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Abstract. The increasing adoption of Renewable Energy Sources (RES) is attributed to their sustainability,
reduced environmental impact, and reliance on abundant natural resources. Microgrids are becoming more
prevalent in existing power systems. The intermittent nature of renewable energy-based sources, as well as
the integration of power electronic converters in these microgrids, leads to various power quality issues such
as voltage and frequency fluctuations, current harmonics, transients, etc. To fully utilize the potential of renew-
able energy sources, these power quality issues must be addressed. This paper presents a comprehensive review
of swarm-based and hybrid AI optimization techniques for improving the dynamic response and power quality
in AC microgrid, analyzing over 100 relevant articles. The comparison of different algorithms is done in a sys-
tematic manner based on the speed of convergence, complexity of computation, capability of harmonic mitiga-
tion, and transient response. The major contribution of this paper is in understanding the limitations of
individual swarm intelligence approaches and establishing the effectiveness of hybrid AI solutions. The results
indicate that hybrid methods, especially ANFIS and PSO-ANN models, have better convergence speed, lower
total harmonic distortion, and enhanced transient stability, which makes them more appropriate for power
quality improvement in microgrids with renewable energy integration.
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Abbreviations

AC Alternating Current
ACO Ant Colony Optimization
AFBS Adaptive Fuzzy Back Stepping
AFNN Adaptive Fuzzy-Neural-Network
AFS Adaptive Fuzzy Sliding
AI Artificial Intelligence
ANFIS Adaptive Neuro-Fuzzy Inference System
APF Active Power Filters
BBO Biogeography-Based Optimization
BFOA Bacterial Foraging Optimization

Algorithm
DG Distributed Generation
DMLC Dual Multilevel Converter
DVSI Dual Voltage Source Inverter
DVR Dynamic Voltage Restorer
EBFO Enhanced Bacterial Foraging Optimization
ESS Energy Storage System

FIR Finite Impulse Response
FNN Fuzzy Neural Network
FOPID Fractional Order Proportional Integral

Derivative
GA Genetic Algorithm
GOA Grasshopper Optimization Algorithm
GSA Genetic Search Algorithm
GWO Grey Wolf Optimization
HAPF Hybrid Active Power Filter
HRES Hybrid Renewable Energy System
HSHAPF Hybrid Shunt Active Power Filter
IEA International Energy Agency
ITAE Integral Time Absolute Error
LFC Load Frequency Control
LQR Linear Quadratic Regulator
MCFNN Meta-Cognitive Fuzzy Neural Network
MG Microgrid
MPF Modulated Power Filter
PEMFC Polymer Electrolyte Membrane Fuel Cells
PCC Point of Common Coupling
PI Proportional Integral* Corresponding author: lavanya.v@vit.ac.in
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PQ Power Quality
PR Proportional Resonant
PSO Particle Swarm Optimization
PSO-ANN Particle Swarm Optimization-Artificial

Neural Network
PV Photovoltaic
PWM Pulse Width Modulation
RES Renewable Energy Sources
SAPF Shunt Active Power Filter
SDG Sustainable Development Goal
SDM Synchronous Detection Method
SHF Shunt Hybrid Filter
SI Swarm Intelligence
SRF Synchronous Reference Frame
SVPWM Space Vector Pulse Width Modulation
THD Total Harmonic Distortion
TSMC Terminal Sliding Mode Control
UPQC Unified Power Quality Conditioner
WOA Whale Optimization Algorithm

1 Introduction

The rate of integration of Renewable Energy Sources (RES)
is not adequate to address the global energy consumption
rate. The International Energy Agency (IEA) has predicted
an annual increase of 3.4% in global energy demand
through 2026. To meet this demand, the electric power sec-
tor must be transformed into a smart, intelligent system
with several Microgrids (MG) capable of supplying afford-
able and clean energy as per the United Nations Sustainable
Development Goals (SDG 7) [1]. Microgrids are small, self-
sufficient power networks that generate electricity for speci-
fic areas like university campuses, hospitals, military bases,
or local communities. A microgrid comprises loads and
micro-sources working together as a single controllable
entity that can supply both heat and electricity to the local
community [2]. A general AC Microgrid architecture is
shown in Figure 1. The renewable energy-based sources,
along with the Energy Storage Systems (ESS), are inte-
grated into the ACMG with the help of suitable power con-
verters/inverters to regulate the power flow in the system
[3, 4]. Increased penetration of RES can give rise to various
power quality disturbances like voltage sags, swells,
notches, harmonics, transients, low power factors, noise,
etc., as shown in Figure 2 [5].

Power Quality refers to maintaining the voltage and cur-
rent waveforms near sinusoidal at the rated magnitude and
frequency. Power Quality (PQ) disturbances, i.e., deviations
in the magnitude and frequency of the waveforms beyond the
specified range, are more prominent when the MG operates in
grid-connected mode. Usually, when the PQ disturbance is
severe, the MG gets disconnected from the utility grid at
the Point of Common Coupling (PCC), but it remains grid-
connected if the disturbance is minimal. The disturbances
accumulate on the utility side when there are multiple MGs
operating in grid-connected mode, with each MG having
minimal disturbance [6]. Most power quality issues are due
to the nonlinearity of the connected loads [7].

The recent development in Artificial Intelligence (AI)
has led to the concept of AI-based controllers for power
quality improvement [8]. AI is generally defined as an auto-
mated system that replicates human intelligence, encom-
passing problem-solving, decision-making, perception,
reasoning, and learning capabilities. Recent studies prove
that AI-based controllers are superior to conventional con-
trol methods concerning robustness, stability, and response
time. Figure 3 illustrates the various AI methods used
in the literature to address the power quality issues in
AC MG.

In this review paper, research on swarm intelligence and
hybrid AI-based controllers used in different power condi-
tioning devices is discussed. The merits and demerits of var-
ious optimization algorithms are also compared. The
selection of articles in the specified research area is con-
ducted using three primary online platforms, namely
Google Scholar, Web of Science, and Scopus. To ensure a
comprehensive review, relevant papers were considered in
the timeframe between 2010 and 2025. Power quality
improvement in microgrids, AI-based optimization methods
in AC microgrids, hybrid AI optimization techniques, opti-
mized control of frequency and voltage in autonomous AC
microgrids, optimized dynamic response enhancement in
AC microgrids, and traditional power quality mitigation
strategies in AC microgrids employing swarm intelligence
are the phrases used for selecting the relevant papers from
the said platforms. The selected papers were prioritized
based on journal quality, impact factor, Scopus indexing,
and the type of conference. The primary criterion for the
literature review was “power quality and dynamic response
improvement in AC microgrids through AI-based opti-
mization and hybrid AI techniques for power quality
mitigation”. A framework for the review was developed
after a comprehensive study and analysis of the selected
papers.

