.org/10.1016/j.measurement.2018.07.005
http://dx.doi.org/10.1109/I2MTC48687.2022.9806605
http://dx.doi.org/10.1109/I2MTC.2016.7520569
http://dx.doi.org/10.1049/iet-rpg.2020.0101
http://dx.doi.org/10.1109/NAPS.2010.5618965
http://dx.doi.org/10.1109/PEDG.2016.7527032
http://dx.doi.org/10.1109/TSTE.2019.2953684
http://dx.doi.org/10.1016/j.seta.2021.101066
http://dx.doi.org/10.1109/TSTE.2013.2261567
http://dx.doi.org/10.1109/JESTPE.2021.3069700
http://dx.doi.org/10.1109/TSTE.2017.2674693

CRISTALDI et al.: POWER GENERATION CONTROL ALGORITHM FOR THE PARTICIPATION OF PV PANELS

[35] E. L. Batzelis, S. A. Papathanassiou, and B. C. Pal, “PV system control
to provide active power reserves under partial shading conditions,” IEEE
Trans. Power Electron., vol. 33, no. 11, pp. 9163-9175, Nov. 2018, doi:
10.1109/TPEL.2018.2823426.

[36] A. Sangwongwanich, Y. Yang, F. Blaabjerg, and D. Sera, “Delta power
control strategy for multistring grid-connected PV inverters,” [EEE
Trans. Ind. Appl., vol. 53, no. 4, pp. 3862-3870, Jul. 2017.

[37] T. Hua, X. Yan, and W. Fan, “Research on power point tracking
algorithm considered spinning reserve capacity in gird-connected pho-
tovoltaic system based on VSG control strategy,” in Proc. IEEE 3rd
Int. Future Energy Electron. Conf. ECCE Asia (IFEEC ECCE Asia),
Jun. 2017, pp. 2059-2063, doi: 10.1109/IFEEC.2017.7992368.

[38] H. D. Tafti et al., “Extended functionalities of photovoltaic systems
with flexible power point tracking: Recent advances,” IEEE Trans.
Power Electron., vol. 35, no. 9, pp. 9342-9356, Sep. 2020, doi:
10.1109/TPEL.2020.2970447.

[39] L. Cristaldi, M. Faifer, C. Laurano, G. Leone, and S. Toscani, “Model
based maximum power point tracker stability over time,” in Proc. 6th
Int. Conf. Clean Electr. Power (ICCEP), Jun. 2017, pp. 591-595, doi:
10.1109/ICCEP.2017.8004748.

[40] Commission Regulation (EU) 2016/631. (Apr. 2016). Establishing a
Network Code on Requirements for Grid Connection of Generators.
[Online]. Available: https://eur-lex.europa.eu/eli/reg/2016/631/0j

Loredana Cristaldi (Senior Member, IEEE)
received the M.Sc. degree in electrical engineer-
ing from the University of Catania, Catania, Italy,
in 1992, and the Ph.D. degree in electrical engi-
neering from the Politecnico di Milano, Milan, Italy,
in 1995.

In 1999, she joined the Politecnico di Milano,
as an Assistant Professor. She is currently a Full
Professor of electrical and electronic measurement
with the Dipartimento di Elettronica, Informazione
e Bioingegneria, Politecnico di Milano. Her current
research interests include the measurements of electric quantities under
nonsinusoidal conditions, virtual instruments, and measurement methods for
monitoring and fault diagnosis.

Prof. Cristaldi is a member of the TC 315 CEI (WG6) and a Counselor of
the IEEE Student Branch of the Politecnico di Milano.

Marco Faifer (Senior Member, IEEE) was born
in Bormio, Italy, in 1978. He received the Laurea
degree in electronic engineering and the Ph.D.
degree in electrical engineering from the Politec-
nico di Milano, Milan, Italy, in 2003 and 2009,
respectively.

He is currently an Associate Professor with
the Dipartimento di Elettronica, Informazione e
Bioingegneria, Politecnico di Milano. His scien-
tific activity is mainly concerned with DSP tech-
niques and the development of industrial sensors and
devices for high-voltage measurements. Moreover, he develops measurement
algorithms for the characterization of electrical components and materials.
He also works in the field of diagnostics for electrical devices.

9000809

Christian Laurano (Member, IEEE) was born in
Lodi, Italy, in 1990. He received the M.Sc. and Ph.D.
degrees (cum laude) in electrical engineering from
the Politecnico di Milano, Milan, Italy, in 2014 and
2018, respectively.

From 2018 to 2020, he was a Post-Doctoral
Researcher with the Politecnico di Milano. From
2020 to 2021, he was with the Measurement and
Diagnostic Group, Transmission and Distribution
Technology Department, RSE SpA, Milan. He is
currently an Assistant Professor with the Diparti-
mento di Elettronica, Informazione e Bioingegneria, Politecnico di Milano.
His main research interests include innovative methods to model and charac-
terize electrical transducers, diagnostic techniques devoted to electrical grid
components, and power quality monitoring.

Roberto Ottoboni (Fellow, IEEE) received the
Laurea and Ph.D. degrees from the Politecnico di
Milano, Milan, Italy, in 1987 and 1992, respectively.

He is currently a Full Professor of electrical and
electronic measurements with the Dipartimento di
Elettronica, Informazione e Bioingegneria, Politec-
nico di Milano. His research fields range from
the study and analysis of digital signal processing
techniques for measurement to the study and imple-
mentation of sensors, transducers, and measurement
systems for electrical quantities for industrial appli-
cations, with particular attention to innovative sensors for medium and high
voltages and high current.

Dr. Ottoboni was the Chair of the Electrical Engineering Department,
Politecnico di Milano, from January 2009 to December 2012.

Emil Petkovski (Graduate Student Member,
IEEE) was born in Skopje, North Macedonia on
September 8, 1994. He received the M.Sc. degree
in electrical engineering from the Politecnico di
Milano, Milan, Italy, in 2020.

He is currently a Ph.D. Researcher at the Depar-
tment of Electronics, Information and Bioengi-
neering (DEIB), Politecnico di Milano. His current
research activities are in the field of electrical
measurements, photovoltaic systems, data driven
state of health and end-of-life prediction of Li-ion
batteries, and the digital twin paradigm.

Sergio Toscani (Senior Member, IEEE) received
the M.Sc. and Ph.D. degrees (summa cum laude)
in electrical engineering from the Politecnico di
Milano, Milan, Italy, in 2011.

From 2011 to 2020, he was an Assistant Profes-
sor of electrical and electronic measurement with
the Dipartimento di Elettronica, Informazione e
Bioingegneria, Politecnico di Milano, where he cur-
rently serves as an Associate Professor. His research
activity is mainly focused on the development and
testing of current and voltage transducers, measure-
ment techniques for power systems, electrical components, and systems
diagnostics.

Dr. Toscani is the member of the IEEE Instrumentation and Measurement
Society and of the IEEE TC-39 - Measurements in Power Systems.

Open Access funding provided by ‘Politecnico di Milano’ within the CRUI CARE Agreement


http://dx.doi.org/10.1109/TPEL.2018.2823426
http://dx.doi.org/10.1109/IFEEC.2017.7992368
http://dx.doi.org/10.1109/TPEL.2020.2970447
http://dx.doi.org/10.1109/ICCEP.2017.8004748

