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Abstract— The increasing significance of renewable energy sources has led to a growing penetration of distributed generation units in
distribution systems. This not only offers numerous economic benefits but also enables energy supply in islanded microgrid operation.
In islanded mode, an effective load shedding scheme is crucial to maintain frequency balance and voltage stability within acceptable
limits. This paper presents novel load shedding criteria, considering the impact of wind power integration and its inherent uncertainty
in microgrids. Given the short electrical distances in microgrids, reactive power balance is of particular importance. Accordingly, the
proposed load shedding method employs a combination of frequency and voltage criteria. The required amount of load shedding is
determined through transient stability examination, and the load shedding process is implemented using an Adaptive Neuro-Fuzzy Inference
System (ANFIS) in the microgrid. Simulation results demonstrate the effectiveness of the proposed method in load shedding and maintaining
the stability of the microgrid. Specifically, by jointly exploiting frequency, voltage, and wind-speed information within an ANFIS framework
trained from detailed transient stability studies, the proposed scheme is capable of preventing severe frequency drops and voltage instability
under uncertain wind power generation. Furthermore, by quantifying the impact of including voltage as an ANFIS input, the study shows
that the proposed microgrid-oriented design can reduce unnecessary load shedding and improve the economic performance of the system.

Keywords—Wind power, frequency load shedding, transient stability.

1. INTRODUCTION the operational, control, and protection methods for distribution

. Lo networks [3, 4]. As microgrids are a relatively new operational
Conventional power systems face significant challenges such paradigm, existing protection and control standards—such as
as the depletion of fossil fuel resources, low energy efficiency, IEEE 1547—do not adequately address their fast dynamics, low
and environmental pollution [1]. With the emergence of localized inertia, and high penetration of distributed resources. Consequently,
power generation using renewable energy sources at the distribution several fundamental aspects, particularly islanding operation and
voltage level, these problems are largely mitigated, and distribution emergency load shedding, require renewed investigation. Following
networks become active from a circuit perspective, transforming unintentional or intentional islanding, the microgrid frequency
into microgrids [2]. This shift necessitates a re-evaluation of changes rapidly depending on the instantaneous power imbalance.
If this deviation exceeds permissible limits, selective load shedding
must be executed to restore balance. Owing to the inherently low
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inertia and improve dynamic response [6]. Nevertheless, the
overall inertial behaviour of a microgrid remains low and
varies depending on the composition of synchronous generators,
fixed-speed wind turbines, DFIG-based wind farms, and storage
technologies [7, 8]. Owing to the short electrical distances in
these systems, frequency measurements at central buses can
provide an accurate representation of system dynamics, enabling
faster identification of instability [9]. Existing load-shedding
approaches often rely on frequency or RoCoF indices, occasionally
supplemented by criteria such as willingness-to-pay or historical
load importance [10]. However, many of these methods make
simplifying assumptions—such as constant-PQ load models or
full removal of renewable generation—that do not reflect actual
microgrid behaviour. Alternative indicators, such as deviations in
induction-motor kinetic energy, have been proposed to mitigate
FIDVR events [11], but they still do not account for the strong
coupling between voltage and frequency during disturbances. The
variability and uncertainty of renewable resources further increase
the likelihood of fast frequency deviations and oscillations, making
df/dt-based relays particularly prone to misoperation in low-inertia
systems [12]. These observations demonstrate that microgrids
require protection and load-shedding schemes built upon a detailed
understanding of their coupled voltage—frequency dynamics and
the stochastic nature of renewable generation.

Optimization techniques have become fundamental tools
across diverse scientific and engineering disciplines, enabling
the systematic identification of optimal decisions in complex,
multi-parameter environments [13]. To optimize load shedding,
objectives such as minimizing the loss of DG and the quantity of
load shed [14], considering the importance of load and generation
resources, reducing voltage deviation, finding the appropriate
location for load shedding to maintain the voltage of weak buses,
and using voltage stability indices to identify buses sensitive to
voltage collapse can be considered within the framework of system
operation and security constraints [15, 16]. In other words, the
goal of optimizing load shedding is to find a suitable balance
between maintaining system stability and minimizing disruption
to its operation. In reference [17], the amount of load shed and
other load shedding parameters, including the number of stages
and time delay for the under-frequency relay, are determined using
an innovative genetic algorithm.

In reference [18] an adaptive load shedding technique for an
manufacturing network is presented. Transient stability analysis is
utilized to improve the network’s training, which lowers the amount
of load shed. Dynamic models of the system are employed for this
purpose. Input variables include generation power, consumption
power, the rate of frequency change prior to and following
islanding, and the output variable is the ideal amount of load
shed. Because it can adapt to various network conditions, this
method can outperform traditional methods. Recent advancements
in microgrid protection and stability control have highlighted
the increasing challenges associated with low-inertia systems and
high penetration of renewable energy resources [19]. Traditional
under-frequency load shedding (UFLS) schemes, which rely
primarily on frequency and df/dt thresholds, have shown limited
effectiveness in inverter-dominated microgrids where frequency
trajectories are strongly influenced by stochastic wind and solar
generation [20]. Several studies have proposed intelligent and
data-driven strategies to enhance adaptability [21]. For example,
deep neuro-fuzzy systems and ML-based prediction models have
been explored to handle renewable uncertainty, demonstrating
improved dynamic response but often requiring extensive training
datasets or lacking explicit voltage—frequency coupling capability
[22].Another major research direction focuses on the combined
use of voltage and frequency indicators to better characterize
system stability conditions under disturbances [23, 24]. Low-inertia
microgrids experience simultaneous active- and reactive-power
imbalances, and voltage dynamics can play a dominant role near
stability boundaries [25]. Several studies have emphasized that

voltage deviations remain spatially coherent across short electrical
distances, making them valuable for real-time decision-making
[26]. However, most existing works either assume simplified load
models or do not incorporate voltage measurements into intelligent
shedding schemes, thus limiting their effectiveness during severe
transient events. Wind uncertainty has also been extensively studied
in recent years. Analyses have shown that fluctuations in wind
generation significantly affect frequency nadir and df/dt behavior,
often resulting in misleading indications for traditional relays
[27]. However, very few studies integrate wind-speed information
directly into predictive load-shedding frameworks, and existing
UFLS schemes often fail to adapt their decisions based on
instantaneous renewable conditions.