The traditional compensation methods like passive fil-
ters, APFs, UPQC, and D- STATCOMs usually employ
fixed parameter control and lack adaptability during
dynamic and nonlinear operation, thereby making them
inadequate for renewable-rich microgrids. As a result, intel-
ligent optimization control methods have attracted interest
due to their potential for offering adaptive, fast, and robust
compensation [9–11]. In this regard, swarm intelligence and
hybrid AI methods have been identified as promising alter-
natives; however, their relative efficacy, scalability, and
applicability are scattered throughout the literature. Thus,
a comprehensive review and comparison of the AI-based
methods is necessary to determine their merits, demerits,
and feasibility for ensuring improved dynamic performance
and superior power quality in AC microgrid systems.

The remaining part of the paper is organized as follows:
Section 2 describes the details of Power Quality Mitigation
Techniques. Section 3 gives the insights into AI-based opti-
mization techniques used for optimizing the parameters of
APF, UPQC, and other controllers used for power quality
improvement in AC microgrid systems. Section 4 details
the hybrid AI techniques addressing power quality issues
and the comparison of different methods used for power
quality improvement. Section 5 provides the conclusion.
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2 Overview of power quality mitigation
techniques

Several custom power devices and active compensation
techniques have been developed targeting specific PQ

disturbances at the distribution and transmission
levels. Among them, the most widely adopted solutions
are Active Power Filters (APFs), Dynamic Voltage Restor-
ers (DVRs), Distribution Static Compensators (DSTAT-
COMs), and Unified Power Quality Conditioners
(UPQCs).

Figure 1. Structure of AC microgrid.

Figure 2. Power quality disturbances.
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Active power filters (APF), when adequately managed,
are capable of compensating various power quality distur-
bances like current harmonics, voltage fluctuations, and
unbalances [12–16]. APF is recognized as one of the most
proficient compensators for effectively eliminating harmon-
ics. The development of several active power filter configu-
rations and their studies have been carried out in the recent
past for mitigating harmonics and reactive power compen-
sation when non-linear loads are present in the system
[17–23]. APFs utilize power electronic converters to pro-
duce compensatory current to cancel out the harmonic cur-
rents caused by non-linear loads. The circuit can be
designed in various configurations, namely, parallel, series,
or hybrid, based on the type of interfacing inductor or
transformer employed [24].

APF suppresses the reactive power as well as the cur-
rent harmonics at the input side. Moreover, the perfor-
mance of APFs remains unaffected by the characteristics
of the power distribution system [25, 26]. However, active
power filters are not fully effective in compensating for
the detrimental effects of heavy loads with significant fluc-
tuations. Additionally, they cannot completely mitigate all
harmonics and voltage unbalances [27]. SAPF is an APF
that is connected in parallel with the load. To address cur-
rent harmonics, the system introduces a compensating har-
monic current that matches the magnitude of the existing
harmonic current but is phase-shifted by 180�. This effec-
tively neutralizes the harmonic current, resulting in a grid
current that is almost sinusoidal and synchronized with
the source [28].

A Dynamic Voltage Restorer (DVR) is a series-connected
custom power device designed to safeguard sensitive loads
against voltage disturbances such as sags, swells, flicker,
and short-term interruptions in a distribution network. The
device works by injecting a controlled compensating voltage
via a series injection transformer to ensure the required volt-
age level on the load side, thus ensuring the continuous and
stable operation of the critical load [29]. Generally, a DVR
system comprises a voltage source inverter (VSI), a DC
energy storage system, an injection transformer, filters, and
a fast-response control system that senses the disturbances
and provides the necessary switching commands.

A Distribution Static Synchronous Compensator
(D-STATCOM) is a shunt-type custom power device that
is employed in a distribution system to control voltage, cor-
rect reactive power, and solve current-related power quality
problems like harmonics, unbalances, and flicker [11]. A
D-STATCOM is normally made up of a voltage source
inverter (VSI), DC energy storage capacitor, coupling
transformer, and a high-speed control system that injects
or absorbs reactive current at the point of common cou-
pling (PCC) to control the voltage. By dynamically adjust-
ing the magnitude and phase of the injected current, the
D-STATCOM provides rapid response and superior perfor-
mance compared to conventional capacitor banks or passive
compensators.

The Unified Power Quality Conditioner (UPQC) or
Universal Active Filter is a combination of series and shunt
active filters. It is used to remove multiple power quality
problems simultaneously. This is a multi-functional power

Figure 3. Various AI techniques used for power quality improvement.
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conditioner, designed to correct different voltage problems
and ensure that the harmonic load currents do not affect
the power system. It is also used to control the flow of
power and thus protects the critical loads [30].

3 AI-based optimization techniques

Over the past decade, numerous optimization techniques
have emerged. The most widely used techniques are nat-
ure-inspired approaches that replicate the behaviors of ani-
mals, physical phenomena, and evolutionary processes. The
term “swarm” in swarm intelligence (SI) denotes a vast col-
lection of decentralized, homogeneous agents that collabo-
ratively operate to accomplish shared objectives. In this
context, SI refers to an AI subfield that simulates the group
behaviour of natural swarms found in social organisms such
as fish schools, ant colonies, bacterial clusters, animal herds,
and bird flocks [31]. As a nature-inspired population-based
approach, the SI algorithms provide effective and efficient
solutions to complex optimization problems. The following
sections introduce some of the most commonly used swarm
intelligence optimization techniques applied in the improve-
ment of power quality in AC microgrids.

3.1 Particle swarm optimization

Particle Swarm Optimization (PSO), proposed by Kennedy
and Eberhart in 1995, is a nature-inspired optimization
technique. This algorithm, inspired by the bird flocking
and fish schooling behaviors, uses swarm intelligence and
is a population-based stochastic optimization technique.
PSO has been proven to be an effective algorithm for
large-scale non-linear optimization problems [32]. The
major advantage of this algorithm is its robustness against
the scale and complexity of the problem, which ensures that
the solution is effective regardless of the size and non-linear
nature of the problem [33]. The performance analysis of the
PSO algorithm is carried out by monitoring the path of
individual particles as well as the swarm. The particles start
their journey randomly, using their own experience as well
as the experience of the swarm. It is also drawn to the loca-
tions of its own best position, Xpbest, and the current global
best position Xgbest [34]. The flowchart for the algorithm is
given in Figure 4, and its fundamental principles can be elu-
cidated using the following three steps:

(a) Determine each particle’s fitness value.
(b) Update the best fitness value and positions of the par-

ticles locally and globally.
(c) Restore each particle’s position and velocity.

Xi = [xi1, xi2,. . .,xin] represents the position vector and
Vi = [vi1, vi2,. . ., vin] represents the velocity vector in a par-
ticular dimensional search space. The PSO algorithm’s opti-
mality depends on how each particle’s position and velocity
are updated using the following equations (1)–(2) [35].

Vkþ1
i ¼ w � Vk

i þ c1 � r1 XK
pbest �Xk

i

h i
þ c2

� r2 Xk
gbestX

k
i � Xk

i

h i
: ð1Þ

Xkþ1
i ¼ Xk

i þ Vkþ1
i : ð2Þ

where Vk
i and Xk

i are the particle’s velocity and position at
iteration k, respectively, and i is the particle’s index. The
values of the coefficients c1 and c2 are often between
[0, 2], whereas the inertia constant w is frequently in the
range [0, 1]. The random numbers r1 and r2 are produced
for every velocity update. Xgbest and Xpbest represent the
current global best position attained by the swarm and
the current local best position attained by each particle
based on its own best position, respectively. PSO-based
converters and conditioners have been proven to reduce
PQ issues, as discussed below.

