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Abstract: Integrating renewable energy sources into power systems is crucial for achieving global
decarbonization goals, with wind energy experiencing the most growth due to technological advances
and cost reductions. However, large-scale wind farm integration presents challenges in balancing
power generation and demand, mainly due to wind variability and the reduced system inertia from
conventional generators. This review offers a comprehensive analysis of the current literature on
wind power forecasting and frequency control techniques to support grid-friendly wind energy
integration. It covers strategies for enhancing wind power management, focusing on forecasting
models, frequency control systems, and the role of energy storage systems (ESSs). Machine learning
techniques are widely used for power forecasting, with supervised machine learning (SML) being the
most effective for short-term predictions. Approximately 33% of studies on wind energy forecasting
utilize SML. Hybrid frequency control methods, combining various strategies with or without ESS,
have emerged as the most promising for power systems with high wind penetration. In wind
energy conversion systems (WECSs), inertial control combined with primary frequency control is
prevalent, leveraging the kinetic energy stored in wind turbines. The review highlights a trend toward
combining fast frequency response and primary control, with a focus on forecasting methods for
frequency regulation in WECS. These findings emphasize the ongoing need for advanced forecasting
and control methods to ensure the stability and reliability of future power grids.

Keywords: wind energy; grid integration; wind power forecasting; frequency control; energy storage
system; review

1. Introduction

In the last two decades, renewable energy sources (RESs) have significantly increased
their contribution to the electrical grid, playing an important role in meeting the growing
global energy demand while supporting the urgent need for decarbonization [1]. This shift
toward RESs is driven by the escalating environmental concerns associated with fossil
fuel consumption, including greenhouse gas emissions, air pollution, and the depletion of
non-renewable resources. Governments and energy sectors worldwide have recognized
that transitioning to renewable energy is necessary for environmental sustainability and
offers opportunities for energy security and economic growth [2]. Among the various RES
options, wind energy has emerged as one of the most promising technologies for large-scale
power generation.

The preference for renewable energy sources, particularly wind energy, stems from
several key factors [3]. Firstly, renewable sources like wind, solar, and hydropower offer the
advantage of being abundant and inexhaustible, in contrast to fossil fuels, which are finite
and subject to price volatility. Moreover, renewable energy technologies have seen rapid
advancements in efficiency and cost effectiveness, making them increasingly competitive
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with conventional thermal generation. Wind power, in particular, stands out due to its
scalability, declining costs, and ability to generate substantial amounts of electricity without
emitting carbon dioxide during operation [4]. These characteristics align perfectly with the
global push for sustainable energy solutions that can mitigate the impacts of climate change.

Wind energy has gained significant traction over the past few decades among the
diverse array of renewable energy technologies. This is primarily due to continuous
technological innovation, which has improved turbine efficiency, increased energy capture,
and lowered the levelized cost of energy (LCOE) [5,6]. In 2022 alone, new wind power
projects contributed 117 GW of additional capacity to the global energy mix, bringing total
annual wind power generation to an impressive 544.6 TWh [7,8]. The increasing prevalence
of wind power is further supported by the declining costs associated with its deployment.
The global weighted average for newly designated onshore wind projects saw a notable
decrease of 5% between 2021 and 2022, falling from USD 0.035/kWh to USD 0.033/kWh [9].
This cost reduction is mainly attributable to economies of scale, advancements in turbine
design, and more efficient manufacturing processes, all of which have made wind energy
more accessible and attractive for large-scale integration into power grids.

The economic viability of wind energy, combined with its low environmental impact,
positions it as a key driver in the global transition to cleaner energy systems. As countries
increasingly adopt ambitious renewable energy targets and phase out coal and other high-
emission generation sources, wind power has become a central component of future energy
strategies. The ability to deploy wind farms both onshore and offshore further enhances the
flexibility of this technology, enabling it to be tailored to specific geographic and climatic
conditions. In regions with favorable wind resources, large-scale wind farms can now
provide a substantial portion of the electricity supply, contributing to stabilizing energy
prices and reducing reliance on imported fuels.

However, the output power of a wind farm has a stochastic behavior, making it a
variable energy source. This variability can cause stability problems in the electrical grid
to which it is connected, especially when the penetration level of the RES is high, and the
power system has a certain degree of weakness [10]. Modern wind generation, which
relies on inverter-based grid connection interfaces, masks its inherent inertia from the grid,
thereby diminishing the system’s overall inertial response, which is crucial for maintaining
stability. This lack of visible inertia seriously challenges grid stability, particularly during
disturbances. The main characteristics of a weak power system are the following:

*  Few synchronous generator units are connected to the grid.
¢ Numerous inverter-based resources (IBRs).

¢  Low short-circuit levels (SCLs).

e Low inertia.

A conventional power generation system is based on synchronous generating units,
providing large inertia. Inertia is the kinetic energy stored in the rotating masses of electrical
machines. The inertial response is the intrinsic ability of an electrical system to preserve
frequency after a disturbance. It is an essential component of the dynamics of the electrical
system, mainly when there are numerous disturbances or abrupt changes in the balance
between generation and demand of energy. In case of disturbances, synchronous machines
absorb the stored kinetic energy. The speed of the generator rotor decreases, which reduces
the frequency of the system at a specific rate of change known as the ROCOF (rate of change
of frequency). The balance of generated power and demand is closely related to the ROCOF
by means of the oscillation equation if the power system is considered as a representation
of an equivalent machine [11], where the ROCOF is related to the collective inertia of all the
generators connected during the contingency event and the nominal value of the power
system frequency.

Power systems dominated by synchronous generators (5Gs) are more robust against
power imbalances due to high levels of inertia. In a power system where IBRs replace
SGs, inertia is reduced. As a result, systems with high IBR integration have lower in-
ertia levels and are more prone to instability [11]. For example, in the case described
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in [12], the proportion of RESs in a power system should be at most 20% to handle voltage
fluctuations appropriately. In another case, the maximum level of wind penetration con-
sidered is higher than 40% [13], while an annual RES penetration rate of 35% is reported
as technically feasible in [14]. In 2011, the US Department of Energy (DOE) considered
a maximum contribution of wind electricity of 20% by 2030 [15]. The simulation results
reported in [16] indicate that a penetration level of wind energy of 17.91% combined with
an energy storage system (ESS) keeps the frequency fluctuations of the electrical system
within the permitted limits. The power system used in this reference is an IEEE 9-bus.
The total active power demand of the system is 315 MW, the total apparent power of
synchronous generation is 550 MVA, and the total wind capacity is 120 MW. The only
country with 100% renewable electricity is Iceland. Other countries with high levels of
renewable electricity are Paraguay (99%), Norway (97%), Uruguay (95%), Costa Rica (93%),
Brazil (76%), and Canada (62%) [17]. In all the studies mentioned above, the difference
in wind penetration levels depends on several factors, such as the availability of wind
resources, the resilience capacity of the power system, and the feasibility of reaching the
wind contribution levels, among others.

