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A B S T R A C T

The dynamic behavior of modern power systems is being fundamentally reshaped by the increasing penetration 
of renewable energy sources with low or zero inertia, such as wind and solar PV. Consequently, in many regions, 
the rotational inertia traditionally provided by conventional synchronous generators has significantly declined. 
Since virtual inertia–achieved through synthetic inertia control– is not yet widely implemented, the overall 
system inertia has fallen well below that of traditional power systems. Accurate estimation of critically low 
inertia levels is therefore essential to ensure reliable and stable system operation. This review paper presents a 
comprehensive assessment of existing methods for inertia estimation in both conventional and renewable-rich 
power systems. It systematically compares techniques adopted by utilities, highlighting their practical applica
tions, strengths, and limitations. Furthermore, the paper evaluates the feasibility of these approaches from an 
implementation perspective and discusses emerging challenges. Finally, it outlines future directions toward 
robust, adaptive, and real-time inertia estimation methods capable of supporting the secure operation of next- 
generation power systems.

1. Introduction

Energy systems globally are shifting towards Renewable Energy 
Sources (RESs) to achieve net-zero emissions by 2050 [1]. Concerns 
have emerged regarding the reliability and sustainability of power sys
tems as traditional generators, which rely on the rotational inertia of 
large machines, are being replaced by low-inertia RES connected 
through power converters [2]. This transition leads to reduced system 
inertia, an increased Rate of Change of Frequency (RoCoF), a lower 
frequency nadir, the risk of Under Frequency Load Shedding (UFLS), the 
tripping of generator protection devices, and heightened system security 
threats [3–6]. Low-inertia RES connects to the grid through converters 
that can be operated in grid-forming mode to provide Virtual Inertia (VI) 
by adapting their output active power in accordance with the RoCoF, 
thereby emulating the Synchronous Generator (SG) inertia response 
based on frequency deviations [7,8]. Adding VI to a modern power 

system can compensate for the lack of a fast response from Primary 
Frequency Control (PFC) to system frequency changes within a time
frame of less than 10 s. Transmission Systems Operators (TSOs) need 
real-time information on the level of inertia for control, planning, and 
stable operation of the grid. Therefore, precise inertia estimation is 
important and essential for integrating renewables, ensuring grid sta
bility, optimizing generation dispatch, and improving economic effi
ciency [2,9].

The issue of inertia estimation was first addressed by Inoue et al., in 
1997 [10], who proposed a fifth-order polynomial approximation for 
estimating RoCoF over 15–20 s following generator and load losses. 
Initial estimates often exceeded the actual generator inertia constants. 
While a swing equation was later developed to link load with estimated 
inertia, accuracy suffered due to the lack of substantial disturbances 
[11]. Efforts to improve estimation included analyzing multiple loca
tions and substituting known disturbances with power data, but success 
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still depended on the precise identification of disturbance onset and 
optimal sliding window sizes [12]. Although setting a 20 ms window 
improved accuracy, it does not account for Converter-Interfaced Gen
erations (CIGs), highlighting the need for insights into the size and 
temporal distribution of power imbalances [13]. An online inertia esti
mation method using PMUs and integrating SGs and photovoltaic 
sources via Virtual Synchronous Generators (VSG) was proposed but 
remained influenced by modes, window length, and Fourier coefficients 
[14]. Some systems, like the Nordic system, estimate kinetic energy 
through SCADA by tracking circuit breaker positions and generator 
power, but they neglect virtual inertia and load contributions [3,15]. 
Real-time tools are employed in ERCOT, Ireland, and the UK, while 
Japan assesses inertia via transient events due to RES [16]. Inertia 
estimation methods are reviewed based on time horizons and scopes, 
focusing on synchronous generators or measurement techniques 
[17–20]. However, practical implementation challenges remain largely 
unaddressed, and innovative approaches, such as artificial intelligence, 
have not been sufficiently explored for inertia estimation in renewable 
systems.

This paper reviews the latest techniques for estimating inertia in 
renewable power systems, presenting and discussing state-of-the-art 
strategies. To enhance estimation robustness against detailed system 
models and uncertainties, such as network line parameters, most ap
proaches rely on measurement- and forecasting-based methods. This 
paper bridges the gap between model-based, measurement-based, and 
forecasting-based estimation techniques and their practical imple
mentation by research institutes and TSOs. It also provides insights into 
load side inertia estimation and highlights future trends toward robust, 
adaptive, and real-time techniques for renewable power systems. This 
study contributes to the literature as follows: 

• Provides a comprehensive evaluation of the merits and limitations of 
existing studies on inertia estimation, covering model-based, mea
surement-based, and artificial intelligence–based approaches. This 
offers valuable insights for researchers regarding the implementation 
and application of different inertia estimation methods.

• Presents a detailed discussion and assessment of measurement-based 
methods, examining inertia contributions from SGs, CIGs, and the 
demand side.

• Compares existing studies from multiple perspectives, including 
estimation accuracy, the sources of inertia considered, and the 
operating conditions under which the methods are applied.

• Explores the integration of demand-side virtual inertia, with partic
ular attention to the future expansion of electric vehicle-to-grid 
(V2G) schemes.

• Investigates current practical inertia estimation methods adopted by 
power companies, highlighting real-world implementation chal
lenges and practices.

The remaining sections of this paper are arranged as follows. Section 
2 of this paper outlines definitions of power system inertia in both 
traditional and modern power systems. Next, an examination of how 
inertia operates in these systems and the difficulties it faces when RESs 
are added will be conducted. Section 3 evaluates various estimation 
methods, classifies them, and discusses their respective advantages and 
limitations. Section 4 presents the current practical strategies reviewed 
in this study, while Section 5 summarizes the key findings from the 
literature. Section 6 is devoted to the challenges associated with real- 
time inertia estimation tools. Section 7 addresses the main challenges 
and future perspectives for inertia in RES-dominated power systems. 
Finally, Section 8 offers concluding remarks and outlines directions for 
future research.

2. Inertia in renewable power systems

Inertia is one of the fundamental properties of a power system as it 

limits the RoCoF and frequency nadir. The SG rotational masses provide 
inertia in traditional power systems [2,21]. Rotational inertia prevents 
rapid fluctuations in system frequency caused by imbalances between 
power generation and consumption, manifested through any form of 
energy exchange [22]. The kinetic energy contained in a rotating mass 
of generators is traditionally released after a power imbalance. Inertia is 
characterized by the kinetic energy Ekin, which is stored in the rotating 
mass at the specified speed and is then divided by the rated power of 
machine SB, as indicated in: 

H=
Ekin

SB
=

J(2πfm)
2

2 SB
(1) 

where H is the inertia constant of the machine in seconds, J represents 
the moment of inertia of the shaft in kg. m2 and fm is the machine-rated 
rotational frequency. ωn indicates the nominal speed in rad/s equivalent 
to 2πfm [21,23]. The range of usual inertia constants in a power system is 
1.75 s to about 10 s, with variations depending on the type of conven
tional unit being considered (e.g., steam, combined cycle, hydroelectric, 
etc.). Lately, operators of various low-inertia systems around the world 
have implemented rapid frequency response services that demand a 
response to a frequency deviation in 1–2 s [17].

The transient response of the system frequency following a power 
imbalance event is typically modeled using the generator swing equa
tion. For the traditional power system, the swing equation can be rep
resented as: 

2Heq
dΔf
dt

=ΔPm − ΔPe = ΔPm − ΔPL − DΔf (2) 

where Δf is the grid frequency deviation, ΔPm stands for the total me
chanical power change provided by the generators, and ΔPe is the 
overall electrical power deviation of the entire power system [18].

Certain electrical loads, such as rotating machinery, are frequency- 
dependent. As a result, the expression for ΔPe is ΔPe = ΔPL + DΔf , 
where ΔPL represents the power variation of loads that are not depen
dent on frequency and D is the damping factor (load-frequency response 
constant). RoCoF is denoted as dΔf

dt . On the other hand, in renewable 
power systems integrating RESs, the inertia response, EI

t , is made up of 
two primary components, including the kinetic energy in rotating 
masses synchronized with the power system, EI,SG

t , and the VI provided 
by converter-interfaced generation, EI,CIG

t [17]: 

EI
t =EI,SG

t + EI,CIG
t (3) 

For grid-forming converter interfaced generation, the VSG control is 
responsible for inertia response by emulating the SGs dynamic behavior 
based on swing equation, as: 

2HVSGSVSG

⍵0
⍵̇VSG(t)=Pset − Pe(t) −

1
1 + sTc

KVSGΔ⍵(t) (4) 

where HVSG represents the emulated inertia in seconds, SVSG denotes the 
rated power of VSG, ⍵VSG indicates the converter internal speed refer
ence in per-unit, Pset specifies the active power generation set-point in 
per-unit, Pe is the converter active power output in per-unit, Tc is the 
time constant, and KVSG quantifies the emulated damping coefficient [3,
7].