3.1.1 PSO-based controllers

Figure 5 illustrates the control architecture of a Unified
Power Quality Conditioner (UPQC) integrated with artifi-
cial intelligence (AI)–based optimization techniques for
enhanced power quality mitigation [36]. AI optimization
techniques play a critical role in tuning the control param-
eters of both the PWM voltage controller and the hysteresis
current controller. Kumar et al. [37] employed state vector
modulation to enhance voltage stability in UPQC systems,
mitigating voltage sags up to 7%. Analysis of the syn-
chronous detection method (SDM) and instantaneous reac-
tive power theory (P-Q theory) for shunt active power filter
(SAPF) control reveals that UPQC can remove current
harmonics and ensure a unity power factor. P-Q control
has a faster response than the SDM, which removes current
harmonics within one cycle, unlike the SDM, which takes
14 cycles [38]. The UPQC described in [39] is controlled
by the voltage angle, and it effectively removes power qual-
ity problems, such as voltage swells up to 26% and sags up
to 81%, with a low harmonic content in the compensator
output. The UPQC performs well when the DC link capac-
itor supplies sufficient power. Most design methods
described in the literature do not consider the effect of
changes in the feeder or load impedance and harmonic dis-
turbances in source voltages or load currents. This neglect
makes it more difficult to compensate for system uncertain-
ties, thus reducing the overall performance of UPQCs. To
overcome this problem, a robust PSO-based feedback con-
troller for UPQC is developed in [40]. The PSO-based con-
troller has significant advantages over the LQR-based
controller, especially when partial state feedback is consid-
ered. Simulation and experimental data reveal that the
PSO-based controller achieves superior performance in
reducing total harmonic distortion (THD). The PSO-based
feedback controller limits the increase in THD to 32% com-
pared to 55% with LQR when the load impedance is
increased by 100%.

Conventional APFs are inadequate in effectively com-
pensating for the detrimental effects of heavy loads with
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Figure 4. Particle swarm optimization algorithm.
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significant fluctuations. It cannot address all harmonic dis-
tortions and voltage imbalances. The application of artificial
intelligence-based controllers in APFs can address the above
issues effectively. Current research in SAPF focuses on
developing innovative control strategies for shunt active
power filters and exploring new applications for these
devices [41–53]. Although SAPF is known to reduce THD,
it is not yet quite successful in doing the same under high-fre-
quency conditions. Various improved versions of SAPF have
been introduced in recent literature, including those based
on PSO algorithms. A synchronous reference frame (SRF)
theory-based SAPF is discussed in [54], where the gain val-
ues of the PI controller are optimized using PSO. The SAPF
effectively eliminates harmonics, balances load, and regu-
lates voltage without causing frequency deviations at the
PCC under balanced, unbalanced, and nonlinear loading
conditions. This PSO-based approach improved the power
quality by reducing the THD from 23.90% to 4.01%.

3.2 Grey wolf optimization

The Grey Wolf Optimization (GWO) technique replicates
the hunting tactics and leadership ranking characteristic
of wolves [55]. The wolves can be classified into four groups:
alpha, beta, delta, and omega. The three different phases in
GWO are searching for the target, encircling the prey, and
executing the attack [56]. The alpha wolves make decisions
on hunting, shelter, and routines, with subordinates
acknowledging their authority by lowering their tails,

indicating the pack’s disciplined and organized structure.
Subordinate wolves (Beta wolves) assist the alpha wolves
in decision-making and group management and may suc-
ceed the alpha wolves if needed. They must respect the
alpha wolves while holding authority over lower-ranking
members and providing feedback. Delta wolves assume
the role of scapegoats and are allowed to feed last due to
the dominance of others. Despite their limited individual
importance, their absence of disturbance maintains their
position within the group, where they are occasionally
referred to as babysitters. Omega wolves are the lowest in
the hierarchy of wolves [57].

The mathematical representation of the hunting behav-
ior of wolves provides the best solution to the alpha group,
with beta and delta packs following, as illustrated in
Figure 6. The flowchart of the grey wolf optimization algo-
rithm is shown in Figure 7. The hunting behavior begins
with encircling the prey, which can be expressed through
equations (3)–(4).

~D ¼j~c: ~Xp tð Þ � ~X tð Þ j; ð3Þ

~X t þ 1ð Þ ~Xp tð Þ � ~A:~D; ð4Þ
where, t indicates the current iteration, ~A and~c are random
coefficient vectors calculated using the equations (5)–(7),
~Xp refers to the position vector of the prey, ~X is the location
vector of grey wolves.

Figure 5. Block diagram of UPQC with AI tuning.

The Author(s): Science and Technology for Energy Transition 81, 14 (2026) 7



~A ¼ 2~a:~r1 �~a; ð5Þ

~c ¼ 2:~r2; ð6Þ

a ¼ 2 1� t
N

� �
; ð7Þ

where N is the maximum number of iterations. The value of
i progressively reduces from 2 to 0. If |~A j> 1, omegas
engage in a phenomenon known as the “global search,” in
which they flee from dominants and/or prey. If |~A j< 1,
omegas engage in a known as “local search,” following dom-
inants as they get closer to the prey. The random vectors r1
and r2 vary between [0, 1] and they represent the wolves’
random positions between their current and global posi-
tions. Alpha is the best candidate for leading the hunting
process, followed by beta and delta, which are referred to
as the best search agents. The positions of omegas are
updated based on the positions of beta and delta. The tar-
get’s position at iteration “t” is assessed by the position of
alpha, beta, and delta wolves given by the equation (8),
while the omegas sporadically adjust their positions to
encircle the prey.

~X t þ 1ð Þ ¼
~X1 þ ~X2 þ ~X 3

3
; ð8Þ

where X1, X2, and X3 represent the positions of alpha, beta,
and delta wolves. The grey wolf optimization technique has
been extensively applied to enhance the dynamic response
and power quality of AC microgrids. A few of the research
works related to MG control are analyzed in the following
subsections.

3.2.1 GWO-based controllers

GWO is used along with a fractional order proportional
integral derivative (FOPID) controller to improve the
UPQC performance, thereby addressing the power quality

issues. The GWO algorithm exhibits several advantages,
such as early convergence and optimized fitness values.

GWO outperforms several other algorithms, such as
biogeography-based optimization (BBO), genetic algorithm
(GA), and genetic search algorithm (GSA) in conjunction
with the standard PI controller. The dynamic method pro-
posed by Gupta et al. [58] employs a fractional order PI
controller optimized through the GWO Technique. This
approach has demonstrated an improvement in power qual-
ity by decreasing Total Harmonic Distortion (THD) as per
the IEEE standard. Goud et al. [59] showed that a GWO-
optimized FOPI controller combined with a shunt hybrid
active power filter significantly lowered THD from 27.43%
to 1.74%. Rajagopal et al. proposed a GWO-based PI con-
troller for addressing the power quality issues and improv-
ing the system dynamics [60]. Ravi et al. [61] introduced a
novel hybrid method combining the Stockwell transform
and Kernel Extreme Learning Machine, optimized via
GWO, for power quality disturbance detection and classifi-
cation. Comparative results demonstrate its high accuracy,
even in noisy conditions.

