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Abstract - Maintaining frequency stability in isolated microgrids is very challenging due to the unpredictable and fluctuating
output of local renewable energy sources, such as wind and solar. Furthermore, given the growing use of distributed generation
via power electronics interfaces, the low natural inertia in such systems makes the task more challenging. To solve this issue,
the Virtual Synchronous Generator (VSG) is a promising tool for modelling the inertial response of traditional synchronous
machines. By adjusting two important parameters, the damping factor D and the virtual moment of inertia J, this paper proposes
an optimisation method to enhance the performance of VSG. The Ant Colony Optimisation (ACO) algorithm is used to determine
the optimal values for these parameters. Simulation results using MATLAB/Simulink show that the optimised settings significantly

improve the microgrid's dynamic frequency behaviour when compared to default control settings, which lowers frequency

deviations and speeds up recovery.
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1. Introduction

Microgrids are progressively regarded as a viable solution
for integrating renewable energy sources into localized power
systems. The growing interest is primarily driven by the
expanding deployment of Distributed Energy Resources
(DERs), particularly solar and wind energy, which are both
variable and uncertain in nature [1, 2]. Unlike traditional
synchronous generators, these sources are generally linked to
the grid through power electronic converters, known as
Inverter-Based Resources (IBRs). While IBRs efficiently
enable renewable integration, they inherently lack the physical
inertia supplied by rotating machines, which is traditionally
vital for stabilizing system frequency [3]. The absence of
rotational inertia in inverter-based microgrids poses a
significant barrier to sustaining frequency stability. In
conventional systems, inertial response acts as a natural buffer
that limits rapid changes in system frequency during sudden
variations in generation or load. IBR-dominated systems have
less mechanical inertia, which causes frequency shifts more
quickly when the system is perturbed. This can lead to
instability, especially during dynamic events. This issue is
particularly problematic in isolated or only loosely connected
microgrids to the main grid, as even small disturbances can
cause large frequency fluctuations. In order to better manage
these circumstances, IBRs are typically divided into two
categories according to their behavior: Grid-Forming (GFM)

and Grid-Following (GFL) inverters. GFM units take the lead,
setting both frequency and voltage in a manner similar to that
of conventional synchronous machines.GFL inverters, by
contrast, follow what's already there, adjusting their current
output to match voltage signals from either the main grid or a
grid-forming source [4]. These two types rely on quite
different control setups. GFM inverters often use two levels of
control: one loop on the outside to manage voltage and another
inside to regulate current and keep things steady. GFLs, on the
other hand, focus on controlling how much power they send,
both active and reactive, while also using a current loop for
fast responses. Systems with lots of GFLs and no synchronous
generators or anything to mimic inertia often have a harder
time keeping frequency stable and bouncing back from
disturbances [5].

Maintaining consistent frequency, particularly in systems
ruled by inverter-based resources, is one of the timeless
engineering conundrums in contemporary microgrid design.
Unlike conventional grids, which gain from the natural inertia
of synchronous generators, these inverter-rich settings lack
that stabilizing buffer. The Virtual Synchronous Generator
(VSG) idea has gained traction to solve this not only as a
workaround but also as a strong tool mimicking the inertial
behavior of rotating machines. VSGs support the operational
robustness of microgrids more than just maintaining the
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frequency steady, thus enabling them to absorb shocks and
respond to real-time changes [6]. However, getting the most
out of VSGs depends on tuning not only the correct
technology but also using the appropriate tools. Every
successful VSG's core is a fragile balance of dynamic
variables. Chief among them are the damping coefficient (D)
and virtual inertia (J).

These aren't just numbers in a control loop; they shape,
affecting the system’s transient dynamics under disturbances,
how quickly it responds, and how gracefully it recovers.
Misjudging them could mean sluggish response or, worse,
instability when it matters most. Researchers have created
simplified models, usually small-signal representations, to
assist this design process by facilitating analysis of how such
parameters affect system behavior [7]. These models may
include representations of a variety of component loads,
transmission elements, grid-forming and grid-following
inverters, etc., that provide a more comprehensive perspective
on system dynamics. However, even with these
improvements, obtaining optimal values of VSG parameters is
still problematic. The difficulty in the tune equivalent here is
due to power systems' nonlinear response and sensitivity to
operating point variations [8]. Within these challenges,
optimization algorithms have been employed in a number of
works to fine-tune VSG control settings. These techniques
are proven to be effective in improving the frequency
response and helping microgrids maintain stability under
various circumstances.

