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Abstract

The increasing penetration of renewable energy technologies such as wind and solar photo-
voltaics has displaced conventional synchronous generation, resulting in reduced system
inertia. Low-inertia conditions degrade frequency stability and limit the power system’s
disturbance response capability. Accurate inertia estimation is therefore essential to pre-
vent over-frequency events, unintended protection actions, load shedding, and cascading
failures. Moreover, the variability of renewable energy sources complicates inertia dy-
namics, rendering traditional approximation-based estimation methods inadequate for
modern power systems. This paper proposes a novel hybrid optimization-based inertia
estimation method that combines particle swarm optimization (PSO) and genetic algorithm
(GA) for grid-scale energy storage systems. Unlike conventional approaches, the proposed
framework systematically integrates inertia formulations applicable to both synchronous
generators and converter-interfaced resources within a unified estimation structure. The
performance of the proposed method is evaluated and compared with PSO and GA using
the IEEE 39 bus system in two disturbance scenarios. The results demonstrate that the
proposed hybrid PSO–GA approach achieves superior robustness, estimation accuracy,
and adaptability for operational inertia awareness and near real-time inertia applications.
The results confirm that the proposed method provides an effective and reliable inertia
estimation tool to support frequency regulation, enhance disturbance response, and ensure
secure operation of low-inertia power systems.

Keywords: power system inertia estimation; low-inertia power systems; hybrid PSO–GA
optimization; battery energy storage systems (BESS); synthetic inertia

1. Introduction
The increasing incorporation of renewable energy sources like wind and solar pho-

tovoltaics is replacing conventional synchronous generators for reducing carbon dioxide
emissions and achieving environmental gains [1]. However, this transition poses major
difficulties for grid stability, especially with regards to the fact that the inherent reduction
in system inertia as converter-interfaced generators substitutes synchronous generators [2].
The reduced inertia, which is a paramount parameter of power systems’ capacity to support
the decreased frequency variations, requires improved methods of estimation to guarantee
grid stability and operative security [3]. Accurate inertia estimation is critical to prevent
unintended over- and under-frequency relay operations, load shedding, and cascading
failures [3].
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The time-varying nature of renewable energy sources further complicates inertia
estimation, as system inertia itself becomes a time-dependent parameter that must be
continuously and accurately monitored [2,4]. This increased complexity highlights the
need for advanced real-time inertia estimation techniques, including recursive algorithms,
capable of tracking rapidly changing system dynamics and enhancing grid reliability [3].
Furthermore, the emergence of wide-area measurement technologies enables continuous
monitoring of system inertia and supports the assessment of virtual inertia contributions
from converter-interfaced generation units [2,3].

Inertia estimation techniques have become a critical aspect of frequency stability
assessment, particularly as power systems increasingly rely on inverter-based renewable
energy sources and fast power electronic controls. As reported in [5], inertia can no longer
be regarded as a fixed system parameter but rather as a time-varying quantity influenced
by the generation mix, operating conditions, and disturbance characteristics, with existing
approaches categorized into offline-, online-, and forecasting-based methods. Building
on this perspective, [6] further highlights that low-inertia operation introduces additional
challenges related to system observability, noise sensitivity, controller interactions, and the
growing influence of synthetic inertia and fast frequency response from converter-interfaced
resources. Collectively, these studies demonstrate that inertia estimation in modern power
systems is inherently more complex than in traditional synchronous-dominated grids,
despite advances in computational capability and measurement quality.

Several recent macro surveys have been done investigating the issue of inertia esti-
mation within the current low-inertia power systems [2,3,5,6]. These group the inertia
estimation algorithms into two general types: model-based algorithms (in which the
modeling of the system is made and known parameters of the machine are used) and
measurement-based algorithms (in which data on disturbances or responses are used).
Most of the reviews also record the shift to data-driven (AI-assisted) methods and even
strategies based on optimization in determining inertia [7,8]. In [9], methods are classified
according to their temporal characteristics—namely, offline post-mortem analysis, online
real-time estimation, and forecasting—reflecting the growing concern for inertia prediction
as the power grid continues to evolve. In fact, it is now considered necessary to predict
inertia with accuracy for hours or days to come to be able to schedule rapid frequency re-
serves in the renewable-intensive system [9,10]. In all these surveys, the general conclusion
is that the conventional techniques are severely constrained when penetrations go high in
renewable and BESS.

It is common to find that model-based inertia estimation techniques are becoming
less accurate as the system inertia of variables approaches, and that this inertia somewhat
conceals the dynamics of converter interface resources [2–5]. The fact that physical inertia
is decoupled from the grid frequency response, which can be attributed to these resources,
limits the applicability of traditional modeling assumptions and undercuts the reliability
of all model-based methods [2–4,6]. In comparison, the current practice of measurement-
based inertia estimation techniques is mostly based on significant disturbance events in
order to infer system inertia, although such disturbances are unlikely to recur in highly
distributed and actively controlled power systems. In turn, the fact that it relies on system-
wide disturbances, which occur only periodically, puts an extra burden on the viability and
sustainability of these measurement-based methods in the modern low-inertia grids [8].

Most online inertia estimation tools use dispatch-based methods to sum, often
forgetting inverter-based and demand-side response inertia contributions, while many
measurement-based tools do not model virtual inertia due to battery energy storage or
demand-side response [2,5]. This method underestimates inertia in low-inertia situa-
tions. The proposed recent literature suggests probing methods, i.e., the active injection
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of minor disturbance signals through controllable inverters to measure the system in-
ertia time-varyingly and refined continuous estimation and AI solutions to close these
gaps [11]. Active probing indicators and inertia predictors significantly facilitate the situ-
ational awareness of grid frequency stability [9,11]. These studies propose more flexible
inertia estimation methods to deal with the difficulty of high renewable penetration and
energy storage integration [8].

In [5,6], most of the inertia estimation methods have their roots in swing equation-
based interpretations of the initial frequency dynamics, and result in the rate of change of
frequency (RoCoF)-based and disturbance-based methods. Although these methods appear
attractive in terms of transparency and ease of physical implementation, both [5,6] specify
their inefficacy in situations of high renewable penetration, including increased sensitivity
to measurement noise. In addition to that, reliance on correct timing, magnitude of distur-
bances, and failure to separate the effects of inertia on damping, governance response, and
load frequency dependence are other problems addressed in those studies. Later improve-
ments, including polynomial fitting [12], window-based estimators [13,14], and the usage of
Kalman filters [15,16] would make it more robust, but further depend on parameter tuning,
model fidelity, linearity, and the presence of wide-area measurements. However, more
recent methods of identification and data-driven methods, including ARMAX models [17],
stochastic estimation [18], deterministic WLS [19], artificial intelligence [20,21], machine
learning [22]-based solutions, and active perturbation [23], reduce the need to explicitly
define the disturbances and can continue to be estimated. Yet, they are limited by the needs
of data, computational complexity, problems of generalization, and poor interpretability,
especially where BESS, renewable generation and converter controls change quickly.

More recently, optimization-based techniques of inertia estimation have been intro-
duced, including PSO and snake optimization (SO) methods, augmented with fine-tuned
swing equations [24–26]. Yet, like before, they are prone to practical and system inference
limitations, require detailed system models, and are disturbance-dependent and use known
offline disturbances. Moreover, a literature review indicates that no reported cases exist
where a hybrid PSO-GA framework has been used to estimate inertia in the presence of an
integrated RES and BESS. As such, a concise overview of the literature methods that were
discussed, as well as the description of their respective limitations, is depicted in Table 1.