3.3 Ant colony-based optimisation

Ant colony optimisation (ACO) algorithms are modelled
from the foraging pattern of ants, in which ants leave pher-
omones to mark the best path. This biological phenomenon
is used in ACO to tackle complex optimisation problems by
simulating the process of path selection based on phero-
mones [62]. Ants have a natural capability to find the short-
est path to the food source by leaving pheromone trails to
guide other ants. Ants tend to move along the path with
a higher concentration of pheromones, which reinforces that
path as the best one. This phenomenon is mimicked in opti-
misation algorithms, in which multiple agents work
together to reach the optimal solution. The major advan-
tage of ACO algorithms is their capability to efficiently
cluster data and create optimal paths. The process of laying
pheromones, which is essential for ant-based communica-
tion, is both time-consuming and inefficient. Additionally,
this approach is susceptible to the risk of becoming trapped
in local optima, which can hinder the overall solution qual-
ity. There are three main components to the ant colony
search mechanism, mainly the initialization phase, the tran-
sition rule, and the pheromone trail updating rule, as shown
in Figure 8 [63].

In the initialization process, crucial parameters like ant
number, pheromone trail relevance, visibility weight, initial
pheromone levels, deposition constant, evaporation rate,
and tuning factors need to be set and accurately managed.
For an ACO model, the transition probability for the kth
and from state i to state j is given by equation (9).

Pij kð Þ tð Þ ¼
sij tð Þ� �a

gij tð Þ� �b
RjeN kð Þ

i
sik tð Þ½ �b gik ðtÞ½ �b ; j e Ni kð Þ

0; j 62 Ni kð Þ

8>><
>>:

; ð9Þ

where sij is the trail intensity on edge (i, j), gij = 1
cij

� �
is

called the heuristic function, a is the pheromone weighting
factor, gij is the heuristic value on arc ij, b is the heuristic

Figure 6. Representation of wolves’ hunting process.

The Author(s): Science and Technology for Energy Transition 81, 14 (2026)8



weighting factor, Ni is the feasible neighborhood of options
for the ant, k, to traverse from node i. The agent modifies
the pheromone concentration on the visited path using a
local update strategy as given in equation (10).

sij ¼ 1� fð Þsij þ s0; ð10Þ
where f is the heuristically defined parameter, and s0 is the
initial pheromone level. The desired path is adjusted
dynamically based on the pheromone data. The global
pheromone updating rule, as given in equation (11), is
applied after all agents have built their solutions. This
encourages more pheromones on frequently used paths.

sij ¼ 1� qð Þsij þ D sij ð11Þ
where q is the pheromone decay factor (0 < q < 1).

3.3.1 ACO-based controllers

The flexible and scalable characteristics of ACO make it
capable of functioning at its best in different microgrid

operating conditions, thereby dealing with voltage prob-
lems such as sag, swell, and so on, resulting in a decrease
in THD and an improvement in power quality.

Benachaiba et al. [29] introduced a new method for the
control of a dynamic voltage restorer (DVR) using an
ACO-based PI controller (ACOPI). The simulation out-
come shows that the ACOPI controller enhances the
response time and control accuracy and stability better
than the traditional PI controller. This clearly indicates
the effectiveness of the ACO method in enhancing the con-
trol strategy of the DVR. The proposed method provides a
significant advantage by stabilizing the DC voltage faster in
the presence of voltage disturbances. The use of ACO has
been found to be effective in reducing disturbances caused
by sags and swells, thus improving power quality more effi-
ciently than the traditional PI controller.

APFs inject harmonic components to neutralize those in
the load current and are commonly connected at the PCC
to compensate for multiple loads. Among them, voltage
source PWM inverter-based SAPFs are favoured due to
their superior efficiency compared to current source

Figure 7. Grey wolf optimization algorithm.
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inverters [64–66]. The performance of SAPF is primarily
influenced by the selected reference generation scheme,
the reference signal being the key to its operation. The sig-
nal processed by the PI controller ensures that SAPF func-
tions correctly. There are multiple techniques for
determining the reference switching current for the APF
[67]. Various algorithms that are being used to tune the
parameters of the PI controller are not capable of ade-
quately capturing the dynamic response of the controller,
as they consider only the isolated characteristics of the
DC bus voltage. ACO is used to optimize PI controller

gains in a Shunt Active Power Filter (SAPF) for improved
dynamic performance [68].

The ACO-optimized PI controller resulted in a substan-
tial improvement in the response of the DC bus voltage for
varying loads, with a settling time reduction of over 9 times
for the increasing load and 13.5 times for the decreasing
load compared to the conventional controller. The proposed
approach is found to be robust and efficient for improving
the SAPF performance and power quality. Hybrid active
power filters (HAPF) are a combination of passive and
active filters, providing a balanced solution for harmonic

Figure 8. Ant colony optimization algorithm.
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suppression and voltage control. This topology takes advan-
tage of the economic viability of passive filters and the supe-
rior performance of APFs, providing an optimal solution for
enhancing the power system stability [9, 69]. Tiwari et al.
[70] present an ACO-based approach for the design of
HAPF to satisfy the design requirements. The proposed
approach optimizes the filter parameters simultaneously,
which is an advantage in filter design. The results show that
the designed filter satisfies the specified requirements, pro-
viding better performance and a reduced structure.

Moreover, the ACO-based method is flexible and can be
used for the optimization of interlaced filters with multiple
passbands. By employing this technique, the THD value
was decreased from 30% to 3.87%, thus leading to a substan-
tial improvement in the power quality. Kumarasabapathy
et al. [10] present a fuzzy logic control technique for the
UPQC to counteract voltage sag and total harmonic distor-
tion, thus enhancing the power quality in the distribution
network. The control technique employs a fuzzy logic con-
troller to produce the required reference signals, and the
fuzzy membership functions are tuned using ACO. The
results validate the effectiveness of the proposed technique
in enhancing the overall power quality. On comparing, the
THD value without UPQC is 4.17%, whereas the THD
value with the ACO-FLC controller is obtained as 0.13%.

3.4 Grasshopper optimization algorithm

The Grasshopper Optimization Algorithm (GOA) is a new
development in SI proposed by Saremi and Mirjalili in 2017,
inspired by the swarming behavior of grasshoppers. The
algorithm utilizes the dynamic behavior of grasshoppers
to improve its problem-solving abilities in different opti-
mization problems [71]. Known for their capacity to inflict
substantial damage on crops, grasshoppers are widely
acknowledged as harmful pests in agricultural settings
[72]. Grasshoppers undergo a life cycle consisting of two
main stages: nymph and adulthood. During the nymph
stage, their movements are limited and gradual, while in
adulthood, they exhibit long-range and abrupt movements.
These stages reflect the intensification and diversification
phases of GOA.