Optimization algorithms have been increasingly used in
microgrid systems with VSG technology to improve
frequency control performance and the entire system stability.
A number of optimization algorithms, including Particle
Swarm Optimization (PSO), Genetic Algorithm (GA) and
Differential Evolution (DE), have been widely used for
optimizing VSG control parameters and have been proven
effective. Among them, Ant Colony Optimization (ACO) is
one of the promising methods because of its good global
search ability. However, the use of ACO for tuning VSG
parameters in the context of microgrid frequency control is
still in the infancy stage of research, and there is a lack of
research that investigates this possibility [9].

In contrast with traditional algorithms (such as PSO, GA
and DE), ACO is not commonly used because of its high
computational complexity [10]. Although PSO and DE are
commonly used due to their high global searching capabilities,
ACO has a promising solution of optimizing VSG parameters
by adopting virtual inertia and virtual damping coefficients,
which affect the frequency stability by adjusting them during
the dynamic course [11]. However, ACO has not been able to
be widely employed for microgrid applications in real-time
due to some issues, including the complex parameters tuning,
local optima solution and the high requirement of computation
[12, 13]. More investigations are needed for better adaptation
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and effectiveness of ACO in this area, other than its hybrid
variants where ACO is combined with other meta-greedy
techniques [14]. The remainder of this paper is structured as
follows: section 2 provides the theoretical model for frequency
control of microgrids, with special emphasis on the VSG
operation principle and the dynamic effect of J and D on
system stability. In Section 3, we describe the proposed
optimization procedure, which is rooted in the mechanism of
the ACO algorithm and provide a mathematical model and
search strategy for the determination of control parameters.
Section 4 describes a thorough simulation campaign in
Matlab/Simulink in order to evaluate the performance of the
proposed method compared to fixed parameters
configurations under different operating points. Section 5
condenses the main results, critically comments on the
limitations via challenges and concludes and provides the
possible future research to improve the control performance of
VSGs in microgrid scenarios.

2. VSG-Based IBR Model
2.1. Role of Rotational Inertia in Static Stabilization Systems
Rotational inertia is a critical factor closely associated
with system stability, particularly frequency stability. The
distinction in frequency response between high-inertia and
low-inertia power grids is illustrated in Figure 1. Key
parameters such as the minimum frequency and the rate of
change of frequency (RoCoF) exhibit significant deterioration
as system inertia decreases [15].

Disturbance

Power grid with high-inertia
Power grid with low-inertia

Grid frequency (p.u.)

»< » Time

Primary control
response

Inertial
response

Secondary control
response

Fig. 1 Comparison of frequency response in low-inertia and high-inertia
power grids

The kinetic energy of the rotor in a synchronous generator
is determined by:

1
Er = E](U,% (l)
In which:
J : Rotor inertia moment [kg.m?]
or : Rotor angular velocity [rad/s]

By differentiating Equation (1), the power expression is
obtained as:
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dE. da
d_tr = Jw, ;:T 2
Expressing Equation (2) in per-unit form, under the
assumption that the rotor angular speed oscillates around the
synchronous frequency wy, (rad/s), a first-order dynamic
equation is derived.

doy
P,—P, =2H ;’t + Ky(w, — wy) (3)
_ ]‘U%o
N 2SBase (4)
ds
— = Wy — Wy (5)
In which:

Pm : Mechanical power input from the prime mover
P. . Electrical power output

or . Rotor angular velocity [rad/s]

wro . Synchronous angular velocity of the rotor [rad/s]
wg  Reference angular velocity of the grid [rad/s]

0 . Rotor angle deviation

Sease . Base apparent power of the generator [VA]
H  : Inertia constant [s]

J . Rotor inertia moment [kg.m?]

D : Damping coefficient
Kg @ Synchronizing torque coefficient between the
generator and the grid

Equation (3) describes the dynamic relationship between
the imbalance of mechanical and electrical power and the
resulting variations in rotor speed, which in turn induce
frequency oscillations in the power system.