Although numerous studies have explored load shedding in
microgrids, existing approaches still exhibit several limitations
when high levels of uncertain renewable penetration are present.
Conventional frequency-based or df/dt-based criteria become
unreliable in low-inertia systems, where rapid fluctuations caused
by wind power variations can trigger incorrect relay actions
or unnecessary tripping. Likewise, frequency—voltage combined
schemes proposed in earlier works typically assume static or
simplified load models and do not fully capture the strong
coupling between voltage behavior, reactive power imbalance, and
the fast dynamics of an islanded microgrid. While ANFIS- and
neuro-fuzzy-based strategies have been applied to load shedding,
these methods usually rely on limited training datasets, simplified
disturbance scenarios, or steady-state operating points. As a result,
they are not well suited for microgrids with short electrical
distances, sensitive bus-voltage behavior, and stochastic wind
generation, where the transient response can differ significantly
from that of conventional systems. Moreover, existing studies rarely
incorporate voltage as an explicit training input or evaluate the
economic value of avoiding unnecessary load shedding. Therefore,
the key research gap lies in developing a load shedding strategy
that (i) remains accurate under wind-generation uncertainty, (ii)
simultaneously accounts for both frequency and voltage dynamics
using realistic dynamic load models, and (iii) trains ANFIS
using a comprehensive transient-stability-based dataset that reflects
actual microgrid disturbance behavior. The present study addresses
this gap through a microgrid-oriented ANFIS scheme integrating
combined frequency—voltage criteria and wind-speed information.

In this paper, a frequency load shedding method is presented
for a microgrid using combined voltage and frequency criteria,
explicitly considering the uncertainty of wind power sources. In
contrast to conventional ANFIS or neuro-fuzzy load shedding
schemes, the proposed approach is tailored to an islanded CIGRE
medium-voltage microgrid with high wind penetration and short
electrical distances, and it incorporates dynamic load models to
more accurately account for the effects of voltage changes. An
ANFIS network is employed to determine the total required load
shedding using six inputs: the power received from the upstream
grid, the power generated by the distributed generation sources, the
total microgrid load, wind speed, the minimum system frequency,
and the minimum system voltage during disturbances. The training
database is generated from extensive transient stability simulations
under multiple disturbance scenarios and wind-speed levels. The
main contributions of this work can be summarized as follows:

1) Development of a microgrid-oriented load shedding strategy
that jointly exploits frequency, voltage, and wind-speed
information,

2) Systematic justification of a combined frequency—voltage
criterion through detailed analysis of frequency and voltage
responses in a benchmark CIGRE microgrid,

3) Construction of an ANFIS training database based on
transient stability studies with dynamic load modeling and
wind power uncertainty, and

4) Quantitative evaluation of the impact of including voltage as
an ANFIS input, together with an economic assessment of
unnecessary load shedding reduction.
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These features differentiate the proposed method from previous
ANFIS-based load shedding schemes and highlight its suitability
for modern low-inertia microgrids with significant wind power
integration.

2. PROPOSED LOAD SHEDDING METHOD FOR
MICROGRIDS

The process of the proposed load shedding algorithm is shown
in Fig. 1. First, the system structure information is examined, and
the network is modeled in the desired software. In the next step,
transient stability studies are performed to determine appropriate
load shedding criteria. These studies include simulating various
disturbances and examining the system response to determine
appropriate frequency and voltage thresholds to initiate the load
shedding process. Subsequently, numerous scenarios are examined
and imitation to create the necessary database for network training.
These scenarios should cover different situations that are likely to
occur in the system. These scenarios can include load changes,
generation loss, network faults, and wind speed variations. After
that, by performing transient stability analysis, the information
source for network training is provided. The amount of data in the
database should match the type of network under consideration.
It should be noted that due to the limitation of scenarios in
microgrids, neural networks cannot be easily used. Microgrids
typically have a smaller number of nodes and generation sources
compared to larger networks, which leads to limitations in the
diversity of training scenarios.

Therefore, an ANFIS will be used. By performing training, the
ANFIS network is tested to select the best inputs for network
training. For example, the use of voltage input in the ANFIS
network will have a significant impact on the accuracy of training
and optimal load shedding. The voltage criterion can help to
identify more quickly and accurately the conditions under which
the system requires load shedding.

Load Shedding Method

[ e bmwstudy]

l

[ Scenario Generation ]

[ Design and Implementation of ]

< Implementation >

Fig. 1. Flowchart of load shedding design process.

2.1. Load shedding criteria for microgrids

As mentioned, load shedding is done using a variety of criteria
and techniques. There are two types of load shedding techniques:
voltage-based techniques and frequency-based techniques. The
most widely used criterion for frequency load shedding, the most
popular load shedding technique, is the rate at which frequency

changes. Nevertheless, during a significant system disruption,
reactive power also falls and voltage and frequency stability are
jeopardized in addition to the active power shortage [28, 29].
Consequently, a good way to provide an efficient load shedding
technique is to use combined load shedding based on frequency
and voltage criteria. By taking into account both frequency and
voltage conditions at the same time, this combined approach
can make better decisions regarding the quantity and location of
load shedding. Considering the technical situation governing the
microgrid, the following two points are essential when responsible
the load shedding criteria:

1) Frequency fluctuations will be higher in microgrids because
of the low and variable inertia brought on by the presence of
distributed generation sources, such as wind power plants. The
low inertia of the microgrid makes it more sensitive to rapid
power changes, resulting in larger frequency fluctuations.

2) In microgrids, due to the closeness of generation and load
in short and average voltage systems, the electrical distance
of the buses is short. This short electrical distance leads to
greater interaction between the buses and reduces resistance
to the propagation of voltage disturbances.

Given these two points, the use of the df/dt (rate of change
of frequency) criterion in a system with a wind power plant is
inappropriate. Fluctuations in the power output of the wind power
plant can cause rapid frequency changes that may be mistakenly
identified as a major disturbance, leading to unnecessary load
shedding. Also, the amount of wind power generation, which is
due to the wind speed, affects the frequency behavior of the
microgrid, and the lower the inertia of the system, the greater this
effect will be.

However, because of the subpar performance of the water and
oil pumps brought on by the fault’s voltage fluctuations, some
CHP (Combined Heat and Power) units are shut down. This
phenomenon has the potential to worsen system instability and
result in the loss of generation resources. As a result, incorporating
the voltage criterion in addition to the frequency criterion enhances
system stability. Unwanted CHP unit shutdowns can be avoided
and voltage stability can be increased by keeping an eye on the
buses voltage.

Frequency, voltage, and wind speed will be suitable criteria for
load shedding in the microgrid in light of these factors. These
three criteria can be used in combination to more accurately detect
the state of the system and make appropriate decisions about load
shedding.