The parameters of the PI controller used with Distribu-
ted Static Synchronous Compensator (DSTATCOM) are
tuned using GOA, thus improving the sinusoidal nature
of voltage and current waveforms at PCC [11]. GOA has
been successfully implemented in the development of vari-
ous inverters, as in the case of selective harmonic elimina-
tion in a low-frequency voltage source inverter [73] and
filters, as in the case of optimal design of a digital FIR filter
[74]. GOA is used to optimize the parameters of the static
synchronous series compensator controller [75], to optimize
the PI controller for improving the performance of a
grid-connected wind generator [76], to tune the parameters
of the PID controller for the LFC of an autonomous two-
area hybrid microgrid [77], and various other applications.
GOA has been proven successful in improving power qual-
ity because of its ability to be integrated with controllers for
adaptive tuning. Mathematical models of the grasshoppers’
swarming behavior are given in equations (12)–(15).

Xi þ Si þGi þ Ai; ð12Þ
where the position of the ith grasshopper (Xi), its social
interaction (Si), gravitational force (Gi), and wind advec-
tion (Ai) are the key parameters. To introduce stochastic
elements into the grasshopper behaviour, equation (12) is
modified to equation (13).

Xi ¼ r1Si þ r2Gi þ r3Ai; ð13Þ
where r1, r2, and r3 are random numbers in the range [0, 1].
To solve complex optimization problems and circumvent
local optima, equation (14) is used.

Xid ¼ C
RN

J¼1

j 6¼ 1
c
ubd � lbd

2
S xdj � xdi

��� ���� � xj � xi
dij

� �
þ T̂d ;

ð14Þ
where ubd and lbd indicate the upper and lower boundaries
of the dth dimension, respectively. ubd is the dimension
value in the best current solution, while c serves as a
decreasing coefficient to limit the comfort, repulsion, and
attraction ranges. To balance exploration and exploitation
in the search for the optimal solution, the parameter c
decreases proportionally with the number of iterations as
given in equation (15). This adjustment promotes more
exploitation as the number of iterations increases by nar-
rowing the comfort zone based on the number of iterations

c ¼ cmax � l
cmax � cmin

L
; ð15Þ

where cmax and cmin denote the upper and lower limits, l
refers to the current iteration, and L is the specified maxi-
mum number of iterations.

3.4.1 GOA-based controllers

Jumani et al. [78] present an intelligent power flow con-
troller using GOA specifically designed for grid-connected
microgrid systems. The main objective of the research work
was to optimize the active and reactive power exchange
between the microgrid and the utility grid, ensuring that
the overshoot is minimized, the settling time is reduced,
and the total harmonic distortion is reduced, especially
when the microgrid is highly penetrated with DG. The
power quality analysis of the microgrid system used in the
study reveals that the proposed controller satisfies the
power quality standards as specified in IEEE Standard
929-2000, ensuring distortion-free power supply to the load.
Elmetwaly et al. [79] proposed an adaptive switched filter
compensator (ASFC) using a GOA/PID controller to find
the optimal gains and minimize the error. The simulation
outcome reveals a significant improvement of 94% in
THD using the ASFC, whereas the modified D-STATCOM
and conventional SFC showed improvements of 50.6% and
80.2%, respectively. This clearly indicates the potential of
GOA in improving power quality in microgrids. Mustafa
et al. [80] use GOA to find the optimal values of PI con-
trollers in an islanded microgrid system. The simulation
results validate that GOA outperforms PSO and Whale
Optimization Algorithm (WOA) in achieving a faster and
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better solution, which results in the minimization of voltage
and frequency overshoot, as well as THD. The convergence
of the controller was enhanced by 23.81% and 33.33%,
respectively, compared to PSO and WOA-based
controllers.

Adbulwahab et al. [81] used a droop controller to reduce
the variations occurring during the islanding and load
changes. To accomplish this, the controller parameters are

optimized using GOA, which ensures stability during the
disturbances. The simulation results show that the fre-
quency variation, immediately after switching the microgrid
to island mode, is significantly lower (0.0036%) using the
GOA-optimized droop controller than that of the GA-opti-
mized droop controller (0.2140%), thus improving the
power quality.

3.5 Bacterial foraging optimization algorithm

The Bacterial Foraging Optimization Algorithm (BFOA),
developed by Passino, is a new entrant in the family of nat-
ure-inspired optimization algorithms. The innovative
method, inspired by the foraging behavior of bacteria, pro-
vides a distinct approach in the general area of evolutionary
algorithms [82]. The BFOA algorithm draws inspiration
from the social behavior of Escherichia coli bacteria. Bacte-
ria, in their search for food, try to maximize their energy
return per unit time and interact with each other through
a signaling process. This decision-making process, based
on chemotaxis, where bacteria move in a stepwise fashion
to reach the food source, is the inspiration for the basic idea
of the algorithm [83].

BFOA performs very well in a particular domain, espe-
cially when combined with other algorithms. But its depen-
dence on the problem structure and the absence of
systematic tuning procedures make it less generalizable
and may require major modifications for different optimiza-
tion problems. Various modifications of BFOA are intro-
duced to overcome these limitations. Some of the most
popular ones are chemotactic differential evolution [84], in
which BFOA was hybridized with differential evolution,
bacterial swarm optimization [85], in which BFOA was
integrated with PSO, etc. The BFOA technique involves
four main steps: chemotaxis, swarming, reproduction, and
elimination-dispersal, as shown in Figure 9. Chemotaxis
emulates the behavior of an E. coli bacterium, involving
swimming and tumbling facilitated by its flagella. The
bacterium’s movement in chemotaxis is represented by
the equation (16).

hi j þ 1; k; lð Þ ¼ hi j; k; lð Þ þ C ið Þ � ið Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�T ið Þ� ið Þ

q ; ð16Þ

where hi(j, k, l) is the location of the ith bacterium at the jth
chemotactic, kth reproductive, and lth elimination-dispersal
phases, with C(i) indicating the step size in a randomly cho-
sen direction (run length unit), and D represents a vector
with randomly directed elements, each within [�1, 1].

3.5.1 BFOA-based controllers

Various researchers have employed BFOA to improve the
power quality of the grid. Chitra et al. proposed a new
power control approach based on BFOA for autonomous
microgrid applications [86]. The approach integrates two
control loops, where the inner control loop uses a current
controller designed in a synchronous reference frame, and
the outer control loop uses a power controller with conven-
tional PI controllers.

Figure 9. Bacterial foraging optimization algorithm.
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Upon the microgrid’s transition to island mode, the
voltage-frequency control mode is activated to ensure that
the voltage and frequency values are within the desired
range. The PQ control approach is used to handle the
dynamic changes in the loads in an autonomous microgrid.
Upon the microgrid’s transition to autonomous mode or a
change in the load, the BFOA algorithm enables real-time
self-tuning of control parameters to improve power quality.
Simulation results show that the proposed power controller
provides a superior performance in maintaining voltage and
frequency stability in autonomous mode [87].