A fundamental parameter governing the stability of these
oscillations is the inertial torque, which quantifies the
rotational inertia of the generator rotor and serves as a critical
determinant of the system’s transient and frequency stability.
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Fig. 1 Impact of inertia reduction

Rotational inertia represents a fundamental component of
the power system’s stored energy in the form of kinetic
energy. This inherent energy storage capability contributes
significantly to system stability by mitigating frequency
deviations under disturbance conditions. However, with the
increasing penetration of IBRs, the aggregate system inertia
exhibits a declining trend [16]. A direct consequence of
reduced inertia is an increased RoCoF following disturbances,
which elevates the risk of maloperation of protective relays
and severe frequency excursions, potentially leading to the
activation of under-frequency load-shedding schemes [17].
This phenomenon is illustrated in Figure 2.

2.2. IBR Structure Using VSG Controllers

A microgrid with IBRs has a hierarchical structure of
processing DERs, including primary and secondary control
schemes. The macro control loop contains the VSG, voltage
control loop and current control loop. The focus of this paper
is frequency regulation and active power sharing. However,
the coupling between the voltage control loops and the current
control loops yields dynamic couplings, which result in the
imbalances of the systems and subsequently influence the
stability and performance of the microgrid [4]. Figure 3
depicts the implementation of the VSG control strategy in a
voltage-source inverter-based resource.

The Virtual Synchronous Generator (VSG) controller is
composed of three main parts: primary control loop,
secondary control loop, and virtual inertia loop. The virtual
inertia loop is used to mimic the inertia of a typical
synchronous generator to support system frequency stability.
The first and the second control loops cooperatively regulate
the frequency to a target level after an occurrence of active
power perturbation, which is manifested as a result of the
output power (Pout).
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Fig. 2 Structure of IBR utilizing a VSG controller

The virtual inertia controller, which is the virtual inertia
system emulating the electromechanical dynamics of a
synchronous generator, is incorporated into the control
algorithm of the Voltage Source Inverter (VSI) to alleviate the
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natural lack of inertia that is typical in the power electronic-
based system. This helps IBRs replicate the dynamic
characteristics of a conventional synchronous generator and
enhances the stability and robustness of the microgrids.

2.2.1. Active Power Control in Synchronous Generators

The “Active Power Control” block is structured into two
cascaded sub-blocks, representing the “Governor” and the
“Swing Equation” dynamics. The “Governor” model,
illustrated in Figure 4, is designed based on the droop
characteristic, where the proportional gain k, defines the
relationship between P-w.

- Govéfnbr Model

Fig. 4 Governor model

Additionally, a time-delay element with a delay constant
Tq is incorporated to emulate the mechanical response delay
inherent in the governor system of a conventional
synchronous generators.

1
1+Tps

}% =

(P* — kp (@, — ")) (6)

]

Following the “Governor” model, the “Swing Equation’
model is implemented to represent the electromechanical
dynamics of an SG, as depicted in Figure 5. This model
characterizes the relationship between mechanical power,
electrical power, and rotor dynamics, serving as a fundamental
component in emulating the inertial response within the VSG
control framework.

Swing Equation Function
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In which:
*d m *
Pip = Poye = J0" =+ D (W — @°) (7)
Om = fwmdt (8)

2.2.2. Reactive Power Control in Synchronous Generators

In parallel with frequency regulation via active power
control, voltage regulation is achieved through reactive power
control. The reactive power control mechanism is structured
into two sequential stages and is integrated with the inner
voltage control loop of the converter controller. The initial
stage, implementing Q-V droop control, as illustrated in
Figure 6, governs voltage regulation by dynamically adjusting
reactive power injection in response to system conditions,
thereby enhancing voltage stability and supporting grid
operation.

v 4 + l\
out = —m -k _I_vl‘v_’ j Q

Fig. 6 Reactive power droop control

Following the reactive power droop controller, a
Proportional-Integral (PI) reactive power controller is
incorporated to emulate the Automatic Reactive Power
Regulator in conventional synchronous generators. This Pl
controller, as depicted in Figure 7, ensures accurate regulation
of reactive power, contributing to voltage stability and
dynamic support in microgrid operations.
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Fig. 7 Reactive power Pl controller

In which:

Qref =0Q — kq(Vout —E7) 9)
ki

Edref =E"+ (Qref — Qout)- (kpq + Tq) (10)

2.2.3. The Loop Controls Voltage and Current

In grid-connected mode, large-capacity SGs play a crucial
role in maintaining microgrid frequency and voltage stability.
However, in islanded operations, this responsibility is
transferred to internally Distributed Generators (DGs). The
control architecture of grid-forming DGs is designed to ensure
frequency and voltage regulation, as illustrated in Figure 8.
The inner current control loop receives input signals generated



Hung Nguyen-Van et al. / IJEEE, 12(5), 58-68, 2025

by the outer voltage controller [18]. The outer droop control
loop is implemented based on predefined power-sharing
coefficients among DGs, yet the control process operates
independently within each DG, adhering to grid frequency
constraints.