In DC systems, the concept of inertia operates differently compared 
to AC systems. As mentioned, in AC systems, inertia relates to the 
rotating masses of generators and motors, resisting frequency changes. 
However, in DC systems, which lack rotating machinery, inertia relates 
to RESs and Energy Storage Systems (ESSs), such as batteries or capac
itors, that regulate voltage and respond to rapid changes in load or 
generation [24]. Power balance formulation in DC systems is expressed 
as follows: 
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C . udc .
dudc

dt
=Pin − Pout − Pc (5) 

where C indicates the dc bus capacitor, udc is the dc bus voltage, Pin is the 
converter output power, Pout represents the power flows to the dc bus, 
and Pc demonstrates the capacitor power charging. The capacitor is 
responsible for storing energy, which provides active power to reduce 
the Rate of Change of Voltage (RoCoV) and to improve voltage stability. 
The stored energy and the inertia time constant are formulated as 
follows: 

Hdc =
Ecap

SNc
=

1
2

Cudc
2

SNc
(6) 

where SNc is the rated capacity of capacitors.
In hybrid renewable power systems incorporating both DC and AC 

components, the DC-side inertia interacts with the AC system through 
power converters, which emulate the behavior of synchronous genera
tors. Due to the mixture of SGs, ESSs, and RESs, the total inertia of the 
hybrid power system includes both the synchronous inertia from the SG 
and the virtual inertia from the RES and ESS. Hence, the equivalent 
inertia Heq can be represented as shown in the following equation [19]: 

Heq =

∑NSG

i=1
HSG,iSB,i +

∑NCIG

j=1
HCIG,jSB,j

∑NSG
i=1 SB,i +

∑NCIG
j=1 SB,j

(7) 

where HSG,i, SB,i, SB,j, and HCIG,j stand for the inertia constant of power 
plant, rated power of plant i, the rated apparent power, and VI constant 
(seconds) of the jth virtual machine, which is variable and depends on 
operating states, respectively. NSG and NCIG specify the number of SGs 
plants and virtual machines, respectively. The reason for the low inertia 
in the renewable energy source-dominated power grid is that the VI, 
HCIG,j, is small, resulting in significantly reduced effective inertia Heq in 
the grid.

3. Model-, measurement-, and forecasting-based estimation 
methods for inertia in renewable power systems

Inadequate inertia in a renewable power system may cause fre
quency and voltage fluctuations and higher power outage risks. Variable 
RES poses a risk in balancing supply and demand, as well as frequency 
control [25]. An unequal inertia distribution affects angular and fre
quency stability. Monitoring regional inertia and using forecasting tools 
helps operators adjust generation schedules to maintain sufficient levels 
of inertia, ensuring reliable integration of renewable sources. Estimating 
RES inertia requires a longer period of time than that of traditional 
plants. Synchronous inertia is determined by generator output power 
changes and ROCOF data during disturbances, while RES inertia anal
ysis requires more data over a longer period [26].

In renewable-rich power systems, the traditional assumption of 
constant inertia is no longer valid and has been replaced by advanced 
methods that rely on system measurements and physical modeling. In 
this context, inertia is increasingly treated as an estimable parameter, 
determined through parameter estimation and system identification 
techniques tailored to modern power grids. Three main categories, 
including model-based, measurement-based, and forecasting-based 
estimation methods, are proposed according to the time horizon of in
terest, such as offline post-fault, online real-time, and forecast ap
proaches. Although most model-based methods depend on the swing 
equation and details of the power system and focus on inertia from SGs, 
measurement-based methods using PMUs facilitate the consideration of 
VI due to their variable dynamic behavior. The variability of inertia in 
RESs arises from several factors, including the reduction in SGs, the 
intermittent nature of RESs, the reliance on power electronics that lack 
inherent inertia, differences in dynamic response characteristics, and 

regional disparities in the distribution of energy resources. As a result, 
several key factors must be considered when estimating inertia in 
renewable power systems. Fig. 1 illustrates these categories and their 
branches for better identification of subsets.

3.1. Model-based estimation

In model-based inertia estimation approaches that depend on the 
dynamic representation of SGs, the inertia constant is estimated using 
the following objective function: 

min j(θ) =0.5
∫ T0

0
(yr – y) T (yr – y)dt (8) 

{
ẋ = f (x, u, θ)
y = h(x, θ) (9) 

where yr is the output of the observed system as derived from mea
surements, y denotes the output of the model, and T0 represents the 
duration of the dynamic trajectories of yr and y [25].

Existing model-based methods have been categorized mainly into 
two types, including individual SG inertia estimation and equivalent 
system inertia estimation. Different methods are proposed in Refs. [25,
27,28] to determine the parameters of individual SGs. Model-based 
inertia estimation is adopted in Refs. [29,30], which demands only the 
network admittance matrix for satisfactory performance. The compu
tational workload of solving differential-algebraic equations with 
numerous SGs can be reduced by using the dynamic equivalent of 
coherent SGs to estimate the equivalent inertia of a regional system [31]. 
The conception of coherent generators is introduced in Refs. [32,33]. 
Fig. 2 shows the structure of model-based estimate inertia method.

Model-based methods have certain drawbacks, including inaccura
cies in the network admittance matrix due to the unavailability or 
imprecision of detailed system models. Additionally, uncertainties in 
transmission line and transformer parameters further impact their reli
ability. It can be challenging to acquire precise information on the line 

Fig. 1. Inertia estimation classification.

Fig. 2. Structure of model-based inertia estimation method.
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conductance (G) and susceptance (B) values required to create the 
admittance matrix (Y = G+ jB). This data is frequently not readily 
available or may change with variations in system parameters, making it 
difficult to establish an exact admittance matrix, particularly in complex 
systems. Variations in system configuration or unmodeled system dy
namics can lead to errors in inertia estimation [34]. Accurately deter
mining the internal reactance of CIGs presents a challenge. The inertia 
response of Inverter-Based Resources (IBRs) differs fundamentally from 
traditional synchronous generation. These differences complicate the 
integration of IBRs into inertia models, resulting in inaccuracies in 
systems with high RES penetration [35]. These issues are encouraging 
researchers to use measurement-based approaches. Table 1 compares 

some model-based approaches and their features.

3.2. Measurement-based estimation

The measurement-based estimation methods offer advantages over 
model-based approaches by eliminating the need for complex system 
modeling [39]. They can estimate inertia for individual generators or 
the whole system, facilitating targeted control and protection strategies. 
A major challenge of inertia estimation methods that rely on measure
ments, especially when using PMUs in power systems, mainly centers 
around the difficulties in accurately estimating the RoCoF. Below are the 
main aspects to take into account: 

− Dependency on disturbance: Most traditional measurement-based 
inertia estimation techniques depend on large disturbances, such as 
load shedding or generator tripping events, limiting real-time 
monitoring. Additionally, identifying suitable disturbances for on
line estimation poses challenges, making it difficult to accurately 
assess disturbance size using only frequency data [40].

− Noise sensitivity: White noise, which may arise from multiple ori
gins, such as equipment, vibrations, electromagnetic interference, 
physical disturbances in the transmission lines, communication 
noise, and temperature changes, affects the quality of PMU mea
surements. Filtering methods like Kalman or low-pass filters are 
essential to maintain accurate inertia estimation results despite these 
influences [41].

− Utilization of generator terminal bus frequency: Because of the 
lack of accessibility to the rotor speed data, generator terminal bus 
frequency is employed as a representative of the rotor speed. As a 
result, it may affect the accuracy due to the differences between the 
terminal bus frequency and the actual rotor speed.

− Dependency on the number and location of PMUs: The optimal 
placement and number of PMUs have a significant effect on the ac
curacy of estimated inertia, which results from the quality of the 
collected data [42]. Some methods reduce frequency fluctuations at 
specific locations by averaging frequency measurements from PMUs 
[43].

− Dependency on size of measurement window: The accuracy of 
inertia estimation is influenced by the size of the measurement 
window. Larger windows capture more data but can cause processing 
delays, while smaller windows may miss important events. With the 
swing equation method, prediction errors above 10 percent can 
occur due to the challenge of determining the optimal window size, 
especially when inertia constants are typically unavailable [44,45].