Othman et al. introduced modulated power filters
(MPF) to be incorporated within a microgrid environment
to realize substantial technical advantages like optimized
voltage profiles, effective energy use, optimized control
strategies, and improved power quality. An improved bac-
terial foraging optimization (EBFO) algorithm is used to

optimize the control gains of a tri-loop PI controller in
the MPF structure to reduce the absolute value of the glo-
bal error signal. Digital simulation results validated the effi-
cacy of the MPF structure in improving the power quality
and voltage profiles [88].

Dubuisson et al. investigated predictive control based
on BFOA for standalone microgrid systems, concentrating
on a two-level system that controls the DC-link voltage,
grid voltage, and grid frequency. The reference power signal
from the BFOA is used as an input to the predictive control
strategy on the AC side, thus optimizing power interactions
and improving power quality at the PCC [89].

Tang et al. proposed a dynamic BFOA to solve the opti-
mal power flow problem considering the variation of loads.
The proposed method was applied to the conventional
IEEE 30-bus and 118-bus test systems to optimize the fuel
cost of power systems using the optimal power flow solution

Table 1. Comparison of various AI techniques used for power quality improvement.

Attributes AI optimization techniques

PSO ACO GWO GOA BFOA

Influence Inspired by the
social behavior
of birds and fish.

Inspired by ant
foraging behavior.

Inspired by the
social and hunting
behavior of grey

wolves.

Mimics
grasshopper

movements during
food search.

Incorporates
chemotaxis,
swarming,

reproduction, and
elimination-
dispersal of
bacteria.

Complexity Low complexity,
�50–100

iterations, fast
execution
(�0.5–2 s)

Moderate
complexity, �100–
200 iterations,

runtime (�2–5 s)
due to pheromone

updates

Low to moderate
complexity, �80–
150 iterations,

runtime (�1–3 s)

Moderate
complexity,
balances

exploration and
exploitation,
�100–200
iterations

High complexity,
�200–500

iterations, longer
runtime (�5–10 s)
due to multiple
simulation stages

Suitability Effective in
handling non-
linear and

multiobjective
optimization.

Suitable for
solving

combinatorial and
routing problems.

Ideal for nonlinear
and optimization

challenges.

Suitable for
dynamic and
nonlinear

optimization
problems.

Suitable for
multiobjective and

complex
optimization
problems.

Convergence Provides fast
convergence

with moderate
computational

time.

Produces high-
quality solutions.

Maintains a strong
balance between
exploration and
exploitation.

Exhibits rapid
convergence under

favorable
conditions.

Explores solution
space extensively.

Limitations Prone to local
optima while
handling high-
dimensional,
intricate
situations.

Requires significant
computational time

and resources.

Requires parameter
adjustments for
best performance.

Prone to instability
in highly dynamic

scenarios.

Requires high
computational
resources and

converges slowly.

Parameter
Sensitivity

Needs precise
parameter
adjustment.

Risk of pheromone
path stagnation.

Efficiency may
diminish in very
high-dimensional

spaces.

Requires thorough
parameter tuning.

Resource-intensive
for large-scale

systems.
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structure for different loading conditions. The outcome of
the study shows that the BFOA method performs well by
rapidly responding to the changes in the loads, thus enhanc-
ing the PQ significantly [90]. The comparison of different AI
techniques used for power quality improvement is shown in
Table 1.

The optimization algorithms – PSO, ACO, GWO,
GOA, and BFOA – have unique properties in terms of com-
putational complexity, convergence rate, and problem type
as mentioned in Table 1. PSO, developed based on the
social foraging behavior of birds and fish, has low computa-
tional cost and fast convergence speed, making it efficient
for linear and multiobjective optimization problems, but
its property of easy premature convergence makes it less
effective for high-dimensional search spaces. ACO, devel-
oped based on the foraging behavior of ants, has a higher
computational cost due to the pheromone update rules,
but it is highly effective for combinatorial and routing prob-
lems, as it always produces high-quality solutions. GWO,
developed based on the social hierarchy and hunting strat-
egy of grey wolves, has a moderate computational cost and
a good exploration-exploitation trade-off, making it effec-
tive for non-linear optimization problems, but its efficiency
decreases with the increase in dimensionality. GOA, devel-
oped based on the grasshopper social foraging behavior, has
high sensitivity to parameter settings and dynamic environ-
ments, but it has the potential to converge quickly if favour-
able conditions are met. BFOA, developed based on the
chemotaxis, reproduction, and elimination-dispersal pro-
cesses of bacteria, has a high computational cost and slow

convergence speed due to its extensive search capability
for complex and multi-objective optimization problems.

4 Hybrid AI-based techniques

Techniques such as PSO, Fuzzy logic, GWO, and ACO,
among others, in artificial intelligence have received consid-
erable attention in research due to their ability to solve
complex power quality problems in AC microgrids, among
other areas, which are difficult to solve using traditional
approaches. To enhance the performance of AI techniques
in solving complex real-world problems, hybrid models
can be used. Hybrid models assist in overcoming the limita-
tions of traditional AI techniques, and thus, they have
become highly popular in the research community [91].
Enhanced Seagull with Rooster Update (ES-RU) Algo-
rithm was developed [92] for adjusting the parameters of
the FOPI controller to enhance the performance of UPQC
in solving the power quality problems. The combination of
these techniques enables the system to handle uncertainties
using fuzzy logic and optimize solutions using ACO, thus
enhancing the performance of the AC microgrids. The com-
bination of different AI techniques in hybrid models assists
in a more effective response to the complex and diverse nat-
ure of power quality problems. The rate of convergence of
hybrid AI techniques is often faster than that of single-tech-
nique approaches. Although there are some limitations in
individual AI approaches, such as the tendency of PSO to
get stuck in local minima and the difficulty of fuzzy logic

Table 2. Performance analysis of various hybrid AI techniques.

Attributes Hybrid-AI optimization techniques

FNN ANFIS PSO-ANN PSO-GWO

Influence Combines human
reasoning with neural

learning.

Combines neural networks for
learning and fuzzy logic for

decision making.

Based on the social
behavior of bird flocking

and fish schooling.

Integrates the
social hierarchy of

wolves with
exploratory
strategies.

Convergence Fast convergence,
enabled by learning and

adaptability.

Fast convergence is achieved
through adaptive

mechanisms.

Performance is moderate
and influenced by initial

parameter choices.

Rapidly balances
exploration and
exploitation.

Computational
time

Moderate Moderate Low Low to Moderate

Scalability Highly adaptable to
problems of different sizes

and complexities.

Highly suitable for a wide
range of applications with

excellent scalability.

Suitable for medium-sized
problems with limited

scalability.

Highly scalable for
large and complex
problem domains.

Robustness Strong resistance to
environmental noise and

uncertainties

Very high adaptability to
fluctuating environments.

Highly capable of managing
data and variations in

parameters.

Very effective in
handling varied
conditions and

scenarios.
Real-time
hardware
functionality

Good Very Good Average Very Good
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Table 3. Power quality improvement using AI techniques.