‘Volmge control ‘

Current control

gy
)

abe| Ve

Fig. 8 Voltage and current control loop

The current controller, with state variables representing
the output inductance current of the converter, is designed in
the rotating dg-axis reference frame. The output vector signal
of the controller is given by [ugi, Ugi]:

Ugi = Vg + (,L)qu - Vd (ll)
Ugi = Veqg — wLig — Vg (12)

The voltage controller, with state variables representing
the output capacitor voltage of the converter, is designed in
the rotating dg-axis reference frame. It is assumed that the
dynamic response of the inner current control loop is
significantly faster than that of the outer voltage control loop.
Therefore, for the voltage control loop, it can be approximated
that ig ~ igref and iq ziqref.

The output vector signal of the controller is given by [ugi,
qu]:

Uge = id - iLd + O)C‘/q (13)

Uge = g — g — 0CVy (14)

3. Ant Colony Optimization for VSG Parameter
Tuning
3.1. Introduce Ant Colony Optimization

Ant Colony Optimization (ACO) was initially proposed
by Marco Dorigo himself in his doctoral thesis as a
metaheuristic optimization technique that is based on the
foraging behavior of ants in the wild [19]. The ability of ants
to work together is based on stigmergy, an indirect form of
communication in which an individual changes the
environment to affect the behavior of another individual.
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During the search, ants leave behind a chemical, pheromone,
through which other ants modify their subsequent paths. In
other words, when an ant finds a chemical (pheromone) trail
left by a previous ant, it can, with a certain probability, follow
the trail, and the more it follows the trail, the more frequently
it tends to follow it in the future. It follows that if a path has
more pheromones on it, then it is more likely that it is the
shortest path, which leads to a self-organizing global behavior
that leads to the discovery of the shortest path. However,
when a pheromone trail that is part of a suitable solution is not
consistently reinforced, it undergoes degradation and
direction, and therefore, reduction in influence and 8
exploration of the search space, and this reduces the likelihood
of premature convergence on suboptimal solutions [20, 21].

Pheromone updates used to guide ants probabilistically
through the search space are employed by the ACO algorithm
to polish optimization solutions. The procedure uses a
probabilistic state transition rule based on both the intensity
of the pheromone and the heuristic desirability. In every cycle,
ACO generates a collection of potential solutions and
calculates the potential for the subset of the sites in order to
estimate the global minimum. Ants specifying more
rewarding solutions strengthen their paths with more
pheromones, while others are (gradually) abandoned owing
to pheromone evaporation. It is through this repetitive process
that an appropriate balance between exploration and
exploitation is achieved, which allows ACO to be efficient
when traversing intricate, multimodal search landscapes.

Algorithm ACO

Initial ants parameters, create pheromone trails
For Iter = 1:maxlterations
For Ant= l:maxAnts
Each Ant built Solutions
Objective Function Evaluation
End
Update Pheromones on trails
End

Fig. 9 Procedure of the ACO

The basic procedural steps of the ACO optimization
model are organized as follows:

Ant colony population initialization

Stochastic ant movement on the search space
Examination of candidate solutions at each ant
Pheromone update based on solution quality and
reinforcement mechanisms.

The ACO algorithm has been widely applied to
optimization and control problems, ranging from solving the
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Traveling Salesman Problem (TSP) for optimal path-finding
[22] and job scheduling optimization to network
synchronization for improving efficiency in computer and
telecommunications networks. Furthermore, ACO has been
used for PID controller tuning in control systems [23], energy
management in microgrids, and obtaining higher precision in
image processing and pattern recognition tasks by using an
optimised segmentation algorithm. In this paper, ACO is
introduced to solve the problem of microgrids with inertia
scarcity by optimizing VSG for both angle and frequency
control. The optimal parameters of the generator are of great
significance for the stability and dynamic response of the
system, which directly affects the energy security and
reliability of the microgrid.