− Time synchronization issues: To accurately calculate inertia, high 
sampling rates are required, which conventional SCADA systems 
cannot provide. This can be addressed by sourcing data from the data 
acquisition system of generators. However, in a large network, the 
sheer number of generators and the potential lack of time synchro
nization complicate reliable inertia calculations [40].

The measurement-based estimation methods are categorized into 
two main groups, which are discussed below.

3.2.1. Offline measurement-based estimation
Offline post-fault inertia estimation methods in power systems 

involve analyzing data from large frequency-disturbing events to esti
mate the total inertia of the system. Most of these approaches rely on the 
swing equation combined with processed PMU measurements to 
calculate the inertia constant. Although offline methods offer valuable 
insights for scheduling and planning, they are not suitable for preventing 
frequency events or ensuring real-time stability [6]. However, chal
lenges arise when estimating inertia in systems with low inertia and high 
RES penetration. The reliance on historical data from large disturbances 
limits continuous application, especially in systems with variable inertia 
levels. Estimating inertia is heavily dependent on major disturbances, 

Table 1 
Model-based inertia estimation methods based on the swing equation.

Implementation 
Method

Pros (✓)/Cons ( ×
)

Formulation Ref

R approach 
(accommodates 
only frequency 
dynamics)

✓Considered load 
frequency and 
PFC ✓Increased 
accuracy using 
filtering and curve 
fitting 
✓Applicable at 
any selected time 
with symmetric or 
antisymmetric 
range × Limited 
to frequency- 
based dynamics ×
Sensitive to noise 
in frequency 
measurements

2Hest
df(ts+1)

dt
= R(ts+1)Δ 

f(ts+1) − ΔPdist

[36]

V approach 
(considers only 
voltage dynamics 
behavior)

✓Suitable for 
systems where 
voltage control is 
a priority ✓Lower 
hardware 
requirements ×
Estimation errors 
increase with 
different load 
modeling from the 
method × Voltage 
measurements at 
all load buses may 
not be available ×
Method is 
effective when 
system loads 
match a constant 
current model.

Hest =
ΔPL(t) + ΔPdist

2
df(t)

dt

[37]

RV approach 
(includes both 
frequency and 
voltage dynamics 
in IE and is 
expected to be 
more realistic)

✓Various power 
changes from 
different sources 
can be captured ×
Efficient load 
models are needed 
for simulating 
system behavior 
during 
disturbances.

Hest =

R(ts)Δf(ts) − ΔPLV(ts) − ΔPdist

2
df(ts)

dt

[38]

Fig. 3. Structure of offline measurement-based inertia estimation.
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which may not occur frequently, limiting the analysis. [46]. In systems 
with high-RES penetration and Fast Frequency Regulation (FFR) ser
vices, rapid frequency changes make accurate RoCoF calculations 
difficult and affect the reliability of inertia estimation. Storing accurate 
data during frequency events may increase accuracy, but reliability 
depends on system conditions [17]. Fig. 3 depicts the structure of offline 
measurement-based post fault inertia estimation.

Previously, the inertia in power systems, such as the Nordic [47], 
Great Britain [48], Western Electricity Coordination Council [11], and 
Japanese power systems [10], was calculated based on the offline swing 
equation without considering RES integration. Reference [49] presents a 
power system inertia estimation method by analyzing power perturba
tions triggered by the flow switch on an HVDC interconnector. An 
energy-based estimation method is employed, allowing inertia calcula
tions from non-step power changes while addressing challenges of real 
data from Ireland’s all-island power system. The technique accounts for 
small frequency deviations, background load-demand variations, PMU 
measurement noise, and limited system information. In the method, it is 
needed to consider minor frequency disturbances, background effects on 
the load–demand balance, noise in PMU data, and the availability of 
system information. By integrating power over time to compute deliv
ered energy, the proposed method smooths signals. Subsequently, logic 
is applied to estimate the system frequency.

The main drawback of offline methods is their inability to provide 
real-time information on inertia before a disturbance. This makes them 
unsuitable for dynamic operations that require immediate adjustments 
to maintain stability, particularly in systems with high power- 
electronics-based generation, such as wind or solar power, which 
contribute inertia differently than synchronous machines [40]. The 
primary limitations of post-disturbance measurement-based inertia 
estimation methods include reduced accuracy due to dynamic system 
behavior, limited temporal resolution (30–60 min), dependency on 
system conditions and large disturbances, sensitivity to the location, 
size, and type of disturbance, lower reliability in the presence of FFR 
services, and the inability to provide continuous inertia estimation.

3.2.2. Online measurement-based estimation
Online or real-time measurement-based methods estimate inertia 

using PMU measurements of frequency and active power during dis
turbances, in contrast to post-fault methods, which rely on historical 
data from significant disturbance events. These real-time approxima
tions could offer closer real-time data regarding the system inertia. 
Estimating inertia in real time is difficult due to selecting appropriate 
disturbances and accurately determining their size using PMU mea
surements [17,20]. Challenges with this estimation method include 
inaccurate total system inertia estimation, prolonged time needed for 
inertia estimation, and heavy computational load caused by an extensive 
dataset. The mentioned offline and online measurement-based inertia 
estimation methods primarily rely on the swing equation, which in
corporates processed PMU measurements of frequency and active power 
or ambient data, as follows. 

a) Swing Equation-based Estimation

The swing equation-based online measurement estimation tech
niques consist of approaches based on transient frequency and swing 
equation deformation [50,51]. By tracking the interactions between 
variations in active power and following frequency variations during 
regular system operation, inertia is measured using transient frequency 
methods. In Ref. [52], researchers proposed an online disturbance-based 
inertia estimation method that improves upon traditional least squares 
methods by applying weights within the decentralized least squares 
estimation process. A least squares method using a swing equation is 
proposed in Ref. [53] to estimate area equivalent inertia based on PMU 
locations at boundary buses. The result shows that accuracy is good in 
the first few seconds following a perturbation, but for large-scale 

systems it decreases and depends on the number and placement of 
PMUs.

A proposed framework [14] employs PMUs during the transient 
period following a disturbance, in combination with the estimation of 
signal parameter via rotational invariance techniques signal processing 
method, to identify modal parameters. It addresses issues such as phase 
step errors by deriving an equivalent mode from multiple frequency 
components. Using an equivalent swing equation to emulate bus dy
namics, this approach enables reliable inertia estimation even in systems 
with a high share of power-electronic-interfaced renewable generation. 
Nonetheless, its reliance on precise mode identification and the 
increased computational time for higher model orders can challenge 
practical real-time application. In Ref. [54], the disturbance onset is 
detected using the Teager–Kaiser energy operator (TKEO) in the initial 
stage. This is followed by simultaneous estimation of the RoCoF and 
active power deviation amplitudes using first- and zero-order O-spline 
-based differentiators of the discrete-time Taylor–Fourier transform 
(DTTFT). Finally, the inertia is estimated by evaluating the amplitude of 
active power deviations and RoCoF via O-splines, with the optimal es
timate derived at the center of the 2-s window, 1 s after the disturbance. 
Although the method is practical, noise and discontinuities in the fre
quency data can impair the estimation of the RoCoF, which can be 
mitigated through polynomial fitting and filtering techniques [13,14].

Some methods combine elements of both transient frequency anal
ysis and swing equation deformation to enhance the accuracy and reli
ability of inertia estimation. For instance, Ref. [55] proposes a 
numerical-integration-based approach combined with streaming dy
namic mode decomposition (sDMD) to estimate both constant and 
time-varying inertia in non-synchronous devices. The swing equation is 
reformulated in an integration form to suppress noise and extreme 
sampling effects, enabling snapshots of power and frequency increments 
to be constructed. The sDMD then extracts and updates low-dimensional 
linear operators from consecutive snapshots, reconstructing the inte
grated swing equation to obtain instantaneous inertia. The method 
operates without hyperparameter tuning, requires minimal data storage, 
and demonstrates superior accuracy across diverse device types and 
control modes. The method in Ref. [56] integrates a low-order system 
frequency response model with a first-order turbine model. Signal pa
rameters are estimated using rotational invariance techniques. For 
initial parameter extraction from PMU measurements, a weighted 
nonlinear least squares approach is used to estimate system parameters 
such as inertia and the damping coefficient. It still needs a lengthy 
period of data and complex processes. Furthermore, inadequate gener
alizability might arise from transfer function approximations that are 
completely basic. RES integration causes rapid changes in power system 
inertia and challenges accurate estimation during large disturbances at 
different time intervals. To address this issue, inertia levels should be 
continuously estimated during normal operation, which allows TSOs to 
provide corrective solutions quickly and sustain a resilient and stable 
system [57]. 

b) Ambient Data-based Estimation

Real-time inertia estimation using existing approaches faces chal
lenges because it requires extracting oscillation modes from historical 
PMU data following a disturbance. On the other hand, these oscillation 
modes can be identified using PMU ambient data, which is a constant 
feature of the power system, even in the absence of disturbances. 
Ambient data captures natural, low-level fluctuations in the power 
system, including power and frequency variations measured in real time 
[58,59], as well as bus voltages and line currents [60]. These fluctua
tions arise from random load changes or minor disturbances, excluding 
significant events like faults or major outages. Inertia can be effectively 
tracked through ambient measurements not only to post-frequency 
disturbances but also while the system is operating normally. There
fore, the TSOs can calculate the amount of time they have to implement 
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frequency response before surpassing allowed frequency limits and 
experiencing power outages or additional disturbances. This indicates 
that the fast-acting reserve amount can be determined and assigned for 
each region of the power grid, with specified response time criteria [61,
62].