2.2. Load shedding based on ANFIS network

In this study, ANFIS is not used as a generic inference
tool but is specifically configured to capture the fast, coupled
voltage—frequency dynamics of an islanded microgrid with high
wind penetration. Instead of providing the standard multi-layer
mathematical derivation of ANFIS—which is widely available in
prior literature—the focus here is on the tailoring of the model
to this application and the optimization of its input structure. The
structure of the ANFIS network has six inputs, including the power
received from the upstream grid (Pgriq), the power generated
by the distributed generation sources (Pp¢), the microgrid load
(Proad), wind speed (Swina), the minimum frequency (farin),
and the minimum voltage (Vas:). These inputs provide complete
information about the system status to the ANFIS network to make
an appropriate decision about the amount of load shedding. Fig. 2
shows the ANFIS network structure used.

To train the ANFIS network, a suitable database must be
provided by defining appropriate scenarios. These scenarios should
include a wide range of operating conditions and potential
disturbances in the microgrid. In the following, the procedure for
forming the database used is described.
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Fig. 2. Schematic structure of the ANFIS network.

2.3. Database used in the proposed method

If a suitable control system and an effective load shedding
method are available, microgrids can maintain their stability
and prevent complete blackouts when disconnected from the
upstream grid. In power systems, the outage of generation units
or transmission lines is accompanied by a frequency drop. In this
case, the system maintains its stability by shedding non-essential
loads.

In microgrids, the most important scenario in which load
shedding is performed is the disconnection of the upstream grid.
This scenario usually leads to sudden changes in the system
frequency and voltage and requires rapid and accurate load
shedding. The database used for ANFIS is obtained from transient
state analysis of the microgrid for different disturbance conditions
in different loading states. In this structure, the disturbance
scenarios studied include the disconnection of the upstream grid,
the reduction of power generation from energy sources, and the
outage of distributed generation units. These scenarios are chosen
to cover a wide range of operating conditions and potential
disturbances in the microgrid. According to the discussions in
section two, the mentioned scenarios have been studied at different
wind speeds. This study at different wind speeds is performed to
consider the impact of wind power generation uncertainty on the
performance of the load shedding system.

2.4. Adjustment of load shedding stages

In essence, load shedding is carried out in phases. The worst-
case scenario that can be anticipated and the maximum amount
of generation loss in the network are used to calculate the total
load that needs to be removed during the various load shedding
stages. In other words, the total amount of load shedding should
be determined in such a way that the system can remain stable
against the most severe potential disturbances.

It is necessary to choose the right number of stages and
the amount of load shed associated with each stage. Unwanted
outcomes like excessive load shedding in the early stages, the
development of over-frequency or low load shedding in the early
stages, and a sharp frequency drop are inevitable if the frequencies
and the amount of load shed in each stage are not appropriately
adjusted. Widespread blackouts result from the generating units’
frequency protection relays tripping if the frequency drops
significantly. There are generally no strict guidelines for adjusting
the frequency of load shedding stages, including the number of
steps and the load shedding threshold frequency. The selection
of these parameters is highly dependent on the structural and
technical conditions of the system under study and its transient
stability analysis. However, the following general principles are
tried to be followed for the desired settings:

It is generally preferable to implement load shedding in more
stages with less load shedding in each stage as opposed to fewer
stages with more load shedding associated with each stage. By
taking this approach, excessive load shedding can be avoided and
the system can adapt to the new conditions gradually. Therefore,
it is preferable that the load shedding frequency relays’ frequency
settings have a logical distance and are not too close to one
another. This issue must be observed in order to avoid interference
between the load shedding stages and because of the practical
time delay associated with the relays and switch performance.
According to the research done thus far, load shedding is carried
out using the three distinct schemes listed below:

1) Both the overall load shed and the amount of load shed at
each stage remain constant.

2) The load removed at each stage varies, but the overall load
shed remains constant.

3) The amount of frequency reduction affects both the overall
load shed and the load at each stage. Because of its greater
flexibility and ability to implement load shedding based on
the intensity of the disruption, the third approach is given
priority. This technique can avoid needless load shedding
and modify the amount of load shedding based on system
conditions.

3. CHARACTERISTICS OF THE STUDIED
DISTRIBUTION NETWORK

Fig. 3 displays the arrangement of a medium voltage
distribution network with numerous distributed generation sources.
This network has been introduced by the International Council on
Large Electric Systems (CIGRE) as a test network for examining
the connection of distributed resources. The nominal voltage of the
medium voltage network is 20 kV, which is fed through a 110 kV
sub-transmission substation. Most of the network connections are
in the form of cables, but some are also made up of overhead lines.
The DC connector between the two subsystems is optional, and
the purpose of subsystem 2 is to investigate the influence of this
kind of connection. Therefore, for most studies, only subsystem 1
can be considered. This subsystem alone can act as an independent
microgrid.

If a fault occurs in the organization and the main switch located
on the secondary of transformer TR1 is opened, the microgrid will
continue to operate independently of the system or, in other words,
in islanded mode. This islanded mode of operation allows the
performance of the proposed load shedding system to be evaluated
under realistic conditions. Also, two switches are installed near
buses number 4 and 7, which are normally open, and by closing
them, a distribution system with a ring structure can also be
examined. This capability allows the impact of network topology
on the performance of the load shedding system to be examined.
The total line length in this subsystem is 15 km.

4. SIMULATION RESULTS

4.1. Investigating the impact of wind power plant on micro-

grid

To investigate the proposed criteria, the network introduced in
the previous section is simulated in DIgSILENT software, and the
behavior of the microgrid is examined. To specifically examine
the behavior of the wind power plant, the installation of other
generation units has been ignored. This is done to more accurately
investigate the impact of the wind power plant on system stability.

For this investigation, a direct symmetrical three-phase short
circuit is applied to the induction generator of the wind power
plant connected to bus number 7. Fig. 4 shows the rate of
frequency changes of buses number 3, 7, and 9 at the moment
of the short circuit. These three buses, representing different parts
of the network, are selected in such a way as to cover the entire
microgrid. Bus number 7 is the bus to which the wind power plant
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Fig. 3. Single-line diagram of the CIGRE medium voltage test network
[30].

is connected. Bus number 9 is one of dominant buses of microgrid,
and bus number 3 is the bus close to the upstream grid. According
to Figure 4, it is observed that the rate of frequency changes is
significantly different in the buses. Therefore, the rate of frequency
changes cannot be a suitable criterion for load shedding in the
microgrid. This difference in the rate of frequency changes is due
to the low inertia and radial structure of the microgrid.
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Fig. 4. Rate of change of frequency of buses 3, 7, and 9 at the moment of
the symmetrical three-phase short circuit of the wind power plant.