Table 1. Summary of existing power system inertia estimation methods and their key limitations.

Reference Technique Keywords Main Inputs Advantages Disadvantages

[12]
Load power change

after disturbance,
inertia estimation

Frequency, load power
change

Practice, event-based,
limited model reliance

Event-dependant,
sensitive to measure
noise, disturbance

charactization

[13]
Synchrophasor-based
inertia estimation (GB

system)

Synchrophasor
frequency/phasors

PMU-based,
system-level
estimation

PMU coverage/quality
dependence,

assumptions made on
disturbance and

aggregation

[14]
Observed frequency

transients, WECC
equivalent inertia

System frequency
transients

Uses real disturbances,
bulk-system inertia

Disturbance-
dependent, separation

of effects
(governor/load)

difficult
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Table 1. Cont.

Reference Technique Keywords Main Inputs Advantages Disadvantages

[15]

Data-driven adaptive
inertia estimation,

Unscented Kalman
Filter

PMU streams, state
estimation

Online tracking,
noise-robust filtering

Requires model
structure/tuning,

computational cost,
sensitivity to
initialization

[16]

Sensitivity to
disturbance time,

event-based inertia
estimation

Frequency event
record

Highlights timing
uncertainty, impact

Method hygiene

Strong dependence on
correct timing of event

High risk of
amplifying error

[17]
ARMAX-based inertia

estimation using
synchrophasors

Synchrophasor
measurements,

input-output data

Data driven, better
noise handling than

raw derivatives

Model order/tuning,
data window
requirement,
convergence
sensitivity

[18]
Precise RoCoF

estimation algorithm
(for inertia inference)

High-rate
frequency/PMU

Improved RoCoF
quality, supports

event-based inertia

Still
derivative-sensitive,

filtering/latency
trade-offs

[19]
Center-of-inertia

frequency, Real-time
inertia computation

Multi-location
frequency, COI

aggregation

Wide-area suitability,
Real-time potential

COI formulations
assumptions,
Measurement

Synchronization
requirements

[20] ANN-based inertia
estimation

Training data, mea-
surements/features

Fast inference,
nonlinear mapping

Data-hungry,
generalization risk,

black-box
interpretability

[21]

Dual-stage hybrid
deep learning

ensemble (LSTM-MLP,
TCN-LSTM,
ConvLSTM),
bias–variance

reduction

Mechanical power
(Pm), electrical power
(Pe), RoCoF, PV power,

te PMU-like data

High real-time
accuracy, robust under

multiple operating
conditions, xxplicit

RES integration,
scalable to larger

systems

Data-intensive
training, high

computational training
cost, black-box nature,
sensitive to RoCoF/PV

noise

[22]

ML-assisted inertia
estimation from

ambient
measurements

Ambient PMU data
Continuous estimation,
no large disturbance

required

Feature/model drift,
data quality
dependency,

validation complexity

[23]

Small power injection
test, synthetic inertia

estima-
tion/demonstration

Controlled injection +
measurements

Works without major
faults, inverter/BESS-

friendly concept

Practical deployment
constraints, signal

design, local vs
system-wide inference

limits

[24]

PSO,
optimization-based,

frequency model
fitting

Frequency response,
system parameters,

disturbance data

Accurate estimation,
global search,

nonlinearity handling

Requires detailed
system models, offline

use, no explicit
RES/BESS modeling
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Table 1. Cont.

Reference Technique Keywords Main Inputs Advantages Disadvantages

[25]

Snake Optimization
Algorithm (SO),
improved swing

equation (linearized
frequency and voltage

factors)

Frequency and voltage
deviations, known

disturbance
magnitude

Transient-aware, high
accuracy, global

convergence

Complex model,
disturbance-size

dependency, offline
use, needs known
disturbance size

Proposed
Method

Hybrid PSO global +
GA local tuning,

physics-informed
optimization, RES +

BESS integrated

Frequency response,
power signals, IEEE 39

bus
simulation/PMU-like

data

Optimum search +
local refinement,

explicit RES and BSS
integration, flexible

objective design

Computation time,
metaparater tuning,

depends on the fidelity
of model/data used

for fitness

This paper introduces a novel hybrid PSO–GA-based methodology for accurate inertia
estimation in power systems with integrated energy storage systems and renewable energy
sources using the modified IEEE 39 bus system. The aim is to enhance the precision and
dependability of the inertia measurements in contemporary power networks. This design
is suggested as the immediate answer to the identified gaps in the above reviews. In
contrast to traditional methods of analysis (based on simplified modeling or steady-state
assumptions) or black-box AI predictors (based upon vast training layers and potentially
opaque), the given approach takes advantage of metaheuristic optimization to comprehend
the inertia constant in a physics-informed fashion. Specifically, the PSO-GA hybrid algo-
rithm is effectively used to search for the inertia values that can most effectively explain
the mechanics of a system, thus removing the limitations of local or linear estimation
principles. The innate difference of this estimator from the current methods is that it is an
optimization-based estimator that simultaneously considers the effect of the inertia of the
synchronous generators, the inverter-based resources, and the BESS units in a single model.
It provides a direct statement to the unrestricted problem of measuring and tracing the
synthetic inertia of converter interface resources. The technique can capture multi-source in-
ertia behavior that may be overlooked in analyses based on analytical formulas or dispatch
estimates by tuning a detailed system inertia model to measure data. This is attributed to
the ability of the PSO–GA metaheuristic to efficiently explore the complex and nonlinear
search space, providing global optimization capabilities while overcoming the inaccuracies
of conventional identification methods and improving robustness to measurement noise
and model uncertainties. As a result, the suggested hybrid solver provides a high-fidelity
inertia prediction that is highly valid for the low-inertia, highly dynamic systems. It can
be adapted to changing inertia conditions and enables the system operators to use real-
time and comprehensive inertia information. This work addresses a critical gap in the
literature by providing a powerful framework for estimating the overall system inertia in
power systems where both conventional and virtual inertia sources coexist. Finally, the
proposed PSO–GA-based approach advances the state of the art by effectively combining
model-based designs with computational intelligence, enabling reliable inertia assessment
in next-generation power grids. Nevertheless, in one case, a hybrid PSO-GA predicted
an inertia constant of 4.49 s, which closely matched the actual system inertia of 4.5 s and
another 4.11 s with an actual inertia of 4.10 s. By contrast, PSO and GA overestimated
the inertia constant, producing values of 4.62 s and 4.67 s in Scenario 1 and 4.18 s and
4.23 s in Scenario 2 respectively. These results show that the proposed hybrid PSO-GA
(HPSO) framework provides superior estimation accuracy and robustness, particularly in
the presence of BESS-induced fast frequency dynamics.
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The contributions of this paper can be summarized as follows:

• Development of a novel hybrid PSO-GA framework for inertia estimation in power
systems with grid-scale BESS, ensuring high accuracy under converter-dominated
operating conditions by leveraging the complementary global and local search capa-
bilities of both algorithms.

• Proposal of a unified inertia estimation model that integrates both physical rotating
inertia and synthetic inertia contributions from BESS into a single, cohesive mathemat-
ical representation.

• Implementation of a graded inertia control strategy that facilitates controlled and
constant variations in system inertia, providing a robust benchmark for evaluating the
precision of estimation methods.