Figure 1 shows the instantaneous power and average annual power levels as a percent-
age of the load [11,18] divided into three areas: (1) small isolated networks, (2) large isolated
networks, and (3) large networks. As seen in Figure 1, as the size of the power system
increases, the average annual generation decreases. The instantaneous power exceeds
50%, except for the Western Interconnect power system. Other examples of simulations of
power systems with high levels of renewable energy contribution include [19], in which
the authors simulate an IEEE-39 bus power system to perform inertia estimation studies
with a 30% contribution of wind energy. A similar case is presented in reference [20], where
the authors simulate a 27-bus system, where they reach 100% renewable energy and an
ESS. The authors of reference [21] analyze the frequency response of the South Australian
power system, which has 1200 MW wind capacity and 500 MW photovoltaic generation,
to satisfy an average load between 1800 MW and 2500 MW, depending on the time of
the year. The research shows that a power system with an average renewable energy
penetration level of approximately 80% (depending on the time of the year) can withstand
a low-frequency event. An economic impact study is carried out in [22] for the case study
of the island of Ponza, Italy. The objective is to obtain an electrical network of 900 kW,
1.16 MW of PV, and 0.1 MW of co-generation, with a total of 2.16 MW of RESs. In addition,
feasibility studies of using hydrogen systems to increase wind energy penetration are
analyzed in [23-25]. In [25], the authors examine the case study of Anafi Island, Greece,
simulating a grid smaller than 150 MW that combines hydrogen, PV energy, and wind
energy to reach approximately 84% RES penetration. Another case study is presented
in [23] on Flores Island, Portugal, where the wind penetration has increased up to 89%
with the implementation of hydrogen energy storage systems. Ghirardi et al. [24] present
simulations of 100% RES (wind energy, and an ESS based on Li-ion batteries and hydrogen)
in a power system smaller than 150 MW. References [26-28] present different levels of wind
energy penetration: 33.3%, 42%, and 30%, respectively.

Identification of the Need for a Review

Nowadays, wind energy conversion systems (WECSs) feature many active and reactive
power control systems to manage power system variations. Therefore, a frequency (primary,
secondary, and tertiary) and voltage regulation system applied to a WECS must comply
with specific power quality parameters, i.e., maximum/minimum values of frequency
and voltage variation and the ROCOF, among others, in normal operating modes and
contingency events [19,29].
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Figure 1. Percentage of IBR generation vs. system size (modified from [18]).

As documented in the literature, many studies have produced a vast miscellany of
control strategies that could be used as frequency regulation systems. Ahmed et al. [29]
studied the existing challenges for integrating wind energy, such as wind power vari-
ability, voltage and frequency stability, reactive power support, fault management ca-
pabilities, power quality problems, market, and planning, among others. Additionally,
this study reviews methodological solutions such as grid codes, energy storage systems,
and wind power policies, as well as the use of an ESS as an auxiliary frequency system
in a power grid with high wind energy penetration, as seen in some case studies [20,25].
Ayamolowo et al. [28] analyze the gaps in the integration of renewable energies into the
grid, considering different machine technologies that provide synchronous inertia to the
grid, including thermal generators, wind turbines connected directly to the power grid,
pumped hydroelectric energy storage (PHES), compressed air energy storage (CAES),
flywheel energy storage system (FESS), and the implementation of virtual inertia con-
trol systems in hybrid systems (wind and solar). In issues related to inertial control and
frequency control, hybrid systems were found to offer better characteristics than individ-
ual renewable energy systems [28]. The most recent state-of-the-art storage technology
choices are studied to reduce the negative impact of the variable nature of wind power
on the grid, paying particular attention to the benefits and drawbacks of each technology,
such as flywheels, PHES, CAES, different battery storage technology, supercapacitors, and
hydrogen [23-25,30]. Aziz et al. extensively review the frequency regulation capabilities of
WECSs and inertial control systems, including primary and secondary control. Addition-
ally, the authors state that one of the challenges to increasing wind power penetration is
the development of effective wind power forecasting techniques [31].

An overview of the most popular artificial intelligence (Al)-related approaches, their
practical benefits when used in various renewable energy sectors, and their practical contri-
bution to improving overall operational effectiveness and optimizing renewable energy
control modalities is reported in [32]. Typical approaches to Al techniques are artificial neu-
ral networks (ANNSs), fuzzy logic control (FLC), particle swarm optimization (PSO), and ant
colony optimization (ACO), among others. A comprehensive review of conventional and
renewable energy system frequency control techniques is presented in [33]. The authors
focused on the latest trends in control systems related to the deviation of active power
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and frequency from their respective nominal values. The variability in wind power and
its impacts on the power system is analyzed in [34]. This review includes a mathematical
definition to differentiate between intermittency and wind variability. Shrestha et al. [35]
provide in-depth information on the stability problems that contemporary power systems
are experiencing due to the widespread use of power electronic converter-based technolo-
gies and RESs such as solar and wind energy. Another alternative is using wind energy
forecasting methods focused on frequency control tasks or coordinating regulation reserves
for contingencies. According to the authors of reference [36], ANN, FLC, support vector
machine (SVM), and Kalman filter are the techniques most widely used for wind energy
forecasting. Hybrid methods such as ANN combined with wavelet, ANN and SVM, and
ANN and FLC were found to be the methods that presented the best results. Yang et al. [37]
expand on the technologies used for wind power forecasting reviewed in the previous
reference. A critical review of the state of the art of wind energy forecasting methods is
presented in [38]. The authors identify which ANN and hybrid methods are the most used.
Also, they consider the metrics used to obtain each reported method’s performance. They
do not mention possible practical applications of the reviewed methods. Tsai et al. [39]
present a review of different machine learning techniques and numerical weather prediction
(NWP) models applied to wind energy forecasting methods. The authors mention future
work such as improving the methods’ performance, error reduction, and implementing
new techniques to improve the forecast.