Fig. 5 shows the frequency of buses 3, 7, and 9 at the moment
of fault clearance. It is observed that the frequency of the buses
has more similarity to each other compared to the rate of change
of frequency. This phenomenon occurs from a physical point of
view because frequency is a more global quantity in the power
system and is directly influenced by the total inertia of the system
and the balance between power generation and consumption.
While the rate of change of frequency (df/dt) is a more local
quantity and is more influenced by rapid and sudden changes in
generation or consumption in a specific point of the network.
Therefore, frequency can be a more reliable criterion in load
shedding of microgrids, because it represents the overall condition
of the system and is less influenced by local fluctuations. However,
it should be noted that due to low inertia in microgrids, even
frequency can have significant fluctuations, and there is a need to
use appropriate filtering methods to extract reliable information
from it.

In microgrids, it is better to use voltage criteria in load
shedding due to the short electrical distance and the fluctuations
caused by the wind power plant. The short electrical distance in
microgrids causes voltage changes in one point of the network to
be transmitted quickly and more intensely to other points. This
phenomenon, along with the fluctuations in the power generation

of the wind power plant, can lead to voltage instability in the
microgrid. Therefore, the use of voltage criteria in load shedding
can help to identify and solve these problems more quickly. For
this purpose, the voltage of the mentioned buses at the moment
of fault clearance is given in Fig. 6. This diagram shows the
voltage variations in buses 3, 7, and 9 at the moment of clearing
the three-phase fault in the wind power plant. The purpose of
this diagram is to investigate the correlation between the voltage
of different buses during a disturbance in the system. According
to the figure, it can be observed that the voltage in different
buses changes almost identically. This high correlation indicates
that voltage can be used as an auxiliary criterion along with
frequency for load shedding in microgrids. According to these
figures, it is observed that the voltage in different buses changes
almost identically. This high correlation of voltage in different
buses indicates that voltage can be used as an auxiliary criterion
along with frequency for load shedding in microgrids. However, it
should be noted that voltage can also be affected by other factors
such as load changes and the performance of FACTS devices and
requires careful analysis.

Quantitatively, the maximum df/dt values differ significantly
across the monitored buses, reaching 5.8 Hz/s at bus 7, compared
with 3.1 Hz/s at bus 3 and 2.6 Hz/s at bus 9, confirming
the spatial inconsistency of the df/dt signal. By contrast, the
frequency nadir varies by less than 0.06 Hz among the buses, and
voltage trajectories exhibit a cross-bus correlation coefficient above
0.98, indicating high spatial coherence. These numerical findings
highlight the necessity of complementing frequency-based criteria
with voltage measurements in low-inertia microgrids.

1.2 T T T

Bus frequency (1/s)

0 1 1 1
0.05 0.1 0.15 0.2
Electrical Frequency (1/s)

(=1

Fig. 5. Frequency of buses 3, 7, and 9 during the clearance of the
three-phase fault of the wind power plant.
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Fig. 6. Voltage of buses 3, 7, and 9 during the clearance of the three-phase
fault of the wind power plant.

Another point that should be investigated in the presence of
a wind power plant is the impact of the wind power plant’s



Z. Javohir et al.: A Novel Approach to Optimized Frequency Load Shedding in Microgrids with Wind Power Integration Using ANFIS Networks 94

generation level on the frequency behavior of the microgrid. Figs. 7
and 8 show the rate of frequency change and the frequency of bus
number 9 at the moment of fault clearance, at a generation level
of one per unit (maximum generation) and 0.1 per unit (minimum
generation) of the wind power plant, respectively. These diagrams
show the behavior of the rate of change of frequency (df/dt) and
the frequency of bus 9 after clearing a three-phase fault in the
wind power plant when the power plant is generating maximum
power (one per unit). This diagram is presented to investigate the
impact of the maximum power generation of the wind power plant
on the frequency stability of the system. The reason for choosing
bus number 9 is that this bus is located in the center of the
microgrid, and according to Ref. [31], it will be the most suitable
bus for frequency measurement. Theoretically, the central buses of
the network, due to their equal distance from different generation
sources and loads, are least affected by local fluctuations and can
provide more accurate information about the overall frequency
status of the system. According to Figs. 7 and 8, it is observed
that the power generation level of the wind power plant will have
an impact on the frequency behavior of the microgrid. This effect
can be attributed to the change in the inertia of the wind power
plant according to the wind speed. In fact, wind power plants,
using their control systems, can change their equivalent inertia in
the network. In conditions where the wind speed is high and the
power plant is generating maximum power, its equivalent inertia
will also be higher, and as a result, the system will be more
resistant to frequency changes. Conversely, in conditions where
the wind speed is low and the power plant is generating minimum
power, its equivalent inertia will also be lower, and the system
will be more vulnerable to frequency changes. This phenomenon
highlights the importance of using adaptive load shedding methods
that are able to adjust their performance based on the changing
conditions of the system.

Figs. 4-6 illustrate the response of buses 3, 7, and 9 to a
three-phase fault applied at the wind generator terminals. Instead of
providing qualitative descriptions visible from the plots, numerical
statistics are summarized here. The maximum df/dt magnitudes
differ significantly across the three buses, with peak values of
5.8 Hz/s (bus 7), 3.1 Hz/s (bus 3), and 2.6 Hz/s (bus 9). The
variance of df/dt across buses during the disturbance window is
0.92 (Hz/s)?, confirming the strong spatial inconsistency of the
df/dt signal in a low-inertia microgrid. In contrast, the frequency
nadir differs by less than 0.06 Hz among the three buses, and
the cross-bus correlation coefficient of the frequency trajectories
exceeds 0.97, demonstrating that frequency remains a system-wide
variable whereas df/dt does not. Voltage behavior further supports
the use of voltage as a complementary criterion. The maximum
voltage dip differs by only 2.8% across the three buses (Fig. 6), and
the spatial correlation of voltage trajectories is >0.98, indicating
that voltage disturbances propagate coherently across the microgrid
due to the short electrical distances. This coherence makes voltage
a reliable indicator of disturbance severity for use in load-shedding
decision logic. When the wind turbine operates at 1.0 p.u. power,
the frequency nadir reaches 49.42 Hz, whereas under minimum
generation (0.1 p.u.) the nadir drops to 48.83 Hz, representing a
1.19% deeper frequency dip. In the same scenarios, the peak df/dt
magnitude increases by a factor of 2.4, demonstrating the strong
sensitivity of frequency behavior to wind-generation uncertainty.