• Formulation of a multi-metric optimization objective that incorporates both frequency
trajectory and RoCoF properties to enhance estimation reliability.

• A comparative analysis demonstrating the superior precision, convergence, and nu-
merical stability of the hybrid PSO-GA approach relative to standalone PSO and GA
techniques in two different scenarios.

The remainder of this paper is organized into five core sections. Section 1 introduces
the challenges of inertia estimation in modern low-inertia power systems and provides
a comprehensive literature review of existing methodologies. In Section 2, the methodol-
ogy is detailed, covering the unified system modeling and the proposed hybrid PSO-GA
framework, alongside the study setup involving the IEEE 39 bus system, case studies and
grid-scale BESS integration. Section 3 presents the results, evaluating the performance of
the hybrid approach in comparison with standalone PSO and GA methods and their practi-
cal implications for grid stability. Finally, Section 4 concludes this paper by summarizing
the key contributions and suggesting directions for future research.

2. Methodology
This section outlines a unified scheme for the description of system frequency and

inertia, and it starts with the basic formulation of the swing equation and its application to
the description of electromechanical dynamics in perturbation. It then reviews optimization-
based inertia estimation procedures and outlines the test system model that is chosen to
model the dynamic behavior of a synchronous generator as well as the grid-scale battery
energy storage system. On the basis of this, the hybrid PSO-GA approach is elaborated as a
powerful estimation approach that integrates global searching features with refinement to
adapt to the variability of inertia in converter-dominated power systems. The final part
summarizes the way in which the proposed methodology is adapted to effectively estimate
effective system inertia in a range of operating conditions and perturbation conditions.

2.1. Power System Inertia

An accurate assessment of the power system inertia is essential for the proper control
of frequency and stability analysis, particularly since the role of the traditional synchronous
generators is eroded and the inverter-based resources become more prominent [27,28]. In
this changing environment, inertia can loosely be defined to both synchronous generators
and converter-interfaced generators, and unique estimation approaches are required for
each type [2]. Although model-based methods of synchronous generators may typically
exploit swing equations, their use with converter-interfaced generators is restrained by both
the uncertainty of their control strategy and by the lack of replicated dynamics [2]. Recent
developments indicate that the control systems may replicate the dynamic behavior of
synchronous machines, thus allowing virtual inertia implementation in resources based on
inverters [27]. This notion is critical for frequency deviation reductions in power networks
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with high levels of converter-based generators; it enables the resources to play an active
role in frequency correction, even in the case when such resources do not have an inbuilt
rotational mass [29].

In such a way, the system inertia has become the inertia of the mechanical machines in
addition to the synthetic inertia of inverter-based resources that are now well-controlled [29].
Additionally, the effective inertia of a power system, which considers the interaction be-
tween a change in power balance and the speed of change of frequency, is not limited to
the conventional contributions of spinning mass but also includes the contributions of
loading dependency and power electronic interfaces to the inertia [30,31]. This detailed
description illustrates the necessity of employing estimation methods that can precisely
measure all the elements of physical and virtual inertia in a variety of generation technolo-
gies, including energy storage devices of a grid scale [2]. The full cognizance of inertia
is essential in the development of correct estimation methodologies for the varying and
changing effects of modern power system components [11]. Such approaches cannot be
done without describing the spatiotemporal distribution of inertia, which is constantly
varying as a result of the operating state of the system and the dynamic virtual inertia
emulation of converter-interfaced generators [2,30]. This complexity, in turn, requires an
overhaul of the conventional inertia estimation models and an advancement towards more
simplistic models to take into consideration the dynamic response of rapid acting controls
and energy storage technologies of grid scale [11,22].

2.2. Response Frequency and Inertia

The relationship between frequency response and inertia is found in the dynamic
behavior of the power systems following a disturbance. Particularly, the first order of
change in frequency is inversely proportional to the total inertia of the frequency changes
in power systems following a disturbance such as a generator fault observed in multiple
cycles, as illustrated in Figure 1. The primary inertial response (A—grey-shaded region)
is that of the synchronous generators, when the stored kinetic energy is discharged to
compensate for the loss of power; this is important in reducing the lowest frequency point
and the ROCOF. The lowest frequency in the transient period is the frequency nadir [32].
This is followed by a secondary response phase (B—green-shaded region), which is a
controlled reaction to further smooth frequency variations.

Figure 1. Frequency control phases in power systems.

The main factor that contributes to rotating inertia, the determinant of inertial response,
is the generators and turbines present in synchronous generators. When a disturbance
occurs, an unbalanced torque is exerted on the synchronous generator’s rotors and they
either accelerate or decelerate. The swing equation of the ith synchronous generator
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considered in a power system, and the angular momentum of the nth generator are given
in Equations (1)–(3).

Mi
d2δi

dt2 + Di
dδi
dt

= Pm,i − Pe,i (1)

Mi =
2Hi
ωs

(2)

2Hi
ωs

d2δi

dt2 + Di
dδi
dt

= Pm,i − Pe,i (3)

where the rotor angle of the nth generator, denoted by δi, is expressed in electrical radians
(or degrees), while t represents time in seconds. The parameter Mi denotes the angular
momentum of the nth generator, typically expressed in per unit or in MJ·s per electrical
radian, and Hi is the corresponding inertia constant, commonly given in MJ/MVA or
seconds. The synchronous angular speed is represented by ωs in rad/s. The damping
coefficient of the nth generator is denoted by Di, accounting for the damping torque that
arises due to slip speed-dependent effects. The mechanical input power supplied by the
prime mover of the nth generator is represented by Pm,i (pu), whereas Pe,i denotes the
electrical power output delivered to the grid (pu). The accelerating power Pa,i, defined
as the difference between mechanical and electrical power, is given by Pa,i = Pm,i − Pe,i in
per unit.

Swing Equation

The swing equation, which is commonly considered the basic dynamic model used
in estimating inertia in power systems, is a simplified second-order differentiation of the
generator rotor dynamics to power imbalances. Although this has made it a popular tool
for offline inertia estimation due to its clarity and physical interpretability, its application
to current power systems has been pointed out to be limited by various studies. The first is
its abundance of assumptions regarding constant mechanical input and constant damping,
which can hardly be true in systems with high penetration of inverter-based resources or
responsive loads [2,7]. In addition, the swing equation requires post-disturbance frequency
data that are accurate and the disturbance magnitude that is known, which is not easily
available and can not be easily measured in practice [33–35]. As pointed out by [2,7],
swing equation-based techniques are especially susceptible to error in the instances of
noise, model uncertainty and unobserved frequency control interactions. When BESS or
RES are used to provide synthetic inertia due to fast frequency controls, the fundamental
swing model does not explain these very time-varying and controller-specific effects and
so the inertia values given by it are often biased or non-representative of actual system
behavior [2,9]. This implies that, although the swing equation is analytically tractable,
serious augmentation or replacement is needed to perform proper estimation of inertia in
low-inertia and renewable dominated grids.