Some state-of-the-art reviews relevant to different topics related to wind power fore-
casting, frequency control systems in WECSs, and the use of different ESS technologies
as auxiliary systems for frequency support in networks with a considerable level of wind
power penetration have been presented. In the study in [28,29,31,33], all the inertial control
techniques and primary and secondary frequency controls available in WECSs are high-
lighted separately and the authors do not mention the possible combinations of different
frequency control systems reported in the literature. The present work reviews different
methods (wind power forecasting and frequency control) for integrating WECSs with
different wind power penetration levels into a power system. Furthermore, this manuscript
highlights the coordination or combination of inertial response with primary and sec-
ondary frequency control systems as an opportunity to provide new solutions that optimize
reserve resources and provide ancillary services for frequency control. As mentioned
in reference [31], developing new wind power forecasting techniques allows for higher
wind power penetration levels. This state-of-the-art review presents new wind power
forecasting models based on real case studies to provide an auxiliary system for frequency
control tasks.

Table 1 summarizes the contributions and limitations of the review articles, and high-
lights this manuscript’s contribution opportunities. The organization of this document is as
follows: Section 2 reviews wind power forecasting methods that utilize machine learning
techniques. Section 3 examines various frequency control methods from the literature.
In Section 4, the findings are discussed. Finally, Section 5 presents the conclusions and
potential directions for future research.
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Table 1. Contributions and limitations of analyzed review manuscripts.

Study Contributions Limitations
A summary of the most used ESS technologies for integrating variable
renewable energy sources is analyzed. The authors conclude
that with a 10% penetration level of wind energy, there are no instabilit L . . .
(301, 2015 problems in the Isystem frequency. With a ZO%i};netration level of winc}l] The article is a specific review on ESS technologies.
energy, additional techniques must be considered to maintain frequency
stability in the network.
Establishes definitions of wind energy variability and intermittency.
[34], 2017 The solutions to the problem of wind energy variability are the use of The authors do not discuss frequency control issues. They carry
e ESS, electric vehicles, wind energy forecasting methods, and wind out a general review of wind energy forecasting methods.
speed forecasting.
Th h . . £ inertial 1 The review article mentions the combination of inertial and droop
[31], 2018 e authors carry out an extensive review of inertial control systems, control without going into other methods of combining different
and primary and secondary frequency control in wind energy sources. . P .
control techniques (contribution option).
The review focuses on different ESS technologies that provide
[28], 2020 Analyzes conventional and hybrid solutions for integrating renewable frequency support in renewable energy systems. The article only
! sources, with a hybrid system (use of ESS) being the best solution. discusses virtual inertia control techniques in renewable
energy sources.
The article suggests that researchers should find the link between
wind power forecasting to meet system demand. In this regard,
[29], 2020 A detailed review of different solutions for the integration of wind our review can give an overview of the influence of wind power
! energy sources. forecasting to maintain the required balance between generation
and demand in a power system with considerable wind power
levels (contribution option).
The manuscript analyses and classifies different wind power
The manuscript points out the advantages and disadvantages of forecasting methods. The authors highlight the importance of
[36], 2021 different wind energy forecasting approaches for integrating wind wind power forecasting for resource scheduling tasks one day
energy sources. ahead. However, they do not address the issue of frequency
control assisted by wind power prediction.
- The survey highlights the need to coordinate different frequency NO reviews has been fQund tha't co?trlbut‘e s fo the topic
[35], 2021 . . highlighted above until the review’s publication date
control techniques for different renewable energy sources. A .
(contribution option).
[37], 2021 The paper presents a review that expands the approaches applied to It is a very general review regarding the use of these techniques

wind energy forecasting.

in frequency control.

[32,33], 2022 (both)

Review of different approaches related to artificial intelligence that
could benefit the renewable energy sector and load frequency
control systems.

Only artificial intelligence techniques that may be useful are
summarized, without considering practical implementations in
real scenarios.

2. Wind Power Forecasting

Before presenting the review results on state-of-the-art wind power forecasting meth-
ods, a brief description of wind power ramps, the classification of forecasting methods,
and the forecast horizon time is presented.

The stochastic nature of wind provokes high variations in wind power. In general
terms, these variations in wind power are sudden deviations in the magnitude of wind
energy in a given time, defined by (1):

‘Pw(t"i‘At)_Pw(t)‘ >Apcrit (1)

where Py (t) is the wind power produced in a specific time, At is a time interval corre-
sponding to two consecutive samples, and AP, is a limit value of the variation in the
wind power, normally considered as 50% of the wind farm’s capacity [40-42]. In another
case, in reference [43], AP, is considered to be 3% of the wind farm’s installed capacity.
Probst O. [44] mentions that a critical variation in wind power is 3 MW /min. Figure 2 illus-
trates the wind power variation and the limit values that define ramp events. It is possible
to identify two types of ramp events: ramp-up events, or an excess of wind power; and
ramp-down events, or a lack of wind power. The red dotted line represents the threshold
value for a ramp-up event (Ptl,f), and the blue dotted line represents the threshold value for
a ramp-down event (PtLh).
Wind energy forecasting models can be classified according to their time horizons:

—

Short term: from 10 min to 6 h. Applications: regulation actions and real-time operations.
2. Medium term: from 6 h to 1 day. Applications: load dispatch planning and decisions
on operational security.
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3. Long term: 1 day upwards. Applications: reserve requirements and maintenance
schedules.
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Figure 2. Representation of wind power ramp events.

Table 2 presents the time horizon considered in the studies reported in this review,
which are all short term. Short-term forecasts with a time horizon of 1 h were the most
frequent option. In the case of the wind farm dispatch schedule, the short-term forecast,
between 30 min and 3 h, is the preferred option, according to [40]. The advantage of short-
and medium-term forecasts is their greater accuracy and robustness.

Table 2. Wind power forecast model horizon times revised.

Study Horizon Time/Short Term
[45,46] 10 minto 3 h
[40,47-49] 1h

[43,48] 10minto1lh

[50] lhto6h

[41] 6h

[51] 30minto1lh

[52] 15minto4h

According to the methodology used, wind energy forecasting methods can be classified
into three groups: (1) persistent methods, (2) physical methods, and (3) statistical methods.
These can also be combined in hybrid methods. The differences between each method are
the variables used, the accuracy, the timescale, and the complexity of the method [38].

*  Persistent methods play a key role in comparative studies, as they serve as reference
models for measuring the accuracy of new forecasting methods. Their contribution
to the analysis of improvements in forecasting methods is significant. A persistent
method is a simple model that assumes that the value of a variable in the future will
be the same as in the present or recent past.