System identification methods such as state-space models [44,63], 
transfer functions [64], auto-regressive moving average exogenous 
(ARMAX) model [61], grey box transfer function model [65], and Iter
ative Equation Error model [66] are used to estimate the system model 
using data from PMUs as inputs and outputs. Fig. 4 shows the structure 
of online measurement inertia estimation. These methods require a 
proper data window length to accurately estimate the system model and 
extract the inertia value.

Several researchers have conducted research on inertia estimation 
methods based on ambient data. The inertia constant, as defined by the 
oscillation modes, is derived from the transfer function representing the 
oscillatory characteristics of a generator operating under normal exci
tation circumstances: 

H=K0
(
1 − ζ2)f − 2

d (10) 

K0 =ω0 Pe0 cot δ0
/ (

8π2) (11) 

where K0 is the steady-state coefficient, Pe0 is the steady-state electrical 
power, ω0 is the rated rotor speed, δ0 is the steady-state rotor angle, and 
fd and ζ are the oscillation frequency and damping ratio, respectively.

Once the synchronized ambient data reveals the oscillation modes, 
the inertia can be estimated based on directly measured or calculated 
steady-state variables Pe0 and δ0 by a PMU [32]. An online estimation 
method is developed in Ref. [62] to calculate the effective inertia of 
regional power areas, but it is limited to an equivalent two-machine 
system. This method adopts the values of inter-area oscillation modes 
derived from ambient data on voltage and current at the boundary buses 
connected to the critical cut set. The aggregated SG power angle δASGi is 
estimated, and the modes are extracted from the measured ambient data 
of the frequency of each area. After determining the mathematical 
relationship between HASG1 and HASG2 based on the derived modal in
formation, the equivalent inertia using the equivalent power angle, 
modal frequency, and damping extracted. Finally, the effective inertia of 
the relative area is calculated from: 

Heff =
HASG1 . HASG2

HASG1 + HASG2

(12) 

where HASG1 and HASG2 are the estimated inertia constants of the area 1 
and area 2, respectively, in seconds. The covariance matrix of ambient 
measurements is proposed in Ref. [60] to align data with traditional SG 
modeling, allowing the estimation of both real inertia from SGs and VI 
from converter controllers. This mimics synchronous machines and 
predicts grid-following converters droop, emulating swing equation 
damping. Nevertheless, an optimal strategy is essential for identifying 

the placement of PMUs to gather ambient data. The ability of the method 
to withstand imperfect measurements and the impact of errors have not 
been addressed. In Ref. [57], an inertia estimation method is proposed 
for the Japanese power system, using PMU background signals without 
needing prior knowledge of RoCoF, disturbance sizes, and load/RES 
conditions on both the generation and demand sides. This method uti
lizes the background signals of PMUs through three key factors: the 
extracted proportions of the frequency response, inter-area oscillation, 
and synchronizing power based on small-signal stability. However, this 
method does not apply to VI from CIG.

A key challenge in leveraging continuous ambient data for real-time 
inertia estimation lies in detecting the subtle frequency deviations 
caused by minor power imbalances. These deviations are often smaller 
than the background oscillations inherent in the system, making it 
difficult to reliably distinguish them as true inertia-related frequency 
responses [40]. Tables 2 and 3 provide a summary of the model types, 
investigated techniques, and pros, as well as cons of the previously 
mentioned model-based and offline and online measurement-based 

Fig. 4. Structure of online measurement inertia estimation.

Table 2 
Offline post disturbance measurement-based inertia estimation methods.

Implementation 
Methods

Area Pros (✓)/Cons ( × ) Formulation Ref.

A modified Detrended 
Fluctuation Analysis 
identifies event type 
and start time, with 
inertia estimation via 
RoCoF in a 500 ms 
sliding window.

T ✓Robustness to non- 
stationary data ×
Dependency on the 
location of PMUs, the 
time and size of 
Disturbance, and the 
system loading 
conditions × based 
on the simplified 
swing equation ×
neglecting the 
impact of load 
frequency, voltage 
dependency, and the 
SGs control loops

df
dt

=
ΔP
2H

*f0
[71]

Using the frequency 
spectrum to analyze 
the RoCoF 
calculations from 
PMUs over 500 ms 
and applying the 
equivalent swing 
equation

R ✓Improving 
accuracy in detecting 
disturbances ×
Regional estimation 
methods are 
inadequate for 
accurately 
estimating the COI 
frequency × The 
impact of PSS has not 
been evaluated.

Mj =

ΔPj

(
fsj
)

dfj
dt

-ΔMj

[72]

Note that: T is Total and R is Regional.
Mj = 2 HjSj, where Mj is the angular momentum (MWs), Hj and Sj are the inertia 
constant and the total generated power of an area j.
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estimation methods. 

c) Artificial Intelligent-based Estimation

Progress in PMU-based wide-area measurement systems has made 
data-driven methodologies a viable alternative to traditional approaches 

[67]. These methods possess notable features like learning and predic
tive capabilities, effectively mapping the relationships between power 
system parameters (input) and inertia estimation (output). Innovative 
Machine Learning (ML) approaches, such as the Long Short-Term 
Memory Recurrent Convolutional Neural Network (LRCN) and Graph 
Convolutional Network (GCN) [9], utilize ambient data from optimal 

Table 3 
Online measurement-based inertia estimation methods.

Implementation Methods Area Pros (✓)/Cons ( × ) Formulation Ref.

Estimation based extended Kalman filter 
using swing equation

T ✓Effectively handle non-linearities ✓Sensitivity analysis × The method is 
more sensitive to time of disturbance × RESs VI effects have not been 
considered × Voltage and frequency control systems have not been 
considered × Dependency on disturbance

x̂−

k = f
(
x̂−

k− 1,uk,0
)
=

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

δk− 1 + (⍵k− 1 − ⍵0)⍵BΔt

⍵k− 1 +
Δt
2H

⎡

⎢
⎢
⎣

EVk

Xd
sin(δk− 1 − θk− 1)−

D(⍵k− 1 − ⍵0)

⎤

⎥
⎥
⎦

Hk− 1

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

[73]

Sliding window inertia estimation based 
on swing equation

R ✓Robust against measurement noise ✓Reduces false detections ×
Dependency on disturbance onset × Loss of precision due to inherent 
phase-step error

H =
0.5(P1 − P2)

(R2 − R1)

[74]

Using ARMAX I ✓Estimates inertia from ambient data × the inertia tracking trajectory 
could not be provided in real-time ×
only synchronous units have been considered

MSk = −

∑N
i=0 1/hii(0)

∑N
i=0 hki(0)/hii(0)

[61]

Using the simplified first-order ARMAX 
applied to Ambient data

T ✓Independence of RES penetration level × Efficiency depends on 
disturbance location × Dependency of window length on the number of 
areas, adopted control systems, and noise level

H = −
1

2Br

[75]

ARMAX model I ✓Robust to noise ✓Low computational complexity × Disturbance onset is 
needed to isolate the inertia response of SG from other dynamics.

H = −
1

2Br

[76]

Closed-loop micro-perturbation method 
(MPM)

T ✓Handles time-varying inertia × Precise estimation requires well- 
designed probing signals, complicating implementation × High detection 
signals are needed for a reliable signal-to-noise ratio, impacting system 
security × Micro perturbations disrupt frequency response

Δ⍵ =
1

2Hs + D
(ΔPm − ΔPe)

[64]

Adoption of inter-area oscillation mode 
values from ambient data

R ✓RoCoF and total active power deficit, which are difficult to obtain in 
practice, are unnecessary in the suggested model × Inter-area oscillation 
not always present

HASGi = − Re

{λDASGiφδi +
∑

jKsijφδi

λ2φδi

} [62]

An ambient modal approach, based on 
the frequency and damping ratio 
modes

I ✓Using ambient data to estimate online inertia under normal conditions 
× Accuracy issues due to measurement errors × Not reliable for online 
estimation with a long execution time for large network models.