The swing equation can be expressed in the form of rotor speed ω or frequency
deviation ∆ f in:

2H
dω

dt
= PM − Pe − D∆ω (4)

where H represents the inertia constant of the synchronous machine in the equivalent
system, expressed in seconds. The variable ω denotes the rotor speed in rad/s, with
the speed deviation defined as ∆ω = ω − ωs, where ωs is the synchronous speed. The
mechanical input power is denoted by PM (pu), while PE represents the electrical output
power (pu). The parameter D corresponds to the damping coefficient, expressed in per unit
per rad/s, accounting for speed-dependent damping effects in the system.
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The inertia constant (H), which is traditionally measured in joule seconds (Js) or
watt-squared seconds (Ws2), is a direct measure of the angular momentum of a generator
or its stored kinetic energy. The formulation only describes the correlation between the
kinetic energy of rotating parts and the internal power imbalance of the system [30]. On
the other hand, the angular velocity of the rotor is calculated using the moment of inertia
(J). The dynamic relationship that governs it is swing Equation (4), which can be obtained
according to the second law of Newton and, therefore, describes whether an electric power
network will oscillate or not [33,34]. Moreover, the power rating refers to the time that
a generator needs to sustain its nominal power output and to counter the kinetic energy
stored. In line with this, the inertia constant (H) is stated as a ratio of the stored kinetic
energy of the generator to its rated rotational speed [9].

The rotor dynamic behavior of a single machine is frequently characterized by nor-
malized constant inertia and a constant damping [27]. The dynamics of every synchronous
generator in many machines tend to depend on the center of inertia. This enables one to
achieve the equivalent system inertia, which is a result of the interacting dynamics of the
individual machines [34]. The swing equation represents the relationship between power
and frequency following a power mismatch. When applied to a single generator or an area
of similar size, it is given in Equation (5).

∂ fi
∂t

=
Pi M − PiE
2HiSin fn

(5)

where Pi M denotes mechanical power, PiE denotes electrical load power, fn is electrical
frequency, Hi denotes inertia constant and Sin denotes nominal apparent power [35]. This
equation indicates that the frequency change rate is directly proportional to power imbal-
ance, and inversely proportional to the inertia constant, as well as the nominal apparent
power [4,11].

2.3. Optimization-Based Methods

The techniques commonly used in these methods include recursive least squares
or Kalman filters to estimate the time-varying aggregated inertia, which is an important
component of systems where wind or photovoltaic power integration is large due to the
unreliability of small generators [15]. Recent studies have further demonstrated the effec-
tiveness of hybrid and data-driven optimization techniques for nonlinear system parameter
estimation [35]. Ref. [36] proposed a hybrid swarm-based optimization framework that
significantly improves convergence robustness in complex engineering systems, while
ref. [37] employed advanced metaheuristic optimization for better convergence, stability
and decision-oriented parameter estimation under uncertainty. These findings further
motivate the adoption of cooperative hybrid optimization strategies for power system
inertia estimation.

In addition, grid-scale energy storage systems, which are flexible systems, both as a
controllable load and a generation source, add further complexity that provokes the use
of sophisticated optimization-based inertia estimation techniques. These techniques are
especially beneficial since they can explicitly model the behavior of bidirectional power
flow and the time-varying behavior of virtual inertia emulation. Through the development
of inertia identification about the system power imbalance that is measured in terms of the
total injected power and the subsequent frequency response, optimization-based methods
offer a perspective, sound and physically valid framework over the reliable estimation of
system inertia during dynamic operating conditions [2,38].
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2.3.1. Particle Swarm Optimization

PSO provides a reliable method of estimating inertia through simulating the social
patterns of the bird flocks or fish schools; here, particles respond to their individual
best-known positions as well as the group best position in a multi-dimensional search
space, as depicted in Figure 2. This optimization approach is especially suited to complex
and nonlinear issues, like inertia estimation, where analytic solutions of such problems
are difficult to find, since the interaction between multiple system parameters and the
variability of renewable sources of energy is dynamic in nature [9]. The particles are
initially positioned in the state space randomly.

 

Figure 2. PSO algorithm flowchart.

The system therefore adjusts and applies its best known information, speed at the
moment, and most profitable previous experiences of the swarm. The approach does not
depend on local minima and instead takes advantage of the information within the state
space [39]. In addition, the PSO algorithm, for being able to function efficiently without
any knowledge of the gradient, is especially flexible in those cases when the systems under
consideration can be characterized as either incomplete or strongly nonlinear, which is a
common property of the present-day power grids that involve a wide range of different
technologies in generating energy, as well as employing intricate control algorithms [40].

2.3.2. Genetic Algorithm (GA)

Genetic algorithms are an efficient optimization technique that relies on the laws of
natural selection and genetics, commonly applied to complex issues in power systems,
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including inertia calculation. The functionality of these algorithms is that they generate
a pool of potential solutions in the form of chromosomes. They regulate such processes
as selection, crossover and mutation to refine the solutions progressively through genera-
tions [41]. This evolutionary strategy enables genetic algorithms to explore a vast space of
potential solutions very fast and as such are especially useful at maximizing power system
stabilizers and in dealing with nonlinear dynamics associated with estimating inertia [42].
They are highly applicable to problems whose system model functions are complicated
or computationally expensive, since they are able to find solutions that are proximate to
the best possible without necessarily knowing how the objective functions vary. Moreover,
genetic algorithms are also parallelizable, which is quite an asset to large-scale power
systems where the efficiency of computation is vital. This provides them with a clear
advantage over those gradient-based techniques, which may be computationally costly [43].
In addition, scientists are also considering hybridization approaches that can be used to
address problems such as early convergence and stagnation that may diminish the quality
of output of one metaheuristic algorithm [44]. Figure 3 depicts the general GA flowchart,
starting with the step of initializing a population of candidate solutions, moving on to the
fitness evaluation process, and then to the evolutionary operators of selection, crossover,
and mutation. These cycles are repeated until the desired convergence criteria are achieved,
thus providing an optimally refined solution.

Figure 3. Genetic algorithm flowchart.

2.4. Test System

The New England system, a modified version of the IEEE 39 bus test system, is the
basis for the analyses performed in this study. The original network has 10 synchronous
generators, 39 buses, 46 transmission lines and 19 load points, and a base system capacity
of 100 MVA, as shown in Figure 4. Details of power generation and demands for modified
IEEE 39 bus systems are given in Table 2. The system model is developed and implemented
in MATLAB 2021a using the Simulink environment, where the dynamic behavior of the
test system and its components are modeled. This is designed to simulate the dynamic and
transient behavior of a large interconnected power grid. The benchmark test system is often
used for the evaluation of stability, reliability and control because of its balanced complexity
that allows for computational efficiency, while still representing realistic power system
dynamics. The network is a reduced representation of the interconnected New England
and New York grids, but it essentially captures key dynamics such as rotor angle stability,
frequency response and power transfer characteristics during a fault and contingency
scenario. Its architecture lends itself to the evaluation of complex optimization and control
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algorithms and is thus suitable for studies of grid operation, the integration of energy
storage and the better integration of renewable energy sources.

Figure 4. Test system single-line diagram.

Table 2. Active power generation (Pg) and power demand (P) distribution of the modified IEEE 39
bus system.