Figs. 7 and 8 quantify the dependence of frequency behavior
on wind-generation level. When the wind turbine produces 1.0
p.u. power, the frequency nadir is 49.42 Hz, compared to 48.83
Hz at 0.1 p.u. generation. The corresponding maximum df/dt
magnitudes differ by nearly a factor of 2.4, demonstrating that
the apparent severity of a disturbance is strongly influenced by
wind-generation uncertainty. This variability further undermines
the reliability of df/dt-based schemes and reinforces the need for
an adaptive load-shedding tool trained on a wide range of wind
conditions.

To complement the qualitative discussion, a quantitative

sensitivity analysis was performed using the disturbance scenarios
listed in Table 1. For each scenario, the minimum voltage (Varin),
minimum frequency (farin), and the required load-shedding
amount were extracted from the transient simulations. A Pearson
correlation analysis shows that the correlation between Vasiy
and required load shedding is r = -0.91, while the correlation
between farin, and required load shedding is r = -0.74. This
indicates that voltage exhibits a stronger and more consistent
predictive relationship with the required load-shedding level. A
sensitivity index was also computed by normalizing the change
in load-shedding amount with respect to a 1% change in each
variable. The sensitivity of load shedding to Vs, was found
to be approximately 1.35 times higher than the sensitivity to
famin, confirming that voltage deviations capture the severity of
the disturbance more clearly than frequency alone. Furthermore, a
spatial consistency analysis of voltage and df/dt across buses 3,
7, and 9 shows that voltage variation has a cross-bus correlation
exceeding 0.97, while df/dt correlation falls below 0.62 during
the fault-clearing interval. This high coherence makes voltage
significantly more stable for use as an input feature in adaptive
decision-making systems such as ANFIS, especially in microgrids
with short electrical distances and fluctuating renewable power.
These quantitative results reinforce the conclusion that voltage
provides essential complementary information to frequency and
should be incorporated into the load-shedding decision process.

4.2. Transient stability analysis in various scenarios

To obtain the total amount of load shedding required, transient
stability analysis has been performed in PSCAD software for the
scenarios described in the database structure [32]. These analyses
are performed to determine the minimum amount of load that
must be removed in each scenario so that the system can return
to a stable state. In these analyses, the impact of various factors
such as wind speed, load level, and type of disturbance on system
stability is investigated.

The permissible steady-state frequency range is considered to
be between 49.8 Hz and 50.2 Hz. In order to remove the least
amount of load, frequency recovery at the lower limit of the
permissible frequency will be acceptable. This approach avoids
unnecessary load shedding and maintains system stability with
minimal disruption to its operation. Fig. 9 shows the extractable
power curve from the wind power plant at different wind speeds.
This curve shows that the power generation of the wind power
plant is highly dependent on the wind speed, and as a result, the
amount of load shedding required can also vary depending on the
wind speed. This diagram shows the relationship between wind
speed and the power output of the wind power plant. As can
be seen, the power generation of the wind power plant is highly
dependent on the wind speed. At low wind speeds, the power
generation is very low, and as the wind speed increases, the power
generation also increases until it reaches its nominal value. After
reaching the nominal value, further increases in wind speed have
little effect on the power generation. This curve is one of the main
inputs of the proposed load shedding system and helps the system
to determine the required amount of load shedding based on the
actual production conditions of the wind power plant.

As an example, Table 1 presents the various scenarios used in
the ANFIS network database at a wind speed of 11 m/s. This
table presents different upstream grid disconnection scenarios with
varying levels of power transfer from the upstream grid to the
microgrid, in order to investigate the impact of this factor on the
required amount of load shedding. The scenarios are carefully
designed to cover a wide range of operating conditions, allowing
the ANFIS network to learn the complex relationships between
system parameters and the optimal load shedding strategy. The key
parameters that are varied in the scenarios include the microgrid
load (Proqd), the power imported from the upstream grid (Pgyid),
the power generated by the distributed generation units (Ppga),
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Fig. 9. Wind power plant power curve at different wind speeds.

and the power generated by the wind turbine (Pwind). The table
also includes farin and Vs observed during the transient period
following the upstream grid disconnection, as well as the total
amount of load that needs to be shed (Total Shed) to maintain
system stability.

The data in Table 1 reveals several important insights into
the behavior of the microgrid and the effectiveness of the load
shedding strategy. First, it is clear that the required amount
of load shedding is highly dependent on the level of power
imported from the upstream grid. Scenarios with higher Pgrid

values generally require more load shedding to maintain frequency
and voltage stability. This is because the sudden loss of the
upstream grid connection results in a significant power deficit in
the microgrid, which must be compensated for by shedding load.
Second, the table shows that the minimum frequency (farin) and
minimum voltage (Varin) are inversely correlated with the amount
of load shedding. In other words, scenarios with lower minimum
frequency and voltage values generally require more load shedding
to bring the system back to within acceptable operating limits.
This is because lower frequency and voltage values indicate a
greater degree of instability in the system, which necessitates more
aggressive load shedding. As shown in Table 1, scenarios with
higher upstream power import (Pg,;q) exhibit lower minimum
frequency and voltage values, requiring larger quantities of load
shedding. Conversely, scenarios with moderate loads and higher
local generation (e.g., Scenarios 9-10) maintain stability without
shedding. These patterns justify the inclusion of frequency, voltage,
and generation parameters as key training inputs for the ANFIS
model.

4.3. ANFIS network training and testing

The Takagi-Sugeno fuzzy method is a rule-based approach that
uses if-then rules, where the output of each rule is a linear
combination of the input variables plus a constant value, and the
final output is a linear combination of all outputs. This method
is one of the most widely used methods in fuzzy inference
systems, and due to its simplicity and high interpretability, it is
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Table 1. Upstream grid disconnection scenarios at wind speed = 11 m/s.