3.2. Objective Function for Optimization of Frequency in
Microgrid

The lack of inertia in islanded microgrid operations is a
key issue that affects the frequency of response to load and
generation changes. The VSG control scheme plays a pivotal
role in approximating the natural electromechanical properties
of a synchronous generator in IBR-GFM and augmenting the
system inertia and frequency response. The VSG dynamic
behavior is mainly determined by two important parameters:
the virtual inertia constant (J) and the damping coefficient (D).

e J: Control the inertia response of the system and measure
the ability of the system to resist frequency changes
during dynamic events.

e D: Controls frequency oscillation attenuation and the
settling time needed to stabilize frequency after
disturbances.

The fine-tuning of J and D is very important for the
dynamic behavior of VSG, reducing frequency deviation and
improving microgrid stability.

Therefore, the optimisation of such parameters is
presented in this work as a structural objective function to
enhance the robustness and performance of VSG-based MG
systems.

Min f(J,D) = [J14f ()| dt — 0.01 x (J?> + D?) (15)
In which:

Af(t) = f(t) — frer represents the frequency deviation
from its nominal value.

T denotes the total simulation time.

Subject to the following constraints:
Jmaxmin

(16)

Dmax iy, a7
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Where:
Jmin, Imax €stablish the minimum and maximum limits for
the virtual inertia constant.

Dmin, Dmax delineate the boundaries for the frequency
damping coefficient.

3.3. Implementation of ACO in VSG Optimization

The control parameter optimization of VSG is a key part
of improving the frequency regulation ability of the power
system [24, 25]. In order to achieve dynamic performance,
VSG's key parameters, i.e., J and D, are estimated by the ACO
algorithm. For this purpose, each ant behaves as an
autonomous searching agent. It explores the solution space in
a systematic manner in order to locate values of | for which
frequency deviations are the least and improve system

stability.

Ant colony initialization

Ant < MaxAnt No

v

Pheromone Deposition
and Evaporation

Stochastic Parameter
Initialization

! !

Simulink-Based System Simulation Best Solution
with Parameter Tuning Selection per Iteration

! !

Ant =1
Iter =Iter + 1

Fitness Evaluation

Fig. 10 Flowchart of the ACO algorithm for optimizing parameters J
and D

The optimization procedure is programmed in Matlab,
and the parameter values are moved back and forth while
being tested in dynamic Simulink simulations. The purpose
function measures the transient response of the system,
leading the search to values of parameters that are
instrumental in the reduction of frequency oscillation and
settling time. The repeated manner in which the optimization
is performed, the pheromone updating, guarantees the
progress of the search process becoming towards an optimal
solution , and the search process is efficient in the balance
between exploration and exploitation.
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3.3.1. Phase 1-Initialization of the Ant Colony

The optimization process begins with the initialization of
a population consisting of mmm ants. Each ant represents a
candidate solution in the form of a randomly selected pair of
values for J and D within the defined constraint bounds.
Additionally, initial algorithm parameters must be specified to
ensure the simulation of natural ant behavior, including:

a . Weight coefficient of pheromone influence
B Weight coefficient of heuristic information
p . Pheromone evaporation rate
Q : Pheromone intensity constant
3.3.2. Phase 2-Probability-Based Movement of Ants

At each stage of the optimization process, ants traverse
the solution space based on probabilistic transition rules,
which incorporate both heuristic information and pheromone
concentration to guide the search toward optimal solutions.

The probability of an ant k transitioning from state i to j
at time t is defined as:

ap 1B
(k) [zij] " [nij]

PV(t) =——————F—— (18)
Y YseNy, [Tij]a-[nij]ﬁ

In which:

Pi’j- . The set of nodes that an ant can move to.

7;; - The pheromone concentration on edge i.

n;j - The heuristic information associated with the

transition.

a va f: Parameters that regulate the influence of
pheromone concentration and heuristic information in the
decision-making process.

The candidate solutions (J, D) generated by the ants are
subsequently transmitted to the Simulink environment for
frequency response simulation, enabling performance
evaluation and iterative refinement of the optimization
process.

7777777777 7
\ \

IR/ |

] \ \

D | |
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Matlab Environment Simulink Environment

Fig. 3 ACO optimization model
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3.3.3. Phase 3-Evaluation of Each Ant's Solution

The simulation process extracts the system's frequency
response data and maps it into the MATLAB environment to
evaluate the objective function:

Min f(J,D) = [J1Af ()| dt — 0.01.(J> +D?)  (19)

Each ant provides a specific objective function value
corresponding to its assigned parameter set. The best-

performing ant, determined based on the lowest objective
function value, is identified as the temporary optimal solution.