Bus No. Bus Type Generator Pg (MW) Pd (MW) Note

3 PQ --- 0.0 322.0 ---

4 PQ --- 0.0 500.0 ---

7 PQ --- 0.0 233.8 ---

8 PQ --- 0.0 522.0 ---

12 PQ --- 0.0 7.50 ---

15 PQ --- 0.0 320.0 ---

16 PQ --- 0.0 329.0 BESS

18 PQ --- 0.0 158.0 ---

20 PQ --- 0.0 628.0 ---

21 PQ --- 0.0 274.0 ---

23 PQ --- 0.0 247.5 ---

24 PQ --- 0.0 308.6 ---

25 PQ --- 0.0 224.0 ---

26 PQ --- 0.0 139.0 ---

27 PQ --- 0.0 281.0 ---

28 PQ --- 0.0 206.0 ---

29 PQ --- 0.0 283.5 ---

30 PV G10 250.0 0.0 ---

31 PV G2 323.0 9.2 ---
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Table 2. Cont.

Bus No. Bus Type Generator Pg (MW) Pd (MW) Note

32 PV G3 362.5 0.0
Fault—Scenario 2

(Scenario 1 +
Scenario 2)

33 PV G4 326.0 0.0 ---

34 PV G5 254.0 0.0 ---

35 PV G6 343.5 0.0 ---

36 PV G7 290.0 0.0 ---

37 PV RES 282.0 0.0 RES (PV)

38 PV G9 432.5 0.0 Fault—Scenario 1

39 PV G1 520.0 1104.0 Slack Bus

The incorporation of inverter-based generation requires adding or replacing a syn-
chronous generator with PV generation while taking care of the stability of the system.
An analysis of the inertia contribution from all the generators shows that generator 8 at
bus 37 offers a small contribution to the total inertia of the system. Consequently, the
replacement of this generator is accompanied by a small decrease in the equivalent inertia,
which is enough to change the frequency dynamics without an excessively high RoCoF or
loss of synchronism. The photovoltaic plant is modeled as a grid, following an inverter-
based resource operating at a unity power factor. The steady state active power output
is adjusted to match that of the replaced synchronous generator and hence maintains the
power balance that existed before the disturbance. The photovoltaic unit is simulated
without synthetic inertia and without quick frequency response, so that afterwards it can
be distinguished from the removal of physical inertia and the synthetic inertia introduced
by the battery energy storage system after the disturbance. This design choice means that
any changes in frequency characteristics can be attributed directly to changes in inertia
and not be masked by dispatch adjustments and the inherent variability of renewable
energy sources.

The grid-scale BESS placement is an important methodological choice, which directly
affects not only the frequency stabilization but also the ability to observe the inertia. The
BESS has been connected to bus 16, which was chosen after a careful consideration of
the network’s architecture, load distribution patterns and the dynamics of disturbance
propagation. Bus 16 is electrically close to important transmission interfaces and serves an
important load cluster. Frequency disturbances caused by generator failures are especially
pronounced at load-dominant buses, especially those located close to inter-area transfer
routes. Injecting rapid active power at bus 16 has a significant impact on the frequency
nadir and RoCoF, the main characteristics of the system inertia. From the estimation
point of view, the BESS is sited at load bus 16, instead of a generator bus, which avoids
the artificial enhancement of the frequency response at the disturbance source. This one
maintains spatial frequency gradients and adds complexity to the frequency signal used
for the inertia estimation.

The BESS is designed to have a system-level impact on system frequency while keeping
the system dynamics stable. Its rated power is determined to be equal to 270 MW, which
makes up around 4–5% of the overall system load, which is often mentioned in the current
research as acceptable for effective frequency support in transmission networks [45,46].
The energy capacity is chosen in the range of 79 MWh and thus allows for sustained power
injection in the inertial and initial primary response stages. Inertia emulation only needs to
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be supplied with a few seconds of energy, which is a characteristic that avoids premature
saturation in optimization adjustments and assures physically plausible performance in
repeated simulations. Furthermore, inertia is best excited by disturbances that directly
modify the power inertia equilibrium.

The research design includes two structured disturbance scenarios designed in order
to evaluate the robustness and accuracy of the suggested hybrid PSO-GA inertia estimation
framework under increasing system stress. In Scenario 1, one synchronous generator at
bus 38 is tripped at t = 5 s (ensuring that the system is in steady state conditions before the
event is triggered), which represents a severe but frequently analyzed contingency within
the context of the IEEE 39 bus system. The selection of the generator located at bus 38 is
based on the fact that it is a typical synchronous unit and its removal causes both localized
frequency variations and inter-area oscillations. Consequently, this configuration exhibits
complex dynamic behavior that is very sensitive to changing inertia.

In Scenario 2, a simultaneous generator trip at buses 38 and 32 is introduced at the
same disturbance instant, which deliberately reduces the effective synchronous inertia
further and increases the magnitude of RoCoF and the frequency nadir. The selection of
the generator at bus 32 as the second disturbance was based on an ordered process of
inertia impact screening rather than an arbitrary decision. Among the other synchronous
units after the first bus 38 trip and PV replacement at bus 37, the generator at bus 32 has a
medium- to high-inertia contribution capable of producing a measurable reduction in the
equivalent system inertia, but not so great as to force the system into an extreme low-inertia
system regime. Tripping this unit thus provides a good analytically tractable decrement in
the aggregate inertia constant, allowing meaningful comparison with the single trip case
but not sacrificing system stability.

Importantly, the configuration of the BESS and its size do not change between the
two scenarios in order to isolate the physical inertia reduction’s effect from the artificial
compensation changes. This dual-scenario framework allows to systematically compare the
estimator behavior, trajectory tracking accuracy and robustness under different disturbance
severities validating the hybrid optimization approach under both moderate and more
stressed low-inertia operating conditions.

The presence of frequency domain values of an aggregated swing equation is used to
approximate system inertia using measured frequency values.

f (t) = f (t)− f0

where, f0 is nominal system frequency.
The unified model is presented in Equation (6):

∂∆ f (t)
∂t

=
f0

2Heq

(
∆Pm(t)− ∆Pe(t)− D f ∆ f (t) + ∆PBess(t)

)
(6)

Equation (6) directly relates the rate of change of the frequency to the net power
imbalance with a factor divided by the same of the equivalent system inertia Heq. It
summarizes the existing dynamics in the periods of inertial response and primary response
that are most predictive to inertia estimate. The value of ∆PLoss and aggregated governor
model are modeled as depicted in Equations (7) and (8) respectively.

∆P_e(t) = ∆P_Lossu(t − t_ f ) (7)

∆Pm(s) =
1

Re f f
+

1
1 + sTg

(−∆ f (s)) (8)
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Lastly, Figure 5 is the block diagram for the test system model, which illustrates the
generators, loads, and a BESS connected by the grid. Measurement blocks receive the signal
of the generators, and the BESS model of a separate dynamic block is coupled to the grid.
The architecture demonstrates how the components of generation, storage and load will be
configured and interfaced through the simulation structure.

Figure 5. System model block diagram.

2.5. Hybrid PSO-GA Approach

The hybrid PSO-GA algorithm merges the global search of GA with the speed of
convergence of PSO and consequently introduces a more successful and stable optimization
system of establishing optimal gain settings in complicated control systems [41]. Combining
these two metaheuristics into a hybrid algorithm removes the weaknesses inherent in both
constituent methods, in particular the propensity of PSO to local optima trapping and
the slowness of convergence in GA. As a result, the formulation derived will provide a
stronger and more effective strategy for estimating inertia in power systems [47]. This
decomposition brings the dimensions of the decision space down, consequently increasing
the exploration and exploitation power of the algorithm [48]. Moreover, the hybrid model
adds heuristic processes to the stochastic search model to avoid the trapping of local
optima as well as to improve the accuracy of the solution, at least in the context of optimal
generation supported by improved recommendations [49]. Furthermore, the mixed-method
PSO-GA algorithm, which makes use of integer-based encoding of decision variables, is
especially capable of solving mixed-integer programming problems that are found in
realistic power system optimization, e.g., optimal location and capacity of battery energy
storage systems [50]. This general methodology is particularly beneficial to locating solar
buses as prospective candidates for deploying battery energy storage where the emulated
inertia constant becomes an important decision variable in the optimization task [21].