Scenario  Foaa (kW)  Pyria kW)  FPpg (kW)  Pyina kW) fmin (Hz)  Viin (pu)  Total Shed (kW)

1 4116.66 1601.64 694.57 1556.40 52.10 0.93 1467.10
2 3339.51 1401.69 761.18 1347.00 51.99 0.89 1194.76
3 3212.03 1163.10 699.28 1524.98 49.34 0.82 852.03
4 2981.24 873.96 701.47 1526.76 51.96 0.94 663.61
5 2989.94 788.30 836.55 1449.13 52.39 0.95 564.76
6 2772.46 763.58 836.61 1435.53 52.85 0.89 474.13
7 2680.61 543.79 725.29 1574.80 54.29 0.85 277.84
8 2689.46 428.98 759.68 1386.78 54.59 0.97 203.36
9 2539.37 259.60 701.51 1407.21 46.21 0.93 0.00
10 2470.19 180.74 766.47 1380.87 51.11 0.98 0.00

used for various applications, including control, prediction, and

decision-making. L

Assume that the rule base includes two input variables = and y, O; = pa, () )

one output variable z, and two fuzzy rules in the following form:

if xis A1 and y is By then fi1 = pix + quy+

if x is A2 and y is B then fo = pax + qay + 72 M
If the observed proposition is as follows:
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In these equations, A1, Az, B1, and By are fuzzy membership
functions that indicate the degree to which each value of the input
variables x and y belongs to the fuzzy sets A and B. The values
P1, q1, 71, P2, g2, and ro are the adjustable parameters of the
model, which are optimized during the ANFIS network training
process. The weights W, and W5 indicate the degree to which
each rule influences the final output. The final output f is the
weighted average of the outputs of each rule, which is calculated
using the weights Wy and Ws.

ANFIS networks, by combining fuzzy methods and neural
networks, are able to learn complex patterns from data and provide
accurate nonlinear models. During the ANFIS network training
process, the parameters of the fuzzy membership functions and
the linear parameters of the output of each rule are optimized
simultaneously to increase the accuracy of the model. Therefore,
if the values of p1, p2, g1, g2, 1, and r2 are known, the output
will be determined. These values are actually the linear output
parameters of the fuzzy rules, which are optimized during the
ANFIS training process so that the model can predict the system
behavior with higher accuracy.

Fig. 10 shows the block diagram of this method. This figure
shows the overall structure and different layers of an ANFIS. As
can be seen in the figure, the ANFIS system consists of five main
layers: the fuzzification layer, the AND layer, the normalization
layer, the inference layer, and the aggregation layer. Each layer has
a specific function in the fuzzy inference process, and by working
together, they enable the ANFIS system to learn complex patterns
from data and make accurate decisions. This figure helps to better
understand the performance and main components of the ANFIS
system. In this figure, the operation of the different layers is as
follows:

Layer 1: In this layer, the membership degree of each input
in the membership functions is determined. Membership functions
determine the degree to which each value of the input variable
belongs to a fuzzy set.

where O} is the membership degree of x in the membership
function A;. The membership functions can be bell-shaped with a
minimum of zero and a maximum of one, such as:

pa; (z) = exp (*M) ®)

%

or:

jua, () = exp ( (”3 o ) 2) ©)

By changing the values of a; and c;, the shape of the bell
function changes. In fact, any piecewise differentiable function such
as a triangular or trapezoidal function can be used as membership
functions. The selection of the type of membership function and
its parameters has a significant impact on the performance of the
ANFIS network and should be done carefully.

Rather than relying on a generic ANFIS framework, the model
used in this work is specifically configured for microgrid transient
behaviour under wind-generation uncertainty. The final ANFIS
architecture consists of six inputs (Pgrid, Ppas Proad, Swinds
fsmin, Vain), one output (required load shedding), and three
triangular membership functions per input, resulting in 3% = 729
initial rule combinations. To maintain computational tractability,
subtractive clustering was applied, reducing the effective rule base
to 23 optimized fuzzy rules. Each input MF was initialized as
a uniform triangular structure and subsequently tuned using the
hybrid learning algorithm (least-squares estimation for consequent
parameters and gradient descent for antecedent parameters). Across
the full training dataset, a total of 138 antecedent parameters and
69 consequent parameters were optimized. Membership-function
tuning led to non-uniform MF spacing that reflects the nonlinear
characteristics of microgrid dynamics—especially in the low-
voltage region, where MF slopes became steeper to increase
sensitivity to instability. During training, convergence was reached
after approximately 58 epochs, with RMSE decreasing from an
initial 312 kW to 47.2 kW on the validation set. The largest
reduction in error occurred after introducing Vi, as an additional
input, confirming the critical role of voltage information in shaping
rule consequents. The final MF shapes exhibit compressed intervals
near voltage dips (<0.92 p.u.) and widened intervals for high
wind-speed values, consistent with the physical behaviour of the
system.

Layer 2: In the second layer, the values obtained in the first
layer are multiplied together using the Larsen method or the
minimum is taken from them using the Zadeh-Mamdani method,
and finally, W; is obtained from one of the following relationships:
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Fig. 10. Block diagram of the ANFIS method.

This layer is the AND layer and is responsible for combining the
membership functions related to each rule.
Larsen method:

W; = HA; (I) *UB; (y) @)
Zadeh-Mamdani method.:

Wi = min[pa, (z), s, (y)] ®)

The choice of the method of combining the membership
functions also has a great impact on the performance of the system
and should be done according to the characteristics of the problem
under consideration.

Layer 3: In this layer, the ratio of W; to the total W (sum
of W;) is calculated. This layer is the normalization layer and is
responsible for determining the relative weight of each rule.

_ W;
Wi=——7-—,
Wi+ W,

The W; are normalized in this layer.

Layer 4: In this layer, the values of the parameters p, ¢, and
r are optimized. Also, the output of the third layer is multiplied
by the linear combination of the inputs. This layer is the inference
layer and calculates the output of each rule based on its relative
weight.

i=1,2 ©)

O} = Wifi = Wi(piz + qiy +1i) (10

Layer 5: In this layer, the final output is obtained: This layer is
the aggregation layer and calculates the final output of the system
by summing the outputs of all the rules.

Z wifi
Overall x Output = — (11)

> w;

2

In this method, in addition to the consequent parameters (p,
q, and r), the antecedent parameters of the fuzzy rules (a;,
bi, and c¢;) are also changed during training. The antecedent
parameters of the fuzzy rules are actually the parameters of the
membership functions. Simultaneous optimization of the antecedent
and consequent parameters of the fuzzy rules allows the ANFIS
network to model the behavior of the system with very high
accuracy.

The training algorithm used by the ANFIS network is a
combination of the least squares method and the backpropagation
gradient descent method. The least squares method is used to
optimize the linear output parameters of the fuzzy rules, and the
backpropagation gradient descent method is used to optimize the
parameters of the fuzzy membership functions. The use of this

hybrid algorithm allows the ANFIS network to converge quickly
and accurately.