*  Physical methods are NWP models. These methods require large amounts of data,
such as wind speed data, wind direction, pressure, and temperature, e.g., to predict
wind speed. With physical methods, time horizons of several hours, even days, can
be obtained.

e  Statistical methods demonstrate high adaptability with their foundation in nonlinear
relationships between wind speed and wind power. Adjusting model parameters,
such as in auto-regressive (AR) models and ANNs, among others, allows for the
training process using historical data to obtain wind power predictions for short
periods without compromising accuracy; e.g., in [40], a ramp power forecasting model
is proposed.
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e Hybrid methods, which are promising combinations of physical and statistical meth-
ods or different statistical methods, hold significant potential for the future of wind
energy forecasting. Their ability to leverage the strengths of each technique to en-
hance prediction accuracy is a cause for optimism despite their inherent complexity.
For example, in reference [53] a combination of long short-term memory (LSTM) and
a convolutional neural network (CNN) is proposed to predict wind energy.

Table 3 summarizes the articles reviewed in this manuscript, with the column la-
beled “others” highlighting models based on other machine learning techniques such as
single-task learning (STL), Kalman filter, random vector functional link network (RVFLN),
and random forest regression (RFR), which are used as reference models in a comparative
study with the newly proposed models.

Additionally, the seventh column indicates whether the articles implement time-series
preprocessing (TS-PP). A “yes” signifies that the article employs a time-series preprocessing
technique, while a “no” indicates the absence of such a technique. The eighth column
indicates whether the forecasting is about wind power (WP). The ninth column indicates
whether the article forecasts wind power ramps (PRs). An “X” marks the type of methods
the new forecast model is compared to and whether it predicts WP or wind PRs. All
manuscripts on wind power forecasting methods or ramps analyzed in this review involved
simulations with real wind farm data.

All studies have a fixed time horizon except for articles [54,55]. The minimum time
horizon is 10 min, and the maximum is 6 h. Gonzélez Sopefia et al. [54] present a method
that predicts wind power one step ahead, and Probst et al. [55] present a forecasting wind
power method for two time steps ahead.

The methods proposed in [40,41,47,48,51,56] have been developed to increase the
efficiency of wind energy/wind power ramp forecasting methods and facilitate the inte-
gration of wind farms in different countries, such as the United States, Uruguay, Brazil,
Spain, India, and China. References [55,57,58] propose wind energy/wind power ramp
forecasting methods to improve the wind energy trimming procedure and increase the
lifetime of components of an ESS. It is typical to find an ESS generic model due to its low
computational cost, as shown in [52,56,57,59].

The methods proposed in [41,43,45-51,53,54,60,61] use new hybrid topologies of ma-
chine learning, support vector regression (SVR), ANN, deep learning (DL), and methods
based on LSTM for forecasting wind power ramps and wind power using real data from
wind farms from different countries. However, these works focus on testing new wind
power forecasting methodologies without visualizing a possible complementary implemen-
tation to frequency control systems. Zucatelli P et al. [48] perform wind power forecasting
and wind power ramps at different heights (81.8 m, 100 m, 101.8 m, 120 m, and 150 m;
which are the heights where the anemometers of the wind farms are located) in tropical
and subtropical areas of Brazil and Uruguay. The good results obtained suggest that the
proposed method can be used as a tool for power grid operators in the energy supply.
Reference [51] concludes that the generalization of a wind power forecasting method is
not possible for the continental Spanish region due to several factors intervening during
the training process of the extreme learning machine (ELM) network. The main result
presented in ref. [46] is the reduction in RMSE and MAE in the wind power forecast using
a model based on several “learners” or trees with the adoption of the ensemble approach.
The authors also highlight that this type of model can predict the behavior of wind turbines
and help prevent failures in the wind conversion system.
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Table 3. Summary of wind power and wind power ramp forecasting methods reviewed.

Comparison Methods
Study Proposed Method TS-PP WP PR Horizon Time Description
ANN SVR AR Model Others

A wind power ramp control to meet the power ramp limit

[59], 2014 Power ramps control and ESS X No X A 30 min from power system with the least demand of ESS and least
step forward .
waste of wind resource.
. . Maintain the same charge/discharge cycles of each of the
[58], 2014 Dispatch a.l gorithm basgd on - No 24 h BESS units and provide support for the variability of wind
stochastic programming
energy produced.
Auto-regressive logic 1to2h, This study proposed wind power event forecasting based
[49], 2017 & & No X ¥ prop p &
! models 1 h resolution on an auto-regressive logic model with six thresholds.
(71,2018 responses throwgh conditionsl S N 1h rectace the varibilty i howrly wind power generagon and.
’ s 1 min resolution .. . :
range metric (CRM) maximize the life span of the fast response unit.
LSTM-ADAM for a coordinated 4h, To guarantee a more accurate and effective dispatch p'lan, the
[52], 2019 dispatch method X Yes X 15 min resolution proposed method resolves the phenomena of over-adjustment
and under-adjustment due to huge forecast errors.
[56], 2019 Ramp classification and ESS X No X 24 h, With the proposed method and a combination of an ESS, the
Y loading /unloading strategies 30 min resolution grid code requirements of China are achieved.
30 min to 3 h The method proposed is used to enhance five wind farms’
[40], 2019 SVR variants Yes X . J (sites from USA, India, and Spain) capacities for ramp event
10'min resolution short-term forecasting.
/ MSAR—swingine door 4h, A wind ramp event forecasting l?a§ed on an MSAR, the authors
[42], 2019 §Ine No X present lower power ramp prediction errors and higher
! algorithm e method 15 min resolution :
correlation.
10 min Wind power forecasting method based on a hybrid model;
[53], 2020 Bi-LSTM-CNN X No . " Bi-LSTM-CNN has not yet been applied in the application
5 min resolution . :
of wind power forecasting.
Multi-task learning deep . -
[41], 2020 neural network X Yes A6h This :?tudy generates a general prediction of power ramps for
(MTL-DNN) step forward all wind farms in Spain.
Wind power ramp event detection was applied on three wind
ELM and synthetic minority farms in Spain. The data used to train the algorithm
[51], 2020 over-sampling technique - Yes X 6h correspond to different year seasons for each wind farm. This

(SMOTE)

feature does not allow generalization of the method proposed
for all wind farms in Spain.
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Table 3. Cont.