H = K0
(
1 − ξ2)f − 2

d k0 =

ω0Pe0 cot δ0 /
(
8π2)

[32]

Decentralized data-driven inertia 
estimation using an Adaptive 
Unscented Kalman Filter

I ✓Prevent communication failure in the decentralized method × Method 
limited to SGs, unable to extract useful info from ambient measurements

⍵k − ⍵k− 1 =
⍵sΔt

2Hk− 1
×

(

Pe0 −
Eʹ

k− 1Vt,k

x́eq
sin(αk − θk)

)

[28]

Note that: I is Individual.
P1, P2, R1, R2 are four smoothing filters applied as sliding data windows, where P represents active power and R denotes the frequency derivative. Subscripts denote the 
first and second windows.
MSk is the system inertia, N is the number of total areas, hki(0) is the response of the ith output of the MIMO.
system at time t = 0 to a unit impulse in the kth input, the sum of 1/hii(0) value corresponds to the system COI frequency.
Br is the numerator coefficient of the first-order reduced continuous-time transfer function; it has units of seconds and is numerically equal to the inertia constant H. 

Ks =
∂Pe

∂δ 
is the matrix of synchronizing power coefficients, φδ is the angles mode shapes, DASG is the damping coefficient of the aggregated synchronous generators, and 

λ is the eigenvalue of the system state matrix.

Fig. 5. Structure of online inertia estimation based on ML method.
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multi-node PMUs to enhance inertia estimation. Additionally, a wrapper 
feature selection algorithm improves feature combination efficacy. In 
Ref. [25], a method for continuous online inertia estimation uses 
changes in electrical and kinetic energy influenced by control systems 
like governors, which are explored through the Q-learning technique. A 
Deep Neural Network (DNN)-based approach in Ref. [68] estimates 
minimum inertia demand while considering frequency security con
straints such as RoCoF and maximum frequency deviation, using oper
ational state parameters as offline training data. The authors in Ref. [69] 
apply a Convolutional Neural Network (CNN) and utilize spectral 
analysis of voltage measurements to optimize frequency bands without 
manual feature selection, highlighting the importance of accurate input 
feature selection to prevent bias and errors [70]. Fig. 5 illustrates the 
structure of online inertia estimation using ML methods.

Moreover, neglecting to account for operating conditions across 
specific frequency bands in the training set can lead to inaccurate pre
dictions, particularly when new devices are integrated into the system. 
Table 4 summarizes the key ML-based approaches for inertia estimation, 
highlighting their strengths and limitations in handling the complexities 
of modern power systems, particularly those with high renewable en
ergy integration.

Recent advances in ML techniques have shown tremendous potential 
towards power system inertia estimation. Nevertheless, there is limited 
extensive practical verification using real operational data. To provide 

some illumination to this issue, the current research incorporated a 
focused literature review to present an overview of prominent ML-based 
inertia estimation approaches and indicate their validation procedures 
and datasets. Table 5 presents a comparative summary of these methods, 
classified by validation type: real PMU measurements, hardware-in-the- 
loop tests, or simulation records only. The summary highlights the 
disparity between mathematical developments and practical de
ployments, underlining the need for greater real-data validation in 
current research.

Table 5 provides a concise overview of some of the recent ML-based 
inertia estimation methods, describing their key algorithmic approach, 
input parameters, and testing ranges. A distinction is made between 
methods validated solely on simulated data, those tested against small- 
scale PMU records, and the few compared with actual operational re
cords. In practice, this summary benefits both system operators and 
researchers by clearly indicating which ML methods have reached the 
deployment stage and which remain at the proof-of-concept phase. 
Notably, although some approaches (e.g., Switching Markov Gaussian 
Models optimized for the UK grid [43]) have achieved low estimation 
errors for specific applications, most methods are still required to be 
validated across a broad set of operating conditions. This highlights the 
necessity for more work towards large-scale field testing using actual 
PMU data.

Table 4 
Inertia estimation based on ML methods.

Methods Key Features Advantages Disadvantages Ref

LRCN & GCN Utilization of LRCN for temporal behavior of time-series data 
processing and GCN for spatial data analysis from multi-node 
PMUs.

Efficient mapping of system 
parameters to inertia estimates.

Difficulty in capturing long-range spatial 
relationships in GCNs due to data diffusion 
across layers

[9]

Q-learning & 
Ambient Data

Continuous inertia estimation under ambient conditions, using 
Q-learning to analyze mechanical power fluctuations and 
correct inaccurate estimates.

It does not need a separate training 
phase, that is useful for online 
applications.

Does not account for VI. [25]

DNN-Based 
Inertia 
Estimation

Estimation of minimum inertia demand based on frequency 
security constraints like RoCoF and maximum frequency 
deviation by using offline trained DNN.

Can map non-linear relationships in 
the system.

Requires extensive offline training data and 
may be limited by the operational state of 
the system.

[68]

CNN for Inertia 
Estimation

Use of spectral analysis of voltage measurements from IBR- 
dominated grids to continuously estimate inertia.

Automatic feature selection, no 
need for manual feature extraction.

Limited ability to generalize across different 
configurations and lack of transparency in 
predictions.

[69]

Table 5 
Summary of ML-based inertia estimation methods and their validation scope.

ML Methods Real-world Data Used? Accuracy Limitations/Disadvantages Ref

Switching Markov Gaussian 
Model (Unsupervised ML)

Yes - 2 consecutive years of UK PMU 
historical data (half-hourly avg) 
(Ambient data)

Minimizing mean squared error (MSE) <

0.1 s2 for 95 % of daily estimates; robust 
to up to ~2 h data loss

SMGM is valid for real-time inertia estimation 
only in normal conditions; the historical 
dispatch information is only available at 5 min 
Intervals; it does not consider CIG or load-side 
inertia.

[43]

LRCN (temporal) + GCN 
(spatial)

No — IEEE 24-bus system (Ambient 
data)

Achieved ~97–98 % accuracy in 
simulations

No validation on real PMU data; sensitive to 
features extracted and number of PMUs; it does 
not consider CIG or load-side inertia

[9]

CNN + spectral analysis No — IEEE 39-bus comprising SGs, static 
compensators and CIG (Ambient data)

Mean absolute percentage error equal to 
1.79 %

No field PMU validation; only synthetic testing; 
it does not consider CIG or load-side inertia

[69]

Q-learning RL + energy 
variations

No - IEEE 39-bus (Ambient data) Prediction errors of less than 10 % No validation on real PMU data; it does not 
consider CIG or load-side inertia.

[25]

Multi-head GAT No — IEEE 24-bus system (Probing 
signal)

The presented model achieved 15.63 % 
and 31.7 % in MSE compared with GCN 
with/without considering noise

No real PMU usage; it does not consider CIG or 
load-side inertia.

[77]

Residual neural network 
(ResNet)

No — IEEE 39-bus (Disturbance) Absolute prediction errors of less than 5 % Small datasets; no real PMU usage; it does not 
consider CIG or load-side inertia.

[78]

Dual-stage hybrid deep 
learning method combined 
with hybrid networks

No - IEEE 39-bus + IEEE 68-bus system 
(Ambient, disturbance)

Average MSE is less than 3.5 % No real PMU usage; it does not consider CIG or 
load-side inertia.

[79]

Multivariate Random Forest 
Regression (MRFR)

Partial — ERCOT 6102-bus power 
system + U.S. WECC system + CURENT 
Hardware Testbed (Ambient data)

Absolute prediction errors of less than 5 % Limited real-world deployment; it does not 
consider load-side inertia

[80]

MRFR FNET/GridEye measurements and the 
WECC system (Ambient data)

The average and maximum error is lower 
than 4 % and 9 %, respectively.

It does not consider CIG or load-side inertia. [67]
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3.3. Forecasting-based estimation

Given the immediate and transient character of the inertia reaction, 
system operators must quickly address inadequate levels of the system 
inertia response to avoid major losses. In order to secure an adequate 
supply of fast frequency reserves, adjust the system inertia level in an 
appropriate proportion, or mitigate the potential for the largest loss, it is 
essential that the system operators have a precise estimation of the 
inertia that will be available in the future. This estimate assists them in 
the planning for necessary reserves and operation of power systems [6,
51]. Within periods of low load, forecasting kinetic energy could play an 
important role in determining whether the system has sufficient spin
ning mass for the upcoming operational period. During these periods, 
real-time estimation could be a vital tool for managing unanticipated 
events. Consequently, the potential to predict the system kinetic energy 
should be explored [81].