In general, the proposed hybrid PSO-GA framework presents a sequential cooperative
optimization approach, in which PSO is first implemented to conduct a global exploration
of the inertial parameter space, and a local refinement is then performed using a GA.
An elitist selection mechanism is adopted at each iteration to keep the best performing
individuals based on a given fitness criterion, which will improve the robustness of the
convergence while reducing the premature stagnation.

The proposed hybrid PSO-GA estimation framework requires to encode the obscure
dynamic specifications that organize the response to the frequency of the electrical system,
in particular the inertia constant H and, optionally, the dampening coefficient D, primary
control gain, K, or the governor time constant Tg.

[
θ = H, D, K, Tg, . . .

]
.

As illustrated in Figure 6, the approach starts with the initialization of PSOGA vari-
ables, i.e., the population of particles and their velocities are generated in permissible
physical limits of θmin ≤ θ ≤ θmax. With the reduced order swing model, the resulting
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simulated frequency course for a disturbance with a known active power imbalance ∆P(t )
is generated, as depicted in Equation (9).

2H
dω

dt
= ∆P(t)− D(ω − ω0)− K(ω − ω0) (9)

where H is the inertia constant of the equivalent system, while ω and ω0 represent the
rotor angular speed and the nominal (synchronous) angular speed respectively. The term
dω
dt describes the rate of change of rotor speed, capturing the system’s inertial response to

disturbances. The quantity ∆P(t) is the time-varying power imbalance between mechanical
input and electrical output. The damping coefficient D accounts for speed-dependent
damping effects, whereas K represents an additional frequency-responsive control or stiff-
ness gain, such that the terms D(ω − ω0) and K(ω − ω0) collectively model the dissipation
and corrective control actions acting against deviations from the nominal speed.

Figure 6. PSO-GA algorithm flowchart.

The objective function shown in Equation (10) decreases with the help of the hybrid
search mechanism measurements, assessing both the simulated and measured frequency
time series, like RoCOF, in a given time window, the length of which is called T. This
relation can be expressed mathematically as follows:

J(θ) = ∑
t ∈ T

ω f (ωmeas(t)− ωsim(t; θ)) 2 + ωr
( .
ωmeas(t)−

.
ωsim(t; θ)

)2
+ λ∥θ − θ0∥2

2 (10)

The cost function, J, of the ROCOF calculation, along with the small Tikhonov regular-
ization term, λ, which biases the estimate with the desired initial condition J(θi) towards
higher values resulting in smaller cost values, is found to optimize the performance of
the PSO algorithms on estimating parameters. These algorithms have the particle that
compares J(θi) and, later, optimizes their personal best (pBesti) and the optimum of the
global best (gBest). After this, positions and velocities are updated through Equation (11).

vk+1
i = ωIvk

i + c1r1

(
pBesti − θk

i

)
+ c2r2

(
gBesti − θk

i

)
, θk+1

i = θk
i + vk+1

i (11)

where ωI is the inertia weight, c1 and c2 are coefficients of cognitive acceleration and
r1 and r2 are randomly chosen points of the range (0, 1). Likewise, v(k+1)

i denotes the
velocity of the ith particle at iteration k + 1, while vk

i is its velocity at the previous iteration.
Simultaneously, the GA element supports natural selection to the existing population
using the past and future where the frequency data are contaminated by noise or the
mapping smoke θ 7→ ωsim is challenging to determine; the aspect of the algorithm is
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highly significant in these cases. The individual selection process then combines the PSO
trace-expanded set IndPSO with the GA-generated set IndGA through an elitist replacement
process that replaces the worst offenders of the set with the best offenders of the set;
at the same time, the parameter constraints are enforced, resulting in a new generation
pool IndPSOGA.

The loop is stopped when one of the following stopping conditions is satisfied:
k ≥ kmax, ∥Jk − Jk−1∥ < ϵ, or ∥gBestk − gBestk−1∥ < δ. Afterwards the algorithm pro-
duces the final population, which is expressed as θ̂ = gBest, named IndGA/END, where
the inertia estimate, Ĥ, is calculated. A combination of high velocity convergence of PSO
to optimal areas gBest and the exploring nature of GA, the PSO-GA model provides an
efficient optimization-driven estimator of system inertia. This estimation maintains preci-
sion in the noisy measurement cases and resilience to multiple model error landscapes, as
well as has computational efficiency that is appropriate to real-time or post-event inertia
measurement in low-inertia power grids.

3. Results
The proposed inertia estimation technique has been implemented on a scenario-

based test system with IEEE 39 bus, RES and BESS being incorporated on a grid scale to
evaluate the dynamic behavior of three optimization algorithms—Hybrid PSO-GA, PSO,
and GA—in determining the equivalent inertia constant of the system. The optimization
procedures and subsequent performance analyses are carried out in Python, enabling
efficient algorithm implementation, statistical evaluation, and comparative assessment of
the proposed methods. To simulate a real-life frequency disturbance, a generation trip
disturbance was provided at t = 5 s. The actual total inertia of the two scenarios was
calculated at 4.5 s and 4.11 s, which is a typical weight for a mid-range size interconnected
grid. The BESS was set up to enable synthetic inertia as well as quick frequency support
through active power injection in the case of post-disturbance transients.

As depicted in Figure 7 (scenario 1), following a disturbance, the system frequency
falls from 50.00 Hz down to a low of about 49.76 Hz, which then returns to normal in about
4.49 s. Figure 7 shows the frequency variations as measured in the real system compared
with the frequency variations predicted by the use of, for the inertia, the three different
methods. The curve from HPSO is similar to the measured frequency: the lowest point is at
approximately 49.74 Hz (0.03 Hz more than the actual minimum) and the recovery process
is similar. The PSO approach produces a more pronounced frequency drop to 49.70 Hz
followed by a more gradual recovery to 50 Hz, whereas the GA approach delivers 49.67 Hz
with the longest settling time. These differences indicate that the HPSO method is a better
representation of the dynamic characteristics of the system. In contrast, both the PSO and
GA methods seem to overpredict the inertia and hence produce underdamped or delayed
frequency responses.

Conversely, when two synchronous generators at bus 38 and bus 32 are tripped at the
same time at t = 5 s, as shown in Figure 8, the frequency response demonstrates a stronger
transient than in Scenario 1 because of the loss of generation, as well as because of the
reduced effective inertia. As demonstrated in Figure 8, the system frequency decreases
from 50.00 Hz to about 49.56 Hz before the start of recovery. The HPSO method tracks
the measured curve closely, reaching the bottom of the depth of 49.58 Hz, which is almost
exactly the same as the observed one (a difference of only approximately 0.02 Hz), as well
as the recovery time of 4.11 s that is virtually the same as that observed. However, the
standalone PSO predicts an even less accurate response, with a minimum of about 49.60 Hz,
whereas the GA method has the highest deviation with a value of about 49.57 Hz and a
settling time of 4.23 s. Moreover, RoCof proves the fact that Scenario 2 creates a steeper
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initial slope magnitude compared with Scenario 1, which is also in line with the lower
effective inertia and the higher disturbance magnitude. The HPSO-based trajectory best
captures the magnitude of peak RoCoF as well as the damping behavior of the oscillatory
tail, but PSO and GA have slight differences in the transient curvature and the recovery
rate. These discrepancies suggest that the hybrid PSO-GA model represents the enhanced
nonlinear behavior caused by the dual-generator outage better than standalone PSO and
GA, and the inertia and damping interaction is slightly underrepresented in capabilities of
the small but significant deviations in the nadir depth and recovery properties.