Ref. Issues Mitigation techniques used Results

[111] Power quality issues due to
active/reactive power
changes and grid voltage
sag in HRES.

PSO-based PI controllers
(offline and online tuning).

Online PSO-based PI controllers reduced ITAE by
15.24% and current THD by 5.32%, achieving the
lowest error and THD among the different
techniques.

[112] Power quality issues in a
three-phase grid-connected
inverter under voltage sag
conditions.

PSO-based tuning of PR
controller.

PSO-based control parameter tuning produces
high-quality output grid voltage and current
waveforms, achieving a very low current THD of
0.59% when PR control parameters are tuned
using PSO.

[113] Current control instability
in 3-phase PV grid-
connected systems under
dynamic isolation changes.

PSO-based self-tuning linear
current controller with
SVPWM.

Achieved fast dynamic response with sinusoidal
grid phase voltage and line current. THD was
reduced to 0.38%, well below the 5% limit in IEEE
Std 1547-2003.

[114] Power fluctuations and
harmonic distortion in
microgrid operation during
load changes.

PSO-based optimal PI
controller for DG units.

Reduced THD from 14.26% (non-optimized) to
11.76%. The system exhibited fewer power
fluctuations, improved voltage stability, and faster
response.

[40] Unbalanced and distorted
three-phase supply voltages
and load currents in a
power distribution network.

PSO-based state feedback
controller for UPQC.

Maintained THD for source currents and load
voltages within permissible limits (<5%) under
varying conditions. Improved robustness and
performance compared to LQR-based controllers.

[58] High THD levels in a grid-
connected 100 kW PV
system under varying solar
irradiation.

Fractional Order PI controller
tuned using Grey Wolf
Optimization (GWO).

THD was reduced to 4.42% at 600 W/m2, 2.39%
at 800 W/m2, and 1.22% at 1000 W/m2, meeting
IEEE standards (<5%). DC link voltage stabilized
at 1450V.

[115] High harmonic content
under non-linear and
unbalanced load conditions
in a hybrid renewable
energy grid-connected
system.

Hybrid Shunt Active Power
Filter (HSHAPF) optimized
with GWO-based Fractional
Order PI controller.

THD reduced from 27.43% (without filter) to
1.74% when GWO-tuned HSHAPF is used, with a
good power factor improvement.

[116] High THD in supply
current, poor dynamic
response in SAPF

ACO-based optimization of PI
controller for SAPF

THD was reduced to 3.85%, 2.92%, and 3.49% for
phases A, B, and C, respectively. Settling time
improved with ACO (287 ms vs. 1140 ms using
conventional PI).

[117] Voltage distortion and high
THD in autonomous
microgrid

ACO-tuned controller with
synchronous reference frame
PI control

THD reduced from 35.43% to 4.63%. Voltage
regulation improved with V-f control in islanding
mode.

[78] High harmonic distortion
and overshoots during DG
injection or disconnection;
poor power sharing.

Grasshopper Optimization
Algorithm (GOA)-based
controller.

Compared to the PSO-based controller, the GOA-
based controller reduced the overshoot in active
power from 180% to 94.4% and load power
overshoot from 108.5% to 12.96%, significantly
improving dynamic response.

[79] Harmonic distortion,
voltage instability, and
reactive power issues in MG
due to RES variability.

Adaptive Switched Filter
Compensator (ASFC) with
GOA-tuned PID controller.

The proposed ASFC achieved a Voltage THD of
1.19% when compared with 3.79% for the
traditional SFC, significantly reducing the
processing time.

[86] Voltage and frequency
regulation in an
autonomous microgrid
during load changes and
island mode operation.

Bacterial Foraging
Optimization Algorithm
(BFOA)

The proposed power control strategy successfully
regulated the voltage to 220 V and the frequency
to 50 Hz after a short transient (voltage regulation
achieved after 0.3s, frequency regulation after
0.4s).
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in handling high dimensionality, hybrid models can address
these issues, resulting in more robust and effective solutions
to power quality problems. The scalability of hybrid models
of AI makes them suitable for larger systems, as they can
easily handle large datasets and complex problem spaces,
which are required in large-scale microgrids.

Despite the benefits, hybrid AI approaches are limited
by several important constraints. The combination of mul-
tiple AI approaches can result in increased computational
complexity, which can be time-consuming and require more
sophisticated hardware. The combination of multiple AI
approaches requires a careful tuning of each component
to achieve optimal performance, which can be complex
and time-consuming, especially when considering the vari-
ety of power quality issues in microgrids. The complexity
of hybrid AI approaches can result in higher costs associ-
ated with both hardware and software. The computational
complexity of hybrid AI approaches can be a challenge for
real-time implementation, requiring careful design and opti-
mization to provide timely solutions to power quality prob-
lems in microgrids.

4.1 FNN-based controllers

Ji-cheng Liu et al. [93] developed a fuzzy neural network
model for evaluating the power quality at various observa-
tion points in a wind farm. The model uses power quality
disturbances to test the safety and stability of wind power
in grid connections, with satisfactory results showing high
identification accuracy and detail in power quality analysis.
The study conducted by Hee-Sang Ko et al. [94] presents a
fuzzy neural hybrid controller for improving power quality
in wind power production plants. The feedforward control
employs a neural network inverse model, which is trained
with the Levenberg-Marquardt algorithm, and the feedback
control is handled by a fuzzy controller. The performance of
this controller was significantly better in comparison to the
traditional PI and fuzzy controllers in all test cases. In
another research, Shixi Hou et al. [95] developed a meta-
cognitive fuzzy neural network (MCFNN) control strategy
for power quality improvement, which has high learning
capabilities and excellent performance. The adaptability
of MCFNN to parameters and structure makes it suitable
for applications involving dynamic loads, and both experi-
mental and simulation studies have proven its efficacy in
harmonic compensation.

The application of an Adaptive Fuzzy-Neural-Network
(AFNN) controller for improving microgrid power quality
using shunt hybrid filters (SHF) was studied by Soumya
Ranjan Das et al. [96] and compared with adaptive fuzzy
sliding (AFS) and adaptive fuzzy back-stepping (AFBS)
control strategies. The proposed technique performs better
than the existing controllers in demonstrating dynamic per-
formance, stability, and robustness. The AFNN controller
ensures fast convergence and low THD, and its performance
is analyzed for different solar and wind scenarios. A new
control system [97] was developed using an adaptive type-
2 fuzzy neural network to enhance power quality. The sys-
tem employs a model-free design approach using a recurrent
feature selection algorithm for type-2 fuzzy neural net-

works. The proposed control strategy retains the robustness
and finite-time convergence properties of terminal sliding
mode control (TSMC), thus meeting the requirements of
practical applications.