Comparison Methods
Study Proposed Method TS-PP WP PR Horizon Time Description
ANN SVR AR Model Others
10 to 60 min The authors present this new wind ramp forecasting, which
[43], 2020 OpSDA-CNN-LSTM X No X 15 min resoluti,on improves the mean absolute percentage error by 5% and 22%
in comparison with an LSTM and an ANN.
Dlscret'e wavelet transform (DWT) A 10 min Wind ramp event forecasting for onshore, offshore, and
[60], 2021 and twin support vector regression X X Yes X a1
(TSVR) step forward hilly sites.
[45] 2001 ~  Wavelet packet decomposition - - - - Yes X X 1, enbinm oo i teopienl L bt s of Brazil
’ (WPD) and DL+ANN 10 min resolution P P &
and Uruguay.
Generative adversarial A 15 min T}.le proposed method solves the ovel"—flttlng problem' for
[50], 2021 network (GAN) X X X X No X X step forward wind power and ramp event forecasting through a min-max
P game based on the GAN framework.
Compared to traditional approaches, the FBC method offers
Two steps forward P PP
[55], 2021 Forecast-based curtailment (FBC X No X . L a wind turbine the ability to self-regulate without the need for
10 min resolution y &
an ESS at a lower energy cost.
y . 10 min, New data-driven model of an SCADA system using a decision
[46], 2021 Bagged regression trees ) X ) X No X 5 min resolution tree ensemble approach and latent variable regression.
10 min, 1h Improves the performance of the proposed method through
[45], 2022 Evol-CNN X X X No X and 3 h, an optimization algorithm to avoid a local minimum of the
10 min resolution hyperparameters.
. . . Improves the accuracy of WPE, reducing the error by 9.56%
[471, 2022 Gaussian mixed clustering (GMC) X Yes X . 1h, . in MAE and facilitating the integration of a wind farm into
+ deep neural network 10 min resolution . .
the electrical grid.
Deep learning spikin A 10 min Improves computational cost of state-of-art machine learning
[54], 2022 p & SpIing - - - - No X and deep learning through a new wind power forecasting

neural network (SNN)

step forward

paradigm based on neuromorphic algorithms.
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References [40,41,47,48,50-52,60] implement preprocessing techniques, for example,
the synthetic minority over-sampling technique (SMOTE) [51], wavelet transform [40],
Gaussian mixture model [47], and discrete wavelet transform [48,60]. This preprocessing
of the data with which the forecasting models are trained helps in solving imbalanced
data problems. In contrast, reference [43] does not implement a preprocessing of the time
series. However, the proposed method can extract four characteristics of ramp events:
(1) rate of change, (2) amplitude, (3) onset time, and (4) ramp duration. The proposed
method combines a convolutional neural network (CNN) with an LSTM. An artificial neu-
ral network with backpropagation and an LSTM are compared with the proposed method.
The CNN-LSTM model correctly forecasts 90% of ramps. In reference [47], a Gaussian mix-
ture model-based data preprocessing improves computational efficiency and the accuracy
of the probability distribution in probabilistic forecasting is presented. Gonzalez et al. [54]
proposed a novel wind power forecasting method based on neuromorphic algorithms
that improve the computational cost of prediction. In [57], a method is proposed based
on a novel metric (CRM; conditional rank metric). The CRM is a power measurement
variability metric that applies probability models to data to quantify short-term power
variations empirically.

Figure 3 shows a general distribution of the machine learning techniques applied to
forecasting wind power and power ramp events analyzed in this work. Approximately 20%
of these papers implemented a variant of SVR or a DL technique, 27% implemented ANN,
and 33% applied some variant of supervised machine learning (SML). The combination of
SVR and DL to achieve greater accuracy is suggested in [60]. The current trend for handling
large amounts of information is big data, according to [56]. Reference [46] presents a new
alternative to RFR methods. This paper’s main result is the reduction in the root mean
square error (RMSE) and mean absolute error (MAE) in the wind power forecast using a
model based on several “learners” or trees with the adoption of an ensemble approach.
The authors also highlight that this type of model can predict the behavior of wind turbines
and help prevent failures in the wind conversion system.

20%

33%

I Support vector regression (SVR)
I Artificial neural network (ANN)
[ Deep learning (DL)

L1 Supervised machine learning (SML)

27%

20%

Figure 3. Machine learning (ML) techniques used in forecasting wind power and power ramp events.

3. Frequency Control Review

Figure 4 shows the frequency dynamics of an electrical system when a disturbance
occurs. Up to the first 10 s after the disturbance, the frequency reaches a minimum or nadir
frequency (NF) value with a high ROCOF. Conventional generators connected during the
disturbance reduce the ROCOF and NF because they release kinetic energy stored in their
rotating masses. This process is known as inertial response or fast frequency response (FFR).
In the case of wind turbines, the inertial response can be emulated by utilizing additional
control loops that modify the operating point of the wind turbine to provide inertial
support [62,63]. After the inertial response, the primary frequency control (PFC) system
stabilizes the electrical frequency at a new stable value. The secondary frequency control
(SFC) system uses frequency regulation reserves to reestablish the electrical frequency to
its nominal value. Finally, the tertiary frequency control (TFC) system ensures frequency
regulation reserves for possible future contingencies.
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Figure 4. Behavior of the grid frequency during a contingency and location of references according to
the frequency control type [27-30,59,62-84].

In the first part of Figure 4 (with a timescale in seconds), the articles focusing on FFR
and PFC applications are presented. References [62,64-66] focus on minimizing the ROCOF
and the nadir point, while [67,68] emphasize reducing the nadir point of the electrical
frequency after a disturbance. On the right side of the figure, the results of novel methods
implemented for SFC system tasks are shown. The articles reviewed in this section are
categorized as depicted in Figure 4:

¢  The circles without a background color correspond to works that implement differ-
ent frequency control techniques, such as adaptive control, droop control, inertial
control, and maximum power point tracker (MPPT), among others. For example,
Boyle et al. [69] modify the operating point by calculating a new power coefficient
(Cp), required each time the frequency variation is greater than or equal to 0.015 Hz.
Another alternative is torque limiter-based inertial control (TLIC), which allows for ex-
tracting the maximum kinetic energy limited by the wind turbine’s maximum torque.
Reference [70] presents a modification of a conventional TLIC that delays its response
to improve the NF. In addition, the authors conclude that the time of occurrence of the
maximum and minimum points of the frequency response is different.

*  The green circles indicate works with implemented frequency control systems com-
bined with ESSs.