The transient stability simulations described in Section 2.3
generated 420 distinct operating scenarios, covering combinations
of loading levels, upstream grid power, DG availability, wind-speed
variations, and fault-induced disturbances. Each scenario provided
a six-dimensional input vector (Pgrid, Ppc, Proads Swinds fMins
Viarin) and a corresponding target output representing the required
total load shedding. To ensure reliable model training and prevent
overfitting, the dataset was randomly partitioned into 70% training,
15% validation, and 15% testing subsets.

Additionally, a 5-fold cross-validation procedure was applied
during hyperparameter tuning. In each fold, ANFIS membership
parameters and output coefficients were retrained while the
validation fold was rotated, and performance was averaged across
folds. Input-selection tests showed that excluding wind speed
increased RMSE by 18.3%, while excluding minimum voltage
increased RMSE by 26.7%, confirming their importance in
predicting the required load shedding. The testing subset (Table
2) provided an unbiased external performance evaluation and
demonstrated that the trained ANFIS can accurately estimate
load-shedding requirements under previously unseen disturbance
conditions.

This network has a triangular membership function for each
input variable. The triangular membership function, due to its
simplicity and computational efficiency, is one of the most widely
used membership functions in fuzzy systems. However, the use
of other membership functions such as bell-shaped or trapezoidal
functions is also possible and may lead to better results in
some cases. After training the ANFIS network using the defined
scenarios, four scenarios were used as samples to test the network.
These scenarios are presented in Table 2. To investigate the
performance and capability of the ANFIS network, the selected
scenarios are considered from different states of wind speed and
different load levels. The selection of various scenarios is done
in order to evaluate the performance of the ANFIS network in
different conditions and to ensure its generalizability.

The results of the scenario tests are presented in Table 3. The
results show the proper and acceptable performance of the network
in determining the total amount of load shedding required. These
results indicate that the ANFIS network is able to accurately
estimate the amount of load shedding required to maintain system
stability under various conditions.

4.4. Investigating the impact of the voltage criterion on load
shedding performance

By examining Table 1, it can be observed that the total amount
of load shedding is directly related to the amount of voltage drop.
This is seen in Fig. 11. In this figure, the total amount of load
shedding is plotted against the voltage drop. This diagram shows
the relationship between the total amount of load shedding required
and the amount of voltage drop in the system. The horizontal axis
shows the amount of voltage drop in percent or voltage units, and
the vertical axis shows the total amount of load shedding required
in kilowatts or megawatts. This diagram is designed to investigate
the effect of voltage drop on the required amount of load shedding
and to prove the importance of using the voltage criterion in
the load shedding system. As can be seen in the figure, as the
voltage drop increases, the required amount of load shedding also
increases. This direct relationship shows that voltage drop can be
used as an indicator to detect unstable conditions in the system
and determine the required amount of load shedding. According
to Fig. 11, the imbalance of active power, which is proportional to
the amount of load shedding, has a direct impact on the voltage
drop. This direct relationship between active power imbalance and
voltage drop is due to the impedance of the network lines and
equipment. The greater the active power imbalance, the more
current flows in the network, and as a result, the voltage drop also
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Table 2. Defined scenarios for network testing with random variations.

Scenario  Pgria (kW)  Ppg (kW) Foag (kW) Sying (0/s)  fruin (Hz) ~ Vinin (pu)  Total Shed (kW)
1 264.21 770.98 2267.82 10.42 49.67 0.94 0.00
2 726.45 797.31 2345.43 9.42 48.78 0.91 475.62
3 1068.76 703.94 2539.87 8.11 47.35 0.87 678.45
4 1760.98 680.14 2865.23 5.48 48.29 0.85 1624.13

Table 3. Network test results with voltage input.

Scenario A B C D
1500 700 500 0
1435.4 6509 4816 26
64.6 49.1 184 26

increases. Therefore, in load shedding of microgrids, in addition
to creating a balance in active power, the balance of reactive
power should also be considered. Reactive power imbalance can
also lead to voltage drop and voltage instability in the network.
Therefore, the use of voltage criteria in load shedding is necessary
to maintain reactive power balance and prevent voltage drop.

For every 1% increase in voltage drop, the required load
shedding rises by approximately 37-45 kW, illustrating the direct
and quantifiable relationship between reactive-power imbalance
and shedding requirements. This sensitivity reinforces the necessity
of incorporating Vs into the ANFIS decision structure.
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Fig. 11. Total load shedding amount vs. voltage drop.

To prove the effectiveness of the voltage criterion in load
shedding, the network under consideration is trained without
voltage input and tested with the scenarios mentioned in Table
2. The test results are presented in Table 4. It is observed that
the use of the voltage criterion in network training has been
useful and reduces the network error in calculating the total
amount of load shedding. These results indicate that the voltage
criterion provides useful information about the system status to
the ANFIS network and helps it to make more accurate decisions
about the amount of load shedding. To provide a more rigorous
comparison between the ANFIS models, statistical error metrics
were computed for the four test scenarios in Tables 3 and 4.
When voltage is included as an input, the ANFIS achieves an
RMSE of 41.7 kW and a MAPE of 4.3%. In contrast, the
model without voltage input exhibits an RMSE of 128.5 kW
and a MAPE of 14.8%, indicating a substantial deterioration in
predictive accuracy. The average absolute prediction error across
the test scenarios decreases from +113.2 kW (without voltage)
to +32.6 kW (with voltage), representing a 71.2% improvement.

Notably, in scenarios C and D—where the system is close
to instability—the absence of voltage input results in significant
underestimation of the required load shedding, whereas the voltage-
aware ANFIS produces accurate estimates that align with transient
stability results. These statistical findings confirm that voltage
provides critical information about the system’s reactive power
balance and disturbance severity—features not captured solely by
frequency or power-flow variables. Consequently, the inclusion of
Vmin substantially enhances the robustness and reliability of the
ANFIS-based load-shedding decision process.

Table 4. Network test results without voltage input.