A number of prediction models, including time series models, 
probabilistic inertia forecasting models, linear regression models, and 
models based on Artificial Neural Networks [82–84], have been devel
oped for the purpose of forecasting inertia. The input data required for 
inertia forecasting includes forecasted load, renewable energy avail
ability predictions, and the operational status of generating units 
(on/off) within the unit commitment schedule. Fig. 6 shows the main 
process of forecasting inertia for the day ahead.

However, due to the dynamically changing nature of the contem
porary electrical grid, these methods of estimating inertia are continu
ously evolving. Forecasting inertia in ERCOT is based on physical 
models using the online status of generators in transmission as follows 
[15,83]: 

EI,G
t =

∑

i
Hi.PG,C

i .Ki,t (13) 

where i is the number of generators, Ki,t is the status of generator in time 
of t, PG,C

i represents the generating capacity, and Hi is the inertia con
stant. However, TSOs do not always have access to the expected states of 
generators prior to real-time operation. The statuses can be influenced 
by energy markets such as day-ahead and intraday markets, as well as 
generator bids and expected energy demand. Some factors that affect 
inertia forecasting present the challenges [84,85], including 
weather-dependent RESs generation, load variability, generator failures, 
maintenance schedules, market forces, and strategic behavior of 
generators.

3.4. Inertia contribution of the demand side

Unlike the generation side, the demand side has historically been 
passive, merely consuming electricity. However, recent advancements 
suggest it can play an active role in grid stability, including inertia 
provision. Authors in Ref. [86] evaluate the contribution of the demand 
side to system inertia in the Great Britain power system using historical 
frequency outage data. By isolating the generation contribution and 
utilizing the power/frequency ratio (K) as an indicator of additional 
inertia from spinning reserve, the study reveals that the demand side 
contributes an average inertia constant of 1.75 s, representing 20 % of 
the total system inertia (Esys). The demand side inertia (Edem) is esti
mated by subtracting the generation side inertia (Egen) from the total 
system inertia (Edem = Esys − Egen). The generation inertia is further 
refined by considering a correction factor (αK) based on the power/
frequency ratio (Egen = Egen,output +αK). This demand-side inertia, pri
marily supplied by synchronous and asynchronous (induction) motors in 
industrial and commercial loads, and is becoming increasingly 
non-supportive in low-inertia power systems with the growing use of 
variable frequency drives, which disconnect motors and reduce their 
inertial response. Understanding and quantifying demand-side inertia is 
crucial for future frequency control and the potential development of 
inertia markets, especially with the increasing penetration of non-inertia 
providing renewable energy sources. For a real case (Flensburg 
blackout), the range of the inertia constant is determined by categoriz
ing power consumers into private households, retail businesses, com
merce and industry businesses (the categories have been done by the 
German Association of Energy and Water Industries and transformer 
stations location) based on calculations that use power demand and 
apparent generator power [87].

The total inertia in formulation (7) can be extended as in (14), 
including the contribution of load inertia [87]: 

Hsys =

∑
Hgen,i⋅Sgen,i
∑

Sgen
+

∑
Hload,i⋅Sload,i
∑

Sload
(14) 

To calculate the inertia constant of loads in a power system when 
their apparent power is unknown, two methods are proposed in 
Ref. [87]. The first approach computes the load inertia constant 
Hload,P dem using the overall system demand, as given in Equation (15), 
and applies this to district-level calculations with the kinetic energy of 
the district Ekin,district and demand Pdem,district. The second method derives 
the load inertia constant Hload,S gen by leveraging the total apparent 
power of all connected synchronous generators, as shown in Equation 
(16), and can also be used per district with the kinetic energy of district 
Ekin,district and the apparent power generators Sgen. This latter method 
provides a clearer view of the power consumers’ inertia contribution to 
the total system inertia. 

Hload,Pdem =
Ekin,load

Pdem
(15) 

Fig. 6. Structure of forecasting inertia.

Table 6 
Summary of the contributions of load inertia constants.

Category Hload,Pdem ,district (s) Hload,Sgen ,district (s)

Private households 0.74–4.24 0.05–0.19
Retail businesses 0.09 0.01
Trade, commerce businesses and industry 0.44–0.66 0.05–0.15
Industry 0.51 0.17
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Hload,Sgen =
Ekin,load

Sgen
(16) 

The total kinetic energy contributed by power consumers accounts 
for 21.21 % of the total stored kinetic energy in the system. Table 6
shows the inertia contribution per district from each power consumer 
category, calculated using formulations (15) and (16), with the 
maximum inertia constant observed in private households.

Ref [88] investigates and quantifies the potential for virtual inertia 
from the load side using voltage-dependent loads integrated with elec
tric spring (ES) technology in an isolated microgrid scenario with CIGRE 
European benchmark. The analysis demonstrates that these smart loads 
(SL), operating within a ±5 % voltage tolerance, can effectively provide 
virtual inertia. According to U.K. National Grid frequency requirements, 
the ES-based impedance type smart load can achieve an inertia coeffi
cient of up to 2.5 s (for power exponent np = 2) relative to their load 
power rating. Inertia values peak during winter nights due to electric 
heating demand, and reach their lowest in summer when domestic 
power consumption and power-voltage sensitivity are low. For most of 
the day, smart loads can supply about 1.3 s of additional virtual inertia.

Accurate estimation of load inertia is crucial for assessing its 
contribution to system stability. Recent methodologies include using 
ambient measurements from synchrophasor technology, which allows 
for real-time monitoring time-varying inertia of the composite load 
model of WECC without requiring disturbances [89].

3.4.1. Inertia contribution of the electric vehicles (EVs)
In recent years, EVs have been increasingly integrated into power 

systems as flexible loads to support the balance between generation and 
demand [90]. While unmanaged EV charging can exacerbate frequency 
deviations, EVs equipped with bidirectional chargers under V2G tech
nology [91], EVs are capable of rapidly injecting or absorbing excess 
power, offering significant potential for enhancing frequency regulation 
and overall system stability [92]. By applying virtual synchronous ma
chine (VSM) or VSG control through the AC/DC bidirectional converter, 
EVs can emulate virtual inertia, damping, and excitation characteristics, 
allowing them to serve as flexible buffers between the grid and the ve
hicles. This approach supports frequency regulation, mitigates rapid 
frequency fluctuations, and enhances dynamic stability, while also 
reducing the negative impact on EV charging during sudden frequency 
disturbances [90,93,94]. In Ref. [94], frequency stability in isolated 
grids with high renewable energy penetration is improved by inte
grating VSM control into EV charging infrastructure, including charging 
stations (CSs) and battery swapping stations (BSS), enabling EVs to 
actively contribute to grid frequency regulation. It introduces a 
two-stage frequency regulation strategy: a day-ahead scheduling model 
that optimizes generation and EV dispatch to reduce costs, and a 
real-time control stage that uses a consensus algorithm to dynamically 
allocate power adjustments among participating units in response to 
real-time frequency deviations, enabling rapid and coordinated actions 
to maintain system stability. The formulation for VSM inertia is given as 
follows: 

J
dω
dt

=
Pm − Pe

ω − D
(
ω − ωg

) dδ
dt

=ω − ωg (17) 

where J represents the rotational inertia D denotes the damping coeffi
cient. ω refers to the virtual angular frequency, which remains close to 
ω0 because frequency fluctuations are relatively small. ωg denotes the 
measured angular frequency. The mechanical and electromagnetic 
power for the converter can be considered as: 

Pm =Pref − Kf
(
ω0 − ωg

)
Pe =

E − Vg

Xf
δ (18) 

where Pref , E, and Vg represent the rated power of the VSM, and the 
voltages of the converter and the point of common coupling, respec

tively. Kf denotes the droop coefficient of the primary frequency control. 
The presence of the filter circuit introduces a line impedance, Xf , which 
corresponds to the reactance of the filter. δ is the power angle difference 
between the VSM and the power system, which is small [94]. An 
adaptive virtual inertia in multiple CSs for inertia supporting power is 
proposed in Ref. [95]. The initial inertia value Ji,0 of CS VSG is: 

J2
i,0 =4Γi(DiΔωi − ΔTi) (19) 

Γi = ksΔωi + ka

∑n

j=1
aijΔωij (20) 

where Γi represents the adaptive virtual inertia component, Di is the 
virtual damping coefficient, Δωi is frequency deviation, ΔTi is the 
electromagnetic torque imbalance, ks and ka are the adaptive adjustment 
factors associated with the adaptive virtual inertia, Δωij is the frequency 
deviation between neighboring CS VSGs, and the index i denotes i-th CS 
VSG. A synthetic inertia power-sharing method using V2G and bidirec
tional EV chargers is represented in Ref. [96] to mitigate the dynamic 
effects of high RES penetration and non-synchronous generators. The 
formulation for emulated synthetic inertia is defined as follows: 

ΔPEV syn =
Jsys.s + Dsyn

1 + TI
.Δf (21) 

where Jsys and Dsyn are two parameters of the virtual rotor component: 
the synthetic inertia constant (s) and the synthetic damping constant (s), 
respectively. TI is the time constant of an inverter unit (s), Δf is the 
frequency deviation of the system (Hz), and ΔPEV syn denotes the change 
of synthetic inertia power from V2G system (p.u.). Accurate real-time 
estimation of virtual inertia enables EVs equipped with bidirectional 
charging and participating in V2G to dynamically adjust their response, 
optimize power exchange, and provide timely frequency support. This 
capability not only enhances grid stability but also ensures efficient 
utilization of EV battery resources while meeting user charging re
quirements.