3.3.4. Phase 4-Pheromone Update

Once all ants have generated solutions, they deposit
pheromone traces (Azj) along their traveled paths. The
pheromone update mechanism follows the Equation (20):

Ty = (1 p).1y; + Tpe, A7

(20)
In which:

pis the pheromone evaporation rate (0 <p <1),
preventing premature convergence to local optima.

At;; represents the newly deposited pheromone amount,
determined as follows:

()
1]211_41 At

Where:
NA is the total number of ants.

Arg‘) denotes the pheromone deposited by ant Kk,

computed as:
Q
s
0
with:

Q being the pheromone intensity constant.

Ari(]’-‘)

(22)

Ly represents the total traveled distance by ant k.

This mechanism reinforces pheromone deposition along
paths associated with lower frequency deviations, guiding
subsequent ants toward more optimal search regions in the
solution space.

Following the completion of the parameter optimization
process for J and D using the ACO algorithm, the derived
optimal values are integrated into the VSG controller to
evaluate its performance within the MATLAB/Simulink
simulation environment. The subsequent section presents a
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comprehensive analysis of the simulation results, providing

Table 3. Line impedance

empirical validation of the proposed optimization framework's Line Zd = Rd + jXd (pu), (S» = 100 kKVA; Vb= 0,38 kV)
effectiveness in enhancing frequency regulation and system Line 1 0.05 + j0.055 pu
stability. Line 2 0.10 +j0.15 pu
Line 3 0.20 +j0.25 pu
4. Simulation and Results Line 4 0.10 +0.15 pu
Table 1. Ant colony optimization parameters Line 5 0.20 +j0.25 pu
Number of ants 5 Line 6 0.05+j0.1pu
Number of iterations 5 Line 7 0.10 +j0.15 pu
Importance of pheromone 1
Importance of heuristic 2 Table 4. Load capacity
Pheromone evaporation rate 0.1 Load 2 90 +j20 kVA
Pheromone constant 1 Load 5 120 +j30 kVA
Constraint on J 0<J<0.05 Load 6 150 +j30 kVA
Constraint on J 0<D=<0.05 Results of the objective function using the ACO and PSO
Table 2. IBR system parameters algorithms are compared in Figure 13. The experimental
Filter results show that ACO has better performance on convergence
Filter Resistance Ry 1.1 mQ speed and solution quality than PSO. In fact, ACO has a
Filter Inductance L 0.35 mH quicker rate of initial convergence, in which the value of the
Filter Capacitor Cy 0.44 mF objecti\_/e functi_on is dramatically reduced, and it is_closer to
IBR Fhe optimal region when compqred to PSO._ Coqtra_rﬂy, PSO
Voltage Controller improves at a slower rate._ Thg final comparison |nd|9ates that
Proportional Gain Ky, 6 '_[he overall value of the_ objective function obtal_neq using ACO
Voltage Controller is even Iqwer than using PSO, so a more optimized optl_mal
Integral Gain K 20 solution is fo_und. Furthermore, ACO has more st-ablllty
Current Controller across _generatlons._ Compared_ to when -the algorl_thm- is near
Proportional Gain K 5 the optimum  solution, the optimal function value is still fixed
Be with less oscillations, but PSO is generally stuck or more
Current Co_ntroller 50 unstable. This demonstrates ACO’s improved capacity to
. Integral Gain Kic . escape local optima, as it still refines its solution rather than
Active Power Controller Itergal Gain Ky 0.06 getting stuck at some suboptimal solution, as seen in PSO.
Active Power Controller Itergal Gain Kig 60 Figures 14 and 15 show the movement traces of single
searching agents in the solution space for the PSO and ACO,
MAIN GRID respectively. A comparison of these numbers shows the
3 different search strategies of PSO and ACO. The movement
8% of particles is a bit more structured and directed, as can be seen
33 LRADZ from the linearized trajectories converging to unlike search
f‘?'{""}-b{@ zone in Figure 14. In comparison, Figure 15 has a more
:SEi IBR 2 VSl - BUS 1 scattered search, and they move non-linearly or differently in
' ) each direction.
Convergence of ACO and PSO
BUS 3 BUS 6 ! +ACO =~ PSO
4ﬂ j_l 0.09
IBR 3 - CSI % 008
LOAD 6 g
F 0.07&
BUS 4 0.06
- BUS 5
‘K} 0.051 2 3 4 5

IBR 4 - CSI LOAD 5

Fig. 12 Autonomous microgrid of 6 bus
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Iterations

Fig. 13 Comparison of objective function values between ACO and PSO
algorithms
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This means that ACO has a higher exploration ability,
which helps them search space effectively and avoid
premature convergence with some local min. On the other
hand, PSO direction is more deterministic, and this purposeful
movement may make the algorithm overly selective in its
search; hence, the danger of reaching local minima is greater.
Conversely, ACO maintains a balanced approach between
exploration and exploitation, allowing it to efficiently search
for optimal solutions in complex, multimodal objective
functions. Figure 16 shows the simulated active power
dynamic in the system, the power injected by each IBR to
satisfy changes in load. Two-step commands for the load
power at 3 seconds and 7 seconds are given to model the
transient disturbance and to the response of IBR units at the
changeable load power.
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Fig. 16 Active power characteristic curve
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Results show that IBR3 and IBR4 only provide small
power sharing between sources as the secondary source to
supply load and do not significantly affect the primary power-
sharing of the MG. In the meantime, the evident power hump
in IBR2 also indicates its crucial position in balancing the
power system. This behavior is in congruence with the
principle of operation of grid-forming inverters, which
ensures voltage and frequency regulation and that power
generation does not exceed the allowed limits.

The purpose of this simulation is to assess the efficiency
of this VSG in frequency stabilization. It is shown that the
ACO is used to optimize VSG control parameters and is
capable of obtaining better dynamic responses than
conventional methods. This matches the behaviour of grid-
forming inverters, which guarantee voltage and frequency
control as well as limit the production of power when it goes
beyond the imposed limits. The aim of this simulation is to
evaluate the performance of this VSG in frequency
stabilization. It is also demonstrated that ACO can be helpful
in the optimization of VSG control parameters and has the
ability to yield much improved dynamic response when
compared to traditional approaches.

The simulation frequency response results in Figure 17
further confirm the effectiveness of the proposed control
method under a step-up in load power at sub-cycle 3 s. It is
found that the proposed method achieves a smaller
frequency-deviation amplitude at the time when a power
imbalance takes place while a longer settling time is needed.

This result highlights the important function of system
inertia in improving transient power frequency performance
and stability following disturbances. Notably, the variation of
the virtual inertia constant J optimized by ACO and PSO leads
to improved frequency oscillation damping compared to the
fixed-parameter and conventional droop control approaches.

It also shows that our dynamic control proposed in this
study can make the virtual inertia constant J optimized by
ACO and PSO so as to achieve better frequency oscillation
damping performance, and its frequency oscillation damping
is better than the fixed-parameter and the traditional droop.
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Nevertheless, for the ACO-optimized parameters, the
frequency deviation amplitude is slightly lower than that
achieved for PSO, but the difference is small. It is therefore
implied that the improvement of ACO in parameter
optimization over PSO is not that much better to improve the
performance of frequency response. The system frequency
response of followers at 7s (showing load reduction event) is
shown in Figure 18 to give an indication of the performance
of various control techniques. Numerical results show that
under conventional droop control there would be significant
frequency deviations arising from its intrinsic lack of synthetic
inertia support that is essential to system stability. This
constraint highlights the notable contribution of virtual inertia
in the transient frequency deviation. The VSG fixed-
parameter model with specified virtual inertia constant J and
virtual damping coefficient D exhibits a fundamental tradeoff
between response speed and frequency overshoot. The
problem of difficult parameter tuning is caused by the tradeoff
between the tedium of adjusting parameters and the need for
rapid response and stability, especially when using heuristic
optimization. On the other hand, the adaptive controller that-
holistically modulate-J and D demonstrates the capability to
outperform the fixed-parameter J and D values by adequately
attenuating the frequency overshoot, regardless of the increase
or decrease of the load of the system. This enhancement
shows that appropriate inertia tuning is crucial to the stability
of transient frequency offsets. However, increasing the value
of J results in better frequency stability to the detriment of
longer settling time, which is a tradeoff in its own right for
mimicking a synchronous generator. These results highlight
the necessity to optimize the virtual inertia gains to tradeoff
fast FRR and overshoot mitigation, and thus enhance the
overall robustness of the microgrid frequency control.

5. Conclusion
In this paper, the effectiveness of VSG as an emulator for
small swings of a synchronous generator is demonstrated by
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