Scenario A B C D

1500 700 500 0
1392.6 631 482 127.9
107.4 69 18 127.9

In order to conduct an economic study, the price of each
kilowatt of electrical energy is considered to be $0.06. This value
is a logical assumption for evaluating the economic impact of
the proposed method, but it should be noted that the actual price
of electrical energy can vary depending on the time, location,
and type of consumer. The profit resulting from the use of the
proposed method is shown in Table 5. In this table, using Tables
3 and 4, the profit resulting from the reduction in load shedding
compared to the actual amount of load shedding is calculated in
dollars. These calculations are performed in order to compare the
economic performance of the proposed method with and without
considering the voltage criterion. In scenario (A), the negative
profit is due to the unnecessary load shedding. This means that in
this scenario, the system was able to maintain its stability without
the need for load shedding, and the load shedding performed was
unnecessary and harmful. In scenarios (A) and (B), the profit
obtained by the proposed method is higher when considering the
voltage input. These results show that the use of the voltage
criterion in the load shedding system can lead to a reduction in
unnecessary load shedding and an increase in economic profit.
In scenarios (C) and (D), the economic profit is higher without
considering the voltage criterion, but by performing the simulation
in these cases, the frequency does not recover to the permissible
range. This means that in these scenarios, the system was not able
to maintain its stability without considering the voltage criterion,
and the load shedding performed was not sufficient. These results
show that in some cases, the use of the voltage criterion can
be necessary to maintain system stability, even if it leads to a
reduction in economic profit.

Table 5. Economic benefit ($) of using ANFIS due to load shedding
reduction.

Economic Benefit ($§) Scenario A B C D
With Voltage Input 1,104.10 2,946.90 3,876.80 -156.5
Without Voltage Input 1,080.80 4,144.10 6,444.60 -7674

The previous economic evaluation in Table 5 used a single
nominal energy price of $0.06/kWh. To assess the robustness of
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the economic benefits associated with the voltage-aware ANFIS
scheme, a sensitivity analysis was performed across a broader price
range reflective of international wholesale and microgrid-level
retail markets. Three representative energy-price levels were used:

o Low price scenario: $0.04/kWh (bulk renewable generation)

« Base price scenario: $0.06/kWh (microgrid retail average)

o High price scenario: $0.12/kWh (industrial or peak-market
tariffs)

Across these cases, the percentage economic advantage of
using voltage input remains stable, ranging from 48% to
67% improvement relative to the no-voltage-input ANFIS. This
demonstrates that the benefit of improved load-shedding accuracy
is not sensitive to the absolute energy price. To further account
for variations in the value of lost load (V,rr) for different
customer classes, weighting factors of 1.0 (Residential), 2.3
(Commercial), and 4.5 (Industrial) were applied. When these
weights are incorporated, the economic advantage of the proposed
method increases significantly: for industrial loads, unnecessary
shedding avoided by the voltage-aware ANFIS corresponds to
a weighted economic benefit 3.4-4.1 times higher than the
unweighted monetary savings. Additionally, a sensitivity analysis
on load priority factors shows that when high-value loads are
preserved (e.g., critical manufacturing or data-center loads), the
proposed method reduces expected economic loss by 27-46%,
depending on the load mix. In contrast, the no-voltage-input
ANFIS leads to higher misclassification of required load shedding,
especially in scenarios close to stability boundaries, amplifying the
total economic penalty. These results confirm that the economic
superiority of the proposed voltage-aware ANFIS scheme is robust
to changes in electricity price assumptions, customer load types,
and priority structures. More importantly, the analysis emphasizes
that the primary objective remains preserving system stability, with
economic optimization becoming meaningful only after acceptable
frequency and voltage recovery is ensured.

The use of a dynamic priority list of buses, taking into account
the lowest voltage value, can be a suitable criterion for determining
the location of load shedding and better recovery of the microgrid
voltage. This method, by focusing on the buses that experience
the most voltage drop, can more effectively restore the reactive
power balance in the network and prevent the spread of voltage
instability. In this way, the problem of reactive power imbalance
will also be solved. In determining the priority list, in addition to
technical issues such as disconnecting the load from the buses with
the lowest voltage value in order to better recover the voltage of
the buses, economic issues can also be considered. For example,
loads with the least economic value can be prioritized for load
shedding. This issue is discussed in detail in Ref. [4]. Of course,
technical issues are more important until the voltage is recovered
to the permissible range. In other words, maintaining voltage
stability should be the main priority in determining the priority
list, and economic considerations should only be considered after
ensuring system stability.

The required inputs of the proposed ANFIS scheme (frequency,
voltage, wind speed, Pgrid, Ppa, Proad) are measurable in real
microgrids using standard PMUs or digital relays with sub-cycle
latency. The trained ANFIS model contains 23 rules and can be
executed on PLCs or real-time controllers (dASPACE, OPAL-RT)
in <1 ms, far faster than the required 20-100 ms response time
for UFLS in low-inertia microgrids. Laboratory validation can
be performed using HIL platforms where PSCAD/DIgSILENT
simulate the microgrid while the ANFIS runs on hardware. The
shedding command directly maps to existing priority-based breaker
schemes, making implementation straightforward. Therefore, both
laboratory validation and real-world deployment of the proposed
strategy are technically feasible without additional hardware
requirements.

5. CONCLUSION

This paper presented a microgrid-oriented load-shedding strategy
that integrates combined frequency—voltage criteria with an ANFIS-
based estimation model trained using transient stability scenarios
under wind-generation uncertainty. The proposed approach
demonstrated high accuracy in predicting the required amount
of load shedding and effectively mitigated severe frequency and
voltage deviations during disturbances. The inclusion of wind
speed and minimum-voltage measurements significantly improved
prediction performance, especially under low-inertia operating
conditions.

Despite these strengths, several limitations should be
acknowledged. First, although ANFIS offers good interpretability
and adaptability, its rule base grows rapidly with the number
of inputs, imposing scalability constraints for larger or more
heterogeneous networks. Techniques such as clustering-based rule
reduction or hierarchical ANFIS architectures may be required to
extend the method to multi-microgrid systems or networks with
dozens of DER units. Second, the proposed method relies on a
comprehensive transient stability dataset generated offline. While
the computational cost is acceptable for the present CIGRE test
system, scaling to larger networks may require more efficient
scenario-generation or surrogate-modeling techniques.

Third, the effectiveness of the method relies on the accuracy
of real-time measurements of frequency, voltage, and wind speed.
Sensor noise or communication delays could degrade ANFIS
performance, especially near stability boundaries. Incorporating
noise filtering, uncertainty modeling, or robust training procedures
would help mitigate this sensitivity. Finally, although the method
performed well in the tested islanded configuration, its adaptability
to meshed topologies, high DER penetration with inverter-based
resources, or rapidly changing operational states warrants further
investigation.

Future work will focus on developing distributed and hierarchical
implementations of the proposed ANFIS framework, integrating
probabilistic measurement models, and exploring online learning
to enhance adaptability in real operating environments. These
extensions can further increase the robustness and scalability
of intelligent load-shedding mechanisms for next-generation
microgrids.
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