*  The blue circles represent the articles that combine different frequency controls,
FFR/PEC or PFC/SFC. Reference [71] presents a coordination strategy between a
PFC and an automatic generation control (AGC), which utilizes the storage capabili-
ties of electric vehicles. References [62,67] present a combination of simulated inertia
with droop control and optimized power point tracking (OPPT), respectively. The
authors of reference [72] present a method of inertial and primary frequency control
based on OPPT and pitch control. The objective of the frequency control method is to
maintain the rotational speed of the wind turbine within an allowed range and not
destabilize it. The disadvantage of this method is the introduction of small torque
oscillations in the WECS electric generator, which can produce mechanical fatigue



Sustainability 2024, 16, 9535

13 of 22

in the drive-train components. Another common combination is inertial control and
droop control. For example, in reference [85], the authors present a combination of
inertial and droop control with variable gains as a function of the turbine rotation
speed. The inertial control gain has parabolic dynamics, while the droop control
gain is linear. At the beginning of a frequency droop event, both gains are set to
allow the highest amount of active power injected by the turbine. Finally, these gains
decrease their values to ensure that the wind turbine rotation speed is within the
operating range and to prevent the turbine from entering a stall state. Sun B. et al.,
in ref. [73], present a wind power forecasting method for frequency regulation. This
method is based on the combination of a distributed model predictive control (DMPC)
with a very short-term forecast of wind power (1 min) based on a combination of
least squares support vector machine (LSSVM) and extreme leaning machine (ELM).
The authors in ref. [74] use a wind power forecast for primary frequency control for
four interconnected areas where wind turbines and conventional generators feed the
power system. The forecasting method is based on a Kalman filter to modify the
reference signal of a conventional PID control, which adjusts the output power of the
synchronous generators. The PID controller reference point is modified by a phase
compensation link, obtaining a frequency variation less than £0.2 Hz (within the
allowed range). Chau T. et al., in ref. [75], present a rotor-side controller (RCS) of a
modified doubly fed induction generator (DFIG). The proposed method is based on
the tie-line power deviation (TLPD) as an input signal, and the authors optimize the
controller parameters by means of PSO. One of the advantages of the new method
is that it is embedded in the controller and power converters of the DFIG. Therefore,
no extra equipment like an automatic voltage regulator (AVR) or flexible alternating
current transmission system (FACTS) is required.

Installing large-scale wind farms on weak electrical power systems can lead to im-
balances in the electrical grid due to the variability in the wind resources. To address this
issue, developing a control system capable of minimizing the negative impact of wind
farms on weak electrical grids is crucial to increasing the level of reliability of the wind
generation system [32]. In addition, inertial control, droop control, and AGC are some
frequency control methods reported in the literature [71]. Further, the most widely used Al
techniques for the integration of large-scale renewable sources while minimizing frequency
fluctuation can be classified as follows [76]:

1. ANN methods combined with optimization algorithms, e.g., PSO. This combination
improves efficiency and reduces computation time.

2. FLC combined with PID controllers improves response time.

3. The use of ACO to solve maximization problems in a hybrid plant (e.g., photovoltaic
wind) sizing.

A Dbrief review of contributors to system inertia such as battery energy storage systems
(BESSs), supercapacitor energy storage (SCES), superconducting magnetic energy storage
(SMES), and CAES, among others, is presented in ref. [61] for more information. For ex-
ample, a hybrid combination comprising BESSs and SCES could offer a fast frequency
response in RESs connected to a weak power system. BESSs based on lead—acid and su-
percapacitors are the most frequently used storage technologies in the articles found in
this work. However, the energy production deficit is covered by implementing other ESSs,
such as pumped storage hydro (PSH), CAES, FESS, SCES, and SMES, which are reported
in ref. [67]. In this sense, the ESS size and energy dispatch strategies are some challenges
encountered. PFC is the most frequent frequency control method in the articles reviewed in
this manuscript. Finally, nine manuscripts in the papers examined present combinations of
FFR and PFC or PFC and SFC. Table 4 summarizes the frequency control methods analyzed
in this review.
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Table 4. Summary of frequency control methods reviewed.
Study Proposed Method Comparison Methods Flgg:; r(:;y &i:ﬂgg:ﬁ Per:Ztlrr:tlion
Stochastic predictive control of . .
[83], 2015 BESS for wind farm dispatching DMPC PFC Simulation Not reported
A method for sizing ESSs to increase
[84], 2015 wind penetration as limited by grid - PFC Simulation 10%
frequency deviations
[86], 2016 F req“ﬁncy.regulatlon for - PFC Simulation 10-40%
ybrid plants
Optimised operation of an off-grid
[87], 2016 hybrid wind-diesel-battery system - PFC Simulation Not reported
M y 8y P
using genetic algorithm
Comparison of two energy storage
[66], 2016 options for optimal balance of - FFR Simulation Not reported
wind farm power outputs
Coordinated control strategy of a . . 100
[88], 2017 BESS to support a wind power plant - PFC/SFC Simulation ~10%
Schemes for rotor side controller No frequency control and . .
[75],2017 (RSC) of DFIG TLPD without optimization PFC/SFC Simulation No reported
Inertial emulation controller and Droop control, simulated inertia . . o
[67],2018 droop controller control, and fast power reserve emulation FFR/PFC Simulation 40%
[73], 2018 A frequency contr{)l strategy based Centralized and decentralized MPC PFC/SFC Simulation Not reported
on model predictive control
MPPT gain optimization and Simulation ano
[63], 2018 inertial control B FFR Real conditions ~30%
Droop coefficient prediction . . 100
[89], 2018 control and PFC (PDC-PFC) - PFC Simulation ~10%
Modification of the operating point . . .
[72],2018  of the power curve by combining virtual OPPT, pltch control FFR/PFC Slmulat}qn 20%
L . and OPPT + pitch control Real conditions
inertia control and pitch control
Inertial control + droop control with
[85], 2018 variable gains depending on the Droop control with constant gain FFR/PFC Simulation 18.61%
rotational speed of the wind turbine
Nonlinear model predictive Frequency control with fixed and . . o
[68], 2019 control (NMPC) variable droop PFC Simulation 13%
[74], 2019 Kalman filter + PID Conventional PID PFC Simulation No reported
[90],2019 ~Validating performance models for - - Simulation  Not reported
hybrid power
[77],2020  Droop control under cyber uncertainty =~ MPPT controller and virtual inertia control PFC Simulation Not reported
Adaptative PID, differential
[65], 2020 evolution (DE) algorithm, and - FFR Simulation 20-30%
load fatigue
Frequency controller based on
[78], 2021 reduced-order virtual machine - FFR Simulation Not reported
synchronous machine (VSM)
[69], 2021 Modification of the power curve No frequency control PEC Simulation No reported
/ tracking coefficient and droop control P
[64], 2021 Fast frequency support using - FFR Simulation Not reported
supercapacitors
[62],2021 OPPT - FFR/PFC Simulation 20%
[79], 2021 Low-voltage-ride-through (LVRT) - PEC Simulation Not reported
control based on speed control
AGC to wind farm and an electric . . o
[71], 2022 vehicle (EV) - PFC/SFC  Simulation ~57%
Impact evaluation of inverter-based
[80], 2022 sources on the frequency response - PFC Simulation Not reported
of a low inertia power system
A full inertia virtual droop control Simulation 100%
[22], 2023 for a BESS B PFC Real conditions  (wind + PV)
A machine side controller (MSC)
and grid side controller (GSC) based on DC link voltage control (MSC) and Simulation
[81],2023 Modular Multilevel Matrix active and reactive power control (GSC) PFC Experimental Not reported
Converters (M3Cs)
[82], 2023 A deep. learnmg-assllsted adaptive A linear and quadratic unloading strategy FFR Simulation ~30%
nonlinear unloading strategy
[70],2023 ~Inertial control based on a torque MPPT and conventional TLIC FFR/PFC  _oimulation 30%