4. Practicality and implementation for inertia estimation

Many projects conducted by research institutes or TSOs have worked 
on inertia estimation and monitoring in recent years, such as EPRI, 
NREL, NERC, ORNL, ENTSO-E, POSOCO, ARENA, and NESO [15,34,35,
40,97–101]. The methods they used are explained as follows. 

A. National Renewable Energy Laboratory (NREL)

A novel multivariate linear regression method is proposed in 
Ref. [34] for real-time inertia and frequency response estimation using 
probing signals. The advantage of this method is its ability to estimate 
inertia in real-time, even with high levels of IBRs, which traditionally 
reduce system inertia. By integrating the probing signal with a multi
variate regression model, the method accounts for multiple frequency 
response mechanisms acting within the same time frame. While the 
approach is effective in dynamic systems, its accuracy depends heavily 
on the quality of the probing signals and the system response charac
teristics, which may vary with changing grid conditions. For modeling of 
IBR frequency response, Pm has not been considered constant in Eq. (2)
due to the fast frequency control of GFM and is modeled as follows: 

Pm(t)=Pm(0) −
K
2π [ω(t) − ω(0)] (22) 

where K demonstrates the aggregated droop constant in the inertial time 
interval, Pm(0) = Pe(0)+ D.ω(0), and Δω(t) = ω(t) − ω(0). To reduce 
the effect of noise measurement, the following equation is derived: 

2H
Sn

ωn
Δw(t)+

K
2π

∫ T

0
Δw(t) dt +

∫ T

0
ΔPe(t)dt = 0 (23) 
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where T indicates the inertial response during measuring data. A prob
ing signal-based with 1-MW Hann signal during is injected into the 
power system through an inverter to estimate inertia: 

Pprobe(t)=

⎧
⎨

⎩

cos2
(

t − 1
2

π
)

0 ≤ t ≤ 2

0 else
(24) 

where Pe is equal to − Pprobe during the probing signal injection. The 
probing signal method showed a high correlation with actual system 
inertia values, with an error margin ranging from 1 % to 5 % under 
stable conditions. 

B. North American Electric Reliability Corporation (NERC)

The four-stage method for determining and managing system inertia, 
as proposed by NERC [101], begins with calculating the minimum 
synchronous inertia for a given hour in a year by summing the individual 
inertia values of all online generators. This inertia is then assessed for its 
adequacy to handle contingencies, with the RoCoF calculated based on 
the system loss of generation/load and minimum kinetic energy. The 
formula for RoCoF without a load damping constant (D) is: 

RoCoF=
ΔPMW

2.KEmin

.60 Hz
/

s (25) 

where ΔPMW represents the loss of generation/load and KEmin is the 
minimum kinetic energy. For systems where load damping constant is 
available, RoCoF is modified as: 

Δf0.5 =
ΔPMW

D.Pload

⎛

⎝1 − e

(

−
0.5+D. Pload

2.KE(t)

)
⎞

⎠ (26) 

Stage 2 involves verifying the actual lowest achievable inertia from 
sources like must-run units and nuclear plants, ensuring it meets or 
exceeds the minimum inertia obtained from Stage 1. Stage 3 tracks 
system inertia trends, forecasting the future based on historical data, 
which emphasizes continuous monitoring when the system operates 
near minimum inertia. Stage 4 offers mitigation strategies such as 
bringing additional SGs online, including inertia as a constraint in the 
unit commitment framework, installing synchronous condensers, and 
utilizing synthetic inertia from wind turbines to prevent issues related to 
low system inertia. 

C. Australian Renewable Energy Agency (ARENA)

This report, presented in Refs. [97,98], details the use of extensible 
measurement units (XMUs) deployed across various regions to capture 
inertia data. The method involves injecting modulation signals from a 
battery energy storage system (BESS) into the grid and analyzing the 
system response to estimate total and regional inertia. The focus is on 
the discrepancies between theoretical and measured inertia values and 
the operational value of measuring inertia using real-time data with a 
confidence range of approximately 10 %, a significant improvement 
over traditional theoretical or event-based estimation methods. During 
the testing period from June to September 2023, a total of 1078 mea
surements were collected, and the results showed that the measured 
system inertia was, on average, 38 % higher than AEMO theoretical 
estimates. The measured inertia exhibited significant variability, with an 
upper bound that was 14.2 % higher and a lower bound 10.9 % lower 
than the actual measurements, suggesting a relatively accurate estima
tion process with some fluctuations. However, the reliance of the 
method on the deployment of multiple XMUs and the continuous 
monitoring required may involve significant infrastructure costs. 
Furthermore, the measurement is sensitive to the quality of real-time 
frequency data, and in regions with low renewable penetration or less 

demand, the system inertia contributions may be more difficult to 
measure with precision. 

D. Power System Operation Corporation (POSOCO)

The online inertia estimation method adopted by the National Load 
Dispatch Centre in India [40] begins by collecting generator ratings and 
their inertia constants as input. It initializes a counter to assess each 
generator’s output and circuit breaker status. Generators producing over 
10 MW with closed breakers have their kinetic energy estimated based 
on inertia and MW rating. Those with lower outputs or open breakers 
contribute no inertia. The total system inertia is calculated by summing 
the kinetic energies of all active generators. This estimated inertia is 
then validated against values obtained from frequency disturbances, 
leading to potential adjustments in online estimation. The approach 
facilitates continuous real-time monitoring of system inertia, which is 
essential for grid stability management and is fairly easy to implement 
due to its reliance on existing SCADA data. However, assuming similar 
inertia constants for generators lacking data may cause inaccuracies, 
particularly if their designs or operations vary significantly. The accu
racy of the method relies on frequency disturbances; rare or minor dis
turbances may lead to less accurate system inertia estimates. 

E. European Network of Transmission System Operators for Electricity 
(ENTSO-E)

The ENTSO-E in Refs. [15,35] emphasizes simulation-based methods 
for estimating the future kinetic energy of generators that are synchro
nously coupled to the system, either by using output power exceeding a 
threshold value or circuit breaker position as an indicator. Nevertheless, 
the impact of load inertia is disregarded in this assessment. This report 
explores inertia estimation using frequency deviations from specific lo
cations, such as the center of inertia (COI). The advantage of using the 
COI for inertia estimation is that it provides a centralized measure of 
system frequency, making it useful for large, interconnected grids. 
Nonetheless, accurately determining the COI frequency can be chal
lenging because frequency readings from all the preferred locations 
might not be accessible. A simulation model was used to assess kinetic 
energy variations under different future scenarios (2020 and 2025). This 
model incorporates factors such as market simulations, varying RES 
infeed, and HVDC links, which influence the system inertia levels. The 
model is designed to provide short-term forecasts and real-time assess
ments of system inertia, facilitating better planning and operational 
responses. The main advantage of these methods is their adaptability to 
different system conditions, including the integration of synthetic 
inertia. However, their reliance on simulation models can limit their 
accuracy in real-time applications, particularly when forecasting 
long-term system behavior under changing generation mixes.

5. Implementation challenges for real-time inertia estimation 
tools

Integrating real-time inertia estimation into grid operations involves 
more than just creating accurate algorithms; it also requires addressing 
several technical, operational, and institutional challenges. Weaknesses 
in measurement and communication systems, increased exposure to 
cyber-attacks, and strict regulations all add to the difficulty. Incomplete 
observability caused by the limited number of PMUs further reduces the 
reliability of estimation. Together, these issues reveal a clear gap be
tween ongoing research and its practical application in control centers. 