S. S. Dheeban et al. [98] proposed a PV-UPQC system
with an Adaptive Neural Fuzzy Inference System (ANFIS)
based controller and reinforcement learning technique for
enhancing the power quality in photovoltaic distribution
systems. A. Senthil Kumar et al. [99] proposed an ANFIS-
based adaptive control method to compensate for the dis-
tortion in power quality in microgrids connected to power
distribution systems using a UPQC device. These works
together emphasize the effectiveness of ANFIS-based meth-
ods in optimizing the power quality in various grid condi-
tions. The DG with an ANFIS-optimized PI current
controller efficiently handles the changes in grid frequency
and voltage distortions in nonlinear loads, thus enhancing
power quality [100]. The ANFIS-PI optimized DG con-
troller performs better in harmonic compensation, and it
can be easily combined with current control methods. B.
Rupa et al. [101] presented a dual voltage source inverter
(DVSI) and dual multilevel converter (DMLC) with an
ANFIS-based controller for improving power quality and
microgrid performance. The ANFIS controller outperforms
conventional fuzzy and ANN controllers in THD analysis,
achieving faster stability with a reduced settling time of
0.15 seconds.

The ANFIS with a hysteresis controller was presented in
[102] to improve the power quality by using fuzzy interpo-
lation for smooth control and backpropagation of neural
networks for adaptability in complex scenarios. The ANFIS
controls both the series and shunt active power filters,
achieving optimised voltage and current outputs and ulti-
mately improving power quality and stability. Abdelkader
et al. introduce a DVR system controlled by an ANFIS-
based controller that effectively compensates for prolonged
power quality issues by integrating a hybrid renewable
energy system (HRES) managed with a PI controller. The
proposed DVR topology leverages clean energy from solar
panels, PEM fuel cells, and battery storage, all connected
through DC-DC converters to a DC transmission line. Sim-
ulation results indicate a significant improvement in power

Figure 10. Improvement of THD with the help of AI technique
([79, 114–117]).
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quality, with THD in load voltage reduced from 29% to 5%
and THD in source current reduced from 30.25% to 2.79%
[103]. ANFIS-FOPIDC control was developed [104] for
SHAF and UPQC, aiming to minimize the distortions in
the current waveform, which improves the performance
during load variations and solar irradiation fluctuations.

A neuro-fuzzy UPQC controller was used to reduce volt-
age imbalances and harmonics in a grid-connected micro-
grid [105] and achieved a THD of 3.34% in the grid
current. Kanata et al. [106] used a time-varying nonlinear
PSO method, initialized with an artificial neural network
(ANN), to optimize reactive power and voltage control in
an IEEE 14-bus power system.

Sheila et al. [107] proposed a new hybrid GWO-PSO
method for solving the reactive power planning problem,
thus solving the power quality problem in the grid. Zaid
et al. [108] studied the application of HPSO-GWO for
enhancing the performance of the local control layer under
different load and photovoltaic (PV) generation conditions.
The method ensures accurate power transfer between the
distributed generators (DGs) and proper voltage regulation
despite the dynamic conditions. A hybrid PSO-GWO
method is proposed for DG planning and provides informa-
tion on microgrid planning for isolated regions by optimiz-
ing grid parameters and enhancing power quality [109].

A hybrid shunt active power filter (HSAPF) optimized
using the hybrid PSO-GWO approach and a fractional
order proportional-integral-derivative controller (FOPIDC)
was proposed by Alok et al. [110] for better reactive power
and harmonic compensation. A prototype system has been
designed, which is cost-effective and easy to implement for
the elimination of load-generated harmonics and the
achievement of a unity power factor. The FOPIDC-based
HSAPF optimized using the hybrid PSO-GWO approach
shows better harmonic suppression capabilities for different
operating conditions.

The different hybrid AI optimization methods, FNN,
ANFIS, PSO-ANN, and PSO-GWO, have been compared
based on their convergence speed, computational complex-
ity, scalability, and applicability as presented in Table 2.

FNN and ANFIS have faster convergence speeds because
of their adaptive learning properties, with ANFIS being
more scalable and applicable for real-time implementation.
PSO-ANN achieves low computational cost and effectively
handles data and parameter variations, but its performance
is sensitive to initial parameter selection, limiting its scala-
bility. PSO-GWO provides a better balance between explo-
ration and exploitation, demonstrating strong robustness,
good scalability for complex problems, and reliable perfor-
mance in real-time environments.

Notable improvements in power quality achieved
through various controllers are listed in Table 3. The
improvements in THD values obtained using AI techniques
are compared with the conventional methods and are
shown in Figure 10. Among the proposed optimization
techniques shown in Figure 10, optimization using ACO
yields the best results in improving THD by 86.9 % when
compared with the conventional technique. From Table 4,
it is clear that Hybrid AI methods outperform conventional
swarm-based techniques in power quality improvement by
providing faster convergence, better optimization accuracy,
and superior harmonic and voltage compensation.

5 Conclusion

This review focuses on swarm intelligence and hybrid AI-
based methods to mitigate and improve the power quality
of microgrids. AI-based hybrid methods are better than
swarm intelligence methods for multiple reasons. These
methods can combine the strengths of the traditional meth-
ods and address the limitations, like slow convergence or
susceptibility to local optima. They also have improved
accuracy, robustness, and scalability in solving complex
power quality issues. Apart from the complexity of the algo-
rithm involved in integrating two or more optimisation
techniques, these methods are highly useful in mitigating
the power quality issues. The review indicates that contem-
porary hybrid-AI methods, which excel in balancing explo-
ration and exploitation, are well-suited for improving power

Table 4. Swarm-based vs. hybrid AI for power quality improvement.

Parameter considered Swarm-based AI methods Hybrid AI methods

Convergence time Slower due to extensive exploration Faster due to improved exploitation
Computational cost Higher due to more iterations and tuning

efforts
Lower due to faster convergence and

optimized learning
Scalability Limited in large-scale MGs due to high

computational burden
More scalable, adaptable to large MGs with

complex dynamics
Voltage unbalance
reduction

Less effective More effective

THD reduction Moderate Significant improvement
Transient response Slower Faster
Complexity Less complex, easy to implement More complex due to hybridization, but with

better performance
Accuracy of optimization Moderate due to local optima issues High, better exploration-exploitation

balance
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quality and transient response in microgrids. ANFIS-based
methods outperform traditional PI controllers by achieving
a significantly lower THD of 3.34% compared to 8.93% and
faster stability with a settling time of 0.15 seconds. Simi-
larly, the PSO-ANN hybrid technique minimizes THD to
satisfy IEEE-519 norms, decreases active power loss, and
further decreases the voltage unbalance factor from 6.93%
to 3.44%, which is more efficient than the conventional
technique.

However, this research does not cover important areas
like hardware integration and the cost or environmental
effects associated with it. These areas should be investi-
gated in future studies to gain a complete understanding
of the real-time application and integration of these
approaches. The extension of hybrid approaches for AI to
bigger microgrids and real-time systems will make these
approaches more feasible, and this will help them adjust
better to changing conditions and improve their perfor-
mance in real-world power grids. But hardware issues such
as sensor compatibility, latency, and high processor costs
are associated with AI-based controllers. These issues can
be addressed by developing low-latency AI frameworks,
improving sensor compatibility, and developing cost-effec-
tive hardware solutions for the seamless integration of AI
in microgrid applications.
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