limiter with delayed response

Experimental
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4. Discussion

The articles reviewed in this document include a wide variety of artificial intelli-
gence techniques, such as convolutional neural networks, deep neural networks, support
vector regression techniques, and different machine learning methods such as LSTM,
auto-regressive integrated moving average (ARIMA), and ELM. Additionally, fuzzy logic
techniques, optimization techniques such as ACO, genetic algorithms, and cuckoo search
algorithms, among others, are used to predict wind energy [32]. One of the results of this
review indicates that supervised machine learning techniques, such as ELM, are the most
used for forecasting wind energy due to the following advantages: computational efficiency,
lower risk of adjustment, and effectiveness in noisy data sets compared to other techniques
such as ANN and SVR. On the other hand, SVR and ANN are the most used methods with
time-series processing techniques to improve their performance. Approximately 50% of the
articles analyzed use a time-series processing method. The timescale used for wind power
forecasting depends on its application. The analyzed articles report short-term forecast
methods (see Table 2) applied for predictive control tasks that aim to minimize wind energy
variability. If the forecasting method’s time horizon exceeds one day, it can be considered a
system complementary to an SFC.

Conventional controls such as inertial and droop control are among the frequency
control methods for integrating wind generation systems. It should be noted that these
classical controllers have been modified to enable the participation of wind turbines in
frequency support tasks. For example, in [62], they modify the operating point of the
wind turbine when a frequency variation is detected, enabling frequency support in the
wind turbine. In addition, control systems are combined with ESSs and hybrid control
methods based on optimization, such as genetic algorithms, particle swarm optimization,
firefly algorithm, and differential evolution [33]. For preliminary studies and due to
their simplicity, most of the reviewed articles use generic ESS models. However, some
researchers propose frequency control methods supported by different ESS technologies,
i.e., supercapacitors, lithium-ion polymer-based BESSs, and optimized PSH models. Due
to the large energy storage capacities of different ESS technologies, these devices are used
as auxiliary systems to extend the frequency support capabilities of a wind farm. In the
case of a low-frequency contingency event (e.g., an increase in the load connected to the
power system), where the wind turbine controller cannot minimize the adverse effect of the
contingency event, the ESS operates in unloading mode and injects active power into the
grid according to an energy strategy. In the opposite case, the ESS can operate in loading
mode in a high-frequency event, absorbing the surplus wind energy production. In [88],
the energy strategy mentioned above is implemented, considering the state of charge of
a BESS.

Figure 5 shows a qualitative classification of the techniques used as PFC or SFC
analyzed in this work. It can be observed that frequency control methodologies are applied
as PFC and SFC [71,73,88], and different frequency control techniques are combined to
develop new PFC techniques [63,77].

Hybrid frequency control methods extend the frequency support capabilities of wind
turbines compared to a conventional method. These hybrid methods combine different
frequency control approaches with or without ESSs. In hybrid methods, the combination
of ESSs, minimization of ESS size, maximization of the lifetime of each system element,
and selection of ESS technology are the main approaches observed in the articles of this
review and the main challenges to be considered in the use of ESSs as auxiliary systems
in frequency support tasks assisting large-scale wind farms. As seen in Figure 4, and de-
pending on the technical characteristics (nominal power, response time, power density,
and energy), ESSs are applicable in all operating ranges of frequency control, from fast fre-
quency response to primary control and secondary control [61]. References [30,36] analyze
all the characteristics of the different ESS technologies and their possible uses in primary
and secondary frequency control systems. Other alternatives that have been reported are
the development of new control paradigms based on MPPT optimization, droop control,
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and inertial control systems combined with predictive control systems. These systems are
ideal for nonlinear systems and maximize the use of kinetic energy stored in the moving
parts of the wind turbine.

Method
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=
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Figure 5. Qualitative classification of frequency control methods analyzed [27-30,59,62-71,73-84].

It should be noted that four investigations coordinate the primary and secondary
frequency control strategies and five investigations combine a fast frequency response
with primary frequency (see Figure 5). In ref. [71], an AGC for wind farms and combining
energy storage systems and electric vehicles is considered. In ref. [73], a predictive control
method combined with wind power forecasting with a 1-minute time horizon is presented,
and in ref. [88] a BESS as PFC and SFC is proposed through an improved state machine-
based control strategy. The method proposed in ref. [88] considers charging/discharging
strategies based on the state of charge (SOC) of the BESS and operational constraints,
i.e., charging/discharging rate limits and SOC range. The authors conclude that the BESS
with the proposed control method can help the wind power plant to provide multi-timescale
frequency support, reducing the ESS size and maximizing the lifetime. Reference [73] shows
the implementation of wind power forecasting targeting frequency control tasks.