• Data Latency and Synchronization

PMUs generally provide measurements at 30–60 samples per second, 
much more quickly than traditional SCADA systems. End-to-end latency 
from PMU to control-room processing tends to vary from tens of 

A. Mehrzad et al.                                                                                                                                                                                                                               Renewable and Sustainable Energy Reviews 226 (2026) 116246 

11 



milliseconds to even some seconds due to network delay and data ag
gregation behavior, such as waiting for outlier packets prior to releasing 
synchronized data [102,103]. For real-time inertia estimation to be 
effective, especially in the case of high-rate frequency control, such la
tencies can be detrimental to responsiveness and accuracy. Although 
existing methods allow for sub-microsecond latency measurement in 
testbeds [104], applying such solutions to operational control center 
networks requires specialized communications hardware and careful 
co-design of latency-aware data pipelines. 

• Cybersecurity Vulnerabilities

Utilization of PMU data for real-time inertia estimation makes us 
vulnerable to cyber-attacks through time-synchronization attacks 
(TSAs) and false data injections (FDI). TSAs such as GPS spoofing have 
the potential to alter the timing of PMU measurements, resulting in 
significant estimation errors, without being detected by traditional bad 
data detection methods [105]. Additionally, low-inertia high-
penetration power systems that include inverter-based resources present 
ever more vulnerable targets for stealthy cyber-attacks like FDI or 
man-in-the-middle (MITM) that can modify measurements in a way 
evading traditional detection algorithms [106]. Mitigating these threats 
involves multi-layered cybersecurity measures incorporating encrypted 
data transfers, network segmentation, anomaly detection, and secure 
time synchronization protocols a non-trivial undertaking for control 
centers with legacy infrastructure constraints. 

• Regulatory and Policy Framework Constraints

The incorporation of real-time inertia estimation into control oper
ations could be in conflict with current regulatory and operational 
procedures. Control centers work under strict regulations, and the in
clusion of automated inertia-calculation equipment could require 
changes to dispatch procedures, training for operators, and potentially 
the market rules that govern grid reliability. Although associations of 
the industry (e.g., ISGAN) welcome the prospect that synchrophasor 
applications may change, there remains a “confidence gap” between 
offline analytical use and application in mission-critical control opera
tions [102]. This gap must be filled with coordination among vendors, 
system operators, and regulators to harmonize reliability norms, data 
sharing policy, and operational preparedness in anticipation of 
inertia-based decision-support tools. 

• Computational Scalability and Hardware Constraints

To maintain such ML-based inertia estimators, particularly deep 

learning models or reinforcement-learning agents, in real time necessi
tates aggressive computations. The majority of control centers are con
structed atop legacy hardware that isn’t intended to handle low-latency 
inference. There is some evidence from comparable real-time estimation 
tasks (for example, state estimation with deep unrolled neural networks) 
that running such models in real time can flood standard control-center 
hardware with no hardware acceleration [107]. Hence, achieving 
working deployment may be at the expense of such upgrades as edge 
processors, GPU-enabled servers, or compression of models for specific 
models—increasing cost and complexity in infrastructure. With no up
grades, computational overhead would nullify ML-based estimation’s 
responsiveness advantage and result in lagging or stale inertia estimates 
with diminished effectiveness for control decisions. This tradeoff calls 
for co-design of both ML models and deployment platforms that will 
deliver accuracy and efficiency. 

• Adaptability of Evolving Grid Conditions

Power grids are increasingly variable with the increased presence of 
inverter-based sources, fluctuating load patterns, and dynamically 
changing network conditions. Historical or simulated data-trained ML 
models may deteriorate with changing system dynamics. ML-based 
inertia estimation literature identifies the importance of adaptability 
and resilience under changing inertia conditions [108]. In the absence of 
online or incremental learning ability, the estimators can drift, 
compromising accuracy and operator trust in the long run. For the sake 
of validity, estimation pipelines would be combined with adaptive 
methods such as continuous learning, drift detection, or sporadic 
retraining and validation pipelines. These enhancements do bring 
additional data management, validation, and governance complexity 
that needs to be managed for use in practice. 

• Incomplete System Observability and PMU Placement

Successful inertia estimation demands proper system observability, 
which is contingent upon optimal placement of PMUs. Empirical 
Gramian-based observability methods have proven that optimal place
ment of PMUs significantly improves the robustness and accuracy of 
dynamic state estimation under normal operation conditions, even 
under contingencies and load changes [109]. Dispersing widely the 
deployment of PMUs is economically and logistically constraining for 
most utilities, and sparse or unbalanced coverage consequently results. 
Inadequate PMU placement is capable of causing blind zones or 
degraded estimator performance during important events. Addressing 
this challenge requires coordinated planning that integrates optimal 
placement, cost-effective deployment, and PMU expansion aligned with 

Table 7 
Implementation challenges for real-time inertia estimation.

Challenges Causes Impact on Inertia Estimation Mitigation Strategies

Data Latency and 
Synchronization

Network delays, data aggregation, legacy control 
room hardware, complex precise time 
coordination

Delayed system response to fast 
frequency changes, reduced estimation 
accuracy and reliability

Design low-latency architecture, use edge 
computing, improve time synchronization, 
upgrade communication infrastructure

Cybersecurity 
Vulnerabilities

GPS spoofing attacks, false data injection (FDI), 
man-in-the-middle (MITM) attacks, lack of multi- 
layered security frameworks

Incorrect inertia estimation, risk of 
improper grid control, reduced operator 
trust

Data encryption, network segmentation, anomaly 
detection, secure time synchronization protocols

Regulatory and Policy 
Framework Constraints

Existing regulations not covering new tools, 
organizational resistance, operator training 
requirements

Slow adoption process, incompatibility 
with operational and market standards

Update regulations and standards, provide 
operator training, engage continuously with 
regulatory bodies

Computational Scalability 
and Hardware 
Constraints

Heavy ML models, outdated and low-performance 
hardware, lack of model optimization

Delays in estimation execution, inability 
to process real-time data effectively

Upgrade hardware with GPUs and advanced 
processors, model compression, distributed 
computing

Adaptability to Evolving 
Grid Conditions

Continuous changes in energy sources, load 
profiles, and grid topology, static offline-trained 
models

Reduced estimation accuracy under new 
conditions, loss of operator confidence

Online and incremental learning, drift detection, 
scheduled model retraining

Incomplete System 
Observability and PMU 
Placement

Economic and logistical constraints in PMU 
deployment, uneven distribution, insufficient 
measurement points

Lower accuracy and reliability during 
critical disturbances

Optimal PMU placement, coordinated installation 
planning, cost-effective PMU coverage expansion
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Table 8 
Summary of inertia estimation measurement-based methods.

Ref Methods System Inertia contribution Required system 
condition

Online/ 
Offline

Dependence/Error

[2] Kalman filter Italian Transmission Network SGs Ambient Online Error <8 % (avg. 2.5 %)
[14] Swing eq. + ESPRIT 39 bus New England system SGs Disturbance Online Error 1.4–4.2 %
[26] IEEE 39-bus & Gujarat grid IEEE 39-bus & Gujarat grid SGs, frequency and 

voltage-dependent load, VI
Disturbance Offline/ 

Online
Error 4–7 %

[48] Swing eq. Great Britain power system SGs + small/micro gen Disturbance Offline Number of monitoring 
nodes and fault location: 
Error 0.5–7 %

[49] Energy-based Irish grid SGs, power station 
auxiliary loads, WTs, load 
demand

Disturbance Offline Droop value: Error 
0.7–2.5 %

[53] Swing eq. + Least-Squares 
Method

Two-area system, The PST 16 
benchmark test system

SGs Disturbance Online Number of PMUs, type of 
perturbation, and load 
behavior: 
Error 0.5–13 %

[54] RoCoF and ΔPe estimations by 
Osplines method and H 
calculation by swing eq.

IEEE 9-bus and 68-bus systems, 
NETS-NYPS

SGs Disturbance Online Load or generation 
disturbance: Error 
0.01–1.5 %

[110] Non-recursive system 
identification method

IEEE 39-bus network and the 
aggregated New Zealand network

SGs and VI from PMSG 
WTs

Ambient Online Error 2.4–3.8 % (the 
aggregated network), 8.5 
% (real data)

[80] Multivariate Random Forest 
Regression (MRFR)

Synchrophasor measurements of 
the U.S. WECC system from 
GridEye

SGs + VI from IBRs Ambient Online Load changes: Error mean 
3.1 %, max 8.7 %

[111] Swing eq. the SP Energy Networks, the 
Nordic power 
system

SGs Disturbance Offline Load voltage-power 
dependence: Error 1–13 %

[9] LRCN and GCN IEEE 24-bus system SGs + IBRs Ambient (through Low 
level Probing Signal)