Figure 7. Scenario 1. Frequency response comparison (real vs estimated using HPSO, PSO, and GA).

Figure 8. Scenario 2. Frequency response comparison (real vs estimated using HPSO, PSO, and GA).

In Scenario 1 (single generator trip at bus 38), HPSO achieves a root mean square error
(RMSE) of 0.011 Hz and a mean absolute percentage error (MAPE) of 0.022%, demonstrating
a substantial improvement over the standalone optimization methods. In comparison,
the conventional PSO results in an RMSE of 0.027 Hz and a MAPE of 0.055%, while the
GA yields higher errors with an RMSE of 0.041 Hz and a MAPE of 0.083%. In terms of
inertia estimation accuracy, HPSO predicts an inertia constant of 4.49 s, which closely
matches the actual system inertia of 4.5 s. By contrast, PSO and GA overestimate the
inertia constant, producing values of 4.62 s and 4.67 s, respectively. The values in the result
support the idea that, although all the algorithms meet in the moderate circumstances of
disturbance, the hybrid approach significantly reduces frequency domain trajectory error
as well as parameter estimation bias. The very low value of the RMSE and the very small
mean absolute percentage error (MAPE) observed in Scenario 1 suggest a well-conditioned
optimization landscape, with high inertia identifiability and small nonlinear interactions.

The case of Scenario 2, when the contingencies occurred at bus 38 and bus 32 at the
same time, the effective inertia decreases to 4.10 s, which further emphasizes the electrome-
chanical transient and increased RoCoF. Table 3 shows that this situation results in more sig-
nificant estimation errors in all the methods. The hybrid PSO-GA algorithm estimates 4.11 s
with RMSE = 0.015 Hz and MAPE = 0.73%, PSO only estimates 4.18 s (RMSE = 0.0246 Hz,
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MAPE = 1.95%), and GA estimates 4.23 s (RMSE = 0.0289 Hz, MAPE = 3.17%). In spite of
the absolute RMSE and MAPE values getting worse compared with Scenario 1—greater
dynamic nonlinearity and steeper curvature of the cost function—the relative ranking
of the algorithms does not change. The hybrid technique has minimum variation in the
actual inertia and the lowest trajectory error, therefore proving to be resilient to compound
disturbances. The significant increase in MAPE of GA by 0.083 to 3.17 and that of PSO by
0.055 to 1.95 makes it clear that the two systems are more sensitive to lower inertia and a
greater coupling between the inertia, damping, and system dynamics. On the other hand,
the insignificant variation in RMSE of the hybrid PSO-GA (0.011 to 0.015 Hz) verifies that
the composite structure maintains the stability of convergence even when the stress of the
system is intensified.

Table 3. Comparison of inertia estimation performance under single and dual generator trip scenarios.

Algorithm Estimated Inertia RMSE (Hz) MAPE (%)

Scenario 1 (Bus
38 Generator

Trip)

Hybrid
PSO-GA 4.49 0.011 0.022

PSO 4.62 0.027 0.055

GA 4.67 0.041 0.083

Scenario 2 (Bus
38 + 32

Generator Trips)

Hybrid
PSO-GA 4.11 0.015 0.73

PSO 4.18 0.0246 1.95

GA 4.23 0.0289 3.17

Even when the disturbance level increases, the estimation difficulties intensify and the
error rates are higher; the hybrid PSO-GA system is always more accurate and robust than
the presented PSO and GA algorithms. The low RMSE and low inertia deviation factor are
sustained in the 4.50 and 4.10 s operating regimes in support of the appropriateness of the
algorithm in low-inertia power systems operating under harsh contingencies.

Over all, these results confirm that the proposed HPSO framework provides superior
estimation accuracy and robustness, particularly in the presence of BESS-induced fast
frequency dynamics and low-inertia power systems These findings are summarized in
Table 3.

Furthermore, the convergence trajectories of PSO-GA exhibit reduced oscillations
around the optimal solution, indicating improved robustness against premature conver-
gence. The contribution of the BESS to frequency stability is evaluated by comparing the
system responses under operating conditions with and without energy storage. In the
absence of BESS support in the first scenario, the system frequency declines to approxi-
mately 49.70 Hz, followed by a slow recovery governed solely by conventional regulation
mechanisms. As shown in Figure 9, when the BESS is integrated, the frequency nadir im-
provesto 49.86 Hz, and the recovery time to the nominal frequency of 50 Hz is significantly
reduced. Specifically, the frequency recovery time decreases from 10.2 s without BESS to
2.6 s with BESS, corresponding to a reduction of approximately 40%. During the initial
seconds following the disturbance, the BESS contributes synthetic inertia in the range of
approximately 1.0–1.8 s, supplying temporary active power support that effectively limits
the frequency decline and accelerates the subsequent recovery.
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Figure 9. Scenario 1. Frequency response of the IEEE 39 bus system with and without BESS support
of a fault at t = 5 s. With BESS, the frequency nadir is shallower (49.86 Hz) and recovery is faster
compared with the system operating without storage (49.70 Hz).

One of the roles of the BESS is to support a rapid pulse of dispatchable power (around
8% of named capacity) just after a disturbance initially occurs, then a rapid decay as the
system frequency returns to normal. The equivalent inertia contribution shows a significant
rise in the first second after the disturbance, its maximum is reached at about 1.8 s, and
then falls off as the power injection dissipates.

Figure 10 shows that by tripping two generators (695 MW) simultaneously, the mag-
nitude of the disturbance increases and the effective physical inertia reduces, further
enhancing the RoCoF and increasing the frequency excursion in the absence of BESS.
The loss of two generators compounding the first slope of the frequency decadence and
increasing the recovery rate highlights the fact that the inertia, damping, and governor
action are nonlinearly coupled with each other. Since the BESS setup is already held at
the same level as Scenario 1, its stabilizing influence is even greater in the compounded
disturbance case. The storage system suppresses the extra power imbalance by injecting
rapid synthetic power, which in effect moderates the RoCoF and limits the nadir, although
the inertia of synchronous is reduced. Even though the absolute deviations of Scenario
2 are bigger than those of Scenario 1 (see Figure 10), the qualitative gain of the BESS is
similar to it: a smaller peak deviation, faster arrest of the frequency decay, shorter expo-
nential recovery, and observable higher damping of oscillatory content. In general, the
comparative outcomes in the two cases prove that the intensification of disturbance de-
creases natural inertia and increases frequency indicators in the condition of the absence of
support, whereas the introduction of a grid-scale BESS leads to a significant improvement
in transient stability, reduction in the amplification of RoCoF and enforced recovery in
low-inertia operating regimes.

The improved performance of the proposed hybrid PSO-GA approach arises from its
hybrid search mechanism, which effectively combines the global exploration capability
of GA with the rapid local convergence characteristics of particle swarm optimization,
as depicted in Figures 11a and 12a. This complementary interaction enables HPSO to
efficiently navigate the nonlinear optimization landscape associated with inertia estimation,
resulting in enhanced numerical stability and convergence toward an inertia value that
closely matches the actual system parameter.
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Figure 10. Scenario 2. Frequency response of the IEEE 39 bus system with and without BESS support
of a fault at t = 5 s. With BESS, the frequency nadir is shallower (49.73 Hz) and recovery is faster
compared with the system operating without storage (49.42 Hz).