The improvement that exists when frequency control tasks in wind farms are assisted
by ESSs or wind power forecasting methods is noticeable. In reference [73], the authors
present the combination of a wind power forecast based on LSSVM, an updated SVM
variant, and a DMPC control. The simulation setup in this paper is made up of three
interconnected areas with a total wind capacity of 951 MW. In each area, there is a total
synchronous generation of 1000 MW. The method proposed in this research presents an
RMSE in the frequency deviation (from its nominal value) of 1.74% compared to a control
method based on DMPC, which presents an error of 3.44%, with both results having a
total load change simulation of 110 MW. Furthermore, in the comparison method where
wind turbines do not participate in frequency regulation tasks, synchronous generators con-
tribute 8.06 MW on average. In contrast, with the proposed method where wind turbines
participate in frequency regulation tasks, the active power contribution by synchronous
generators decreases to 7.1 MW. The other case highlighted in this review is reference [74],
in which the authors compare the proposed method with a conventional PID controller.
The power system frequency with the conventional PID varies between 0.45 Hz and
—0.35 Hz, while the method proposed in ref. [74] varies from 0.25 Hz to —0.35 Hz. This
result indicates that the proposed method performs better in high-frequency events than
the conventional PID controller. But, for low-frequency events, there is no difference.
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Accuracy is the biggest challenge when using wind power forecasting to provide
frequency support in WECS. Accuracy depends on the data quality and the efficiency of the
forecasting method. ELM methods perform best when good quality (noise-free) data are not
available. Otherwise, ANN and SVR can give good results, but only with some time-series
preprocessing techniques, such as wavelet transform and SMOTE, among others.

Case Studies

Some articles perform case studies with real power system data and hypothetical RES
penetration levels for a specific country region to analyze whether control systems can
support frequency variations when RESs increase. The results in ref. [13] show that the RES
penetration level (wind and solar) should not exceed 10% of Jordan’s annual peak demand
to avoid grid congestion. It has been proposed that the grid be upgraded to support up to
1600 MW of renewable energy generation by 2020. The authors will not provide further
details of the control employed by wind turbines.

ESS use-case studies are analyzed in ref. [20,25]. Le et al., in ref. [20], optimize the
ESS controller reference calculation and the charging—discharging strategy of ESS devices.
The authors perform simulations of a 27-bus using data from 14 wind farms between 2004
and 2006. The study shows that with the use of ESSs, the level of wind penetration increases
from 1.7% to 8%.

The island case studies are the examples with the highest levels of RES penetration due
to their geographical location, which makes it difficult to connect to a continental power
system. In ref. [25], they integrate an 800 kW wind turbine and a 240 kWh photovoltaic
plant into a 91.724 MWHh electrolyzer on the island of Anafi, Greece. In this case, penetration
reaches 84.68%, where the surplus energy is used to produce 15.3 t of hydrogen per year
(the authors do not mention the type of frequency control used in the RES). Another case
of an isolated power system is presented in ref. [63], where the authors propose three
improvements to the power system of the Galapagos Islands, Ecuador:

1.  Modification of the gain of the speed control system controller of the diesel generators
of the system.

2. Modification of the MPPT curve of the wind turbines by adjusting the maximum
allowed power.

3. Implementation of inertial control based on an extended optimal power point tracker
(EOPPT).

The results of the simulations are (1) an improvement in the ROCOF by 89%, (2) a
reduction in the ROCOF by 21.66%, and (3) a reduction in the ROCOF by 15%. The result
of the third point is obtained from simulations with real data from the wind farm.

In ref. [22], a study is carried out on the island of Ponza, Italy, so that the island’s power
system is totally renewable. A total of 2.16 MW is divided into 1.16 MW of photovoltaic
energy, 0.9 MW of wind energy, and 0.1 MW of co-generation. The authors perform
simulations using a full inertia virtual droop control for a BESS.

5. Conclusions

The extensive literature review conducted in this study presents a comprehensive
spectrum of solutions pertinent to frequency control and wind power forecasting for the
grid-friendly integration of wind energy. The meticulously curated articles substantiate this
discernible breadth, as elucidated in Tables 3 and 4. Noteworthy is the robust mathematical
underpinning and modeling exhibited by many of these proposed solutions. Most of
these methodologies have undergone meticulous scrutiny within computer simulation
environments, while a select few have undergone experimental validation. It is imperative
to underscore that many authors ardently affirm the broad applicability of their proposed
solutions within authentic wind farm settings. Nonetheless, the absence of a rigorously
controlled testing environment has impeded a comprehensive evaluation of the practical
viability of the entire spectrum of solutions under consideration. This acknowledgment
emphasizes the cautious interpretation of the purported applicability of the proposed
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solutions, signifying the need for further empirical validation and consideration of more
realistic conditions for a robust assessment.

A possible idea for future research is made up of two parts. First, a PFC system that
reduces the participation of synchronous generators during a contingency event. This PFC
is based on virtual inertial control combined with an ESS. This possible solution is chosen
since research demonstrates the availability of kinetic energy of the rolling masses of wind
turbines can be useful for PFC tasks. Second, implementing a wind energy forecasting
method helps establish a minimum amount of regulation reserves to reduce the variability
in a variable renewable source and the system’s response time to address a contingency
event. These two parts must be coordinated by an optimized power management system
coordinating the actions between the two frequency control systems. The improvement of
a control system assisted by a forecasting method depends on several factors: the quality of
data with which the forecasting method is trained, the configuration of the power system of
the simulations to be performed, the efficiency of the prediction method, and the simulated
contingency cases. Without considering the above, it is observed how the performance of
frequency control improves concerning conventional controls according to the references
cited in this review. A possible first candidate for a wind energy forecasting method
is LSSVR due to its simple implementation and better performance than the other SVR
technique variants.

In conclusion, the review presented in this article provides evidence for the need to
develop further frequency control systems, energy management strategies, and wind power
forecasting methods to provide frequency control at different timescales. To achieve this
goal, new control strategies must be developed to coordinate different frequency control
systems (primary and secondary) and the availability of regulation reserves and conven-
tional generating resources. The challenge in developing a frequency control technique
that includes different controllers operating on different timescales (primary and secondary
control or inertial and primary control) is the coordination of the control techniques. For ex-
ample, in the case of a combination of inertial control and droop control (PFC), the inertial
limitations of the wind turbine must be considered to perform the frequency regulation
task efficiently. For this case, delimiting the rotational speed variation is essential and
requires much attention to prevent the wind turbine from operating in a stall state. In this
same sense, an inertial control combined with a droop control can be adapted, with the
difference being implementing an adaptive control that modifies the operating point of the
wind turbine without following pre-established curves or functions (rotational speed and
wind turbine electrical power). Furthermore, further research is necessary to analyze and
understand how machine learning methods can be used for primary frequency control and
how these methods could be combined with ESSs for improved performance. Finally, more
studies are needed to investigate different wind power forecasting techniques and wind
power ramp event prediction to improve the system’s reliability.
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