  
(a) (b) 

  
(c) (d) 

Figure 11. Scenario 1. (a) RMSE convergence vs no. of iterations; (b) error comparison; (c) absolute
estimation error box plot for I = 30; (d) scatter of the estimated vs true inertia.

The HPSO approach has the best equilibrium between estimation precision, dynamical
reactivity and computational efficiency. Comparatively, as depicted in Figures 11c and 12c,
the hybrid PSO-GA saves the computation time of PSO or GA, and the estimation error
is almost 4 times smaller across the iterations. The reconstructed frequency trajectories
show good agreement with the actual system response compared with PSO and GA,
which show delayed recovery and diverge in the steady state. These results validate that
HPSO is a practical and accurate method for practical inertia estimation in power systems,
with a significant degree of converter-interfaced resource integration, as shown in both
Figures 11d and 12d. Through the addition of both physical and synthetic inertia effects,
it can be used for the adaptive frequency regulation and stability evaluation of future
low-inertia power grids. The capability of the method to model and track equivalent inertia
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provided by dynamically acting BESS equipment makes it an identity square for grid oper-
ators trying to assess and manage frequency toughness within fluctuating circumstances.

  
(a) (b) 

  
(c) (d) 

Figure 12. Scenario 2. (a) RMSE convergence vs no. of iterations; (b) error comparison; (c) absolute
estimation error box plot for I = 30; (d) scatter of the estimated vs true inertia.

A clear trend is observed when comparing the two situations. In Scenario 1 (single
generator trip at bus 38), all algorithms run in a relatively nonlinear regime, and the hybrid
PSO-GA has already provided the best accuracy (4.49 s compared with the real value
of 4.5 s) with the lowest root mean square error (RMSE) and mean absolute percentage
error (MAPE), as presented in Table 3, Figures 11b and 12b. The estimation problem
in Scenario 2 is more complicated by the presence of compounded electromechanical
interactions and increased coupling between terms of inertia, damping, and governors.
Despite the fact that absolute estimation errors have grown in all the methods, the relative
performance rankings are left unchanged: HPSO has less inertia deviation and the most
stable convergence of RMSE behavior throughout iterations, with PSO having moderate
overestimation and the biggest dispersion in the genetic algorithm (GA). Notably, the
BESS setup is purposely maintained the same in both cases and, as such, variation in the
estimation performance could be entirely attributable to the severity of disturbances and
not to the adjusted synthetic inertia parameters. Such consistency confirms that the hybrid
estimator is sturdy to changes in the magnitude of disturbances and also that it is reliable
in tracking the same inertia when the system stress is increased.

Although the numerical improvement of the hybrid PSO–GA over standalone PSO and
GA may appear moderate in absolute RMSE terms, its significance should be interpreted
in the context of inertia parameter sensitivity. In low-inertia power systems, even small
deviations in the estimated equivalent inertia constant can lead to noticeable discrepancies
in predicted RoCoF, frequency nadir, and transient stability margins. The hybrid method
not only achieves the lowest steady-state RMSE but also demonstrates smoother and more
stable convergence behavior, as illustrated in Figures 11a and 12a. This reduced oscillatory
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behavior and improved monotonic convergence enhance robustness and repeatability of
the estimation process. Therefore, the improvement is practically meaningful in dynamic
frequency analysis and operational inertia awareness, where estimation reliability and
stability are as critical as absolute numerical accuracy.

4. Conclusions
This research introduces a novel hybrid framework combining PSO and GA for the

accurate and adaptable estimation of the inertia of the power systems with grid-scale BESS.
The hybrid approach evaluated in two scenarios based on the IEEE 39 bus test system
shows better performance compared with the traditional methods of PSO and GA in terms
of estimation accuracy and calculation efficiency. The HPSO approach can combine the
global search ability of the GA and the fast convergence ability of the PSO, which results in
a better solution quality and higher robustness. The results of the simulation in Scenario
1 showed that the value of inertia by HPSO (4.49 s) was very close to the actual system
inertia (4.5 s) and the smallest RMSE (0.011 Hz) and MAPE (0.022%) were obtained from
all of the methods. Similarly, in Scenario 2, where the system is in intensified low-inertia
stress conditions, the hybrid PSO–GA achieved an estimated inertia of 4.11 s against the
true 4.10 s, with RMSE = 0.0152 Hz and MAPE = 0.73%, outperforming standalone PSO
(RMSE = 0.0246 Hz, MAPE = 1.95%) and GA (RMSE = 0.0289 Hz, MAPE = 3.17%).

On the other hand, PSO and GA resulted in larger estimation errors and less rapid
dynamic response. Furthermore, the trajectories of frequencies estimated by HPSO closely
resembled the observed response of the system, hence confirming the superior accuracy of
the hybrid approach.

The introduction of BESS proved to improve the level of frequency stability that was
provided by them through the supply of a “synthetic inertia”, in this case where the fre-
quency nadir had to be lowered from 49.70 Hz to 49.86 Hz in Scenario1 and 49.42 Hz to
49.73 Hz in Scenario 2 and that the recovery time was shortened by around 40%. The pro-
posed estimator was able to accurately estimate the dynamic equivalent inertia contributed
by the BESS, which was found to vary from 1.0 s to 1.8 s during post-disturbance transients
in Scenario 1. These results prove that HPSO can be successfully used for effectively moni-
toring time-varying inertia in the nonlinear and converter-dominated grid environments.

Although estimation errors increased in Scenario 2 relative to Scenario 1 due to stronger
nonlinearity and steeper transient behavior, the convergence analysis demonstrated that
HPSO maintained better accuracy. Overall, Scenario 2 confirms that, while compounded
generator outages amplify frequency excursions and increase optimization complexity,
the proposed hybrid PSO–GA framework preserves high estimation accuracy and strong
robustness under severe low-inertia conditions with fixed BESS support.

Overall, the results show empirical convergence evidence of the proposed hybrid
PSO–GA framework, characterized by rapid RMSE reduction in early iterations and stable
plateau behavior at later stages. The elitist replacement mechanism ensures monotonic
non-increasing best-so-far fitness values, contributing to practical convergence robustness.
While formal convergence proofs for hybrid stochastic metaheuristics in nonlinear mul-
timodal power-system identification problems are analytically intractable, the observed
empirical stabilization and superior RMSE performance validate the effectiveness of the
proposed approach.

In contrast with previous methodologies based only on the offline parameter identi-
fication, the HPSO-based approach proposes a more robust mechanism for the real-time
parameter estimation, suitable to integrate into wide area monitoring and control systems.
Its reliable convergence properties make it particularly suitable for online application in
power systems that process usability to inertia fluctuations occurring due to the variability
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of renewable energy and the rapid interventions made on storage. These results are in line
with the recent research that highlights the importance of data-driven and hybrid methods
for dynamic model parameter estimation.

Future research will focus on the extension of this framework to systems with multi-
areas, real-time digital simulation and high RES integration. This will help establish its
efficacy in actual real-world scenarios with communication time delays and measurement
errors. Moreover, the use of the HPSO estimator in conjunction with machine learning
forecasting models could be used to enhance the accuracy of inertia predictions in systems
with a lot of renewable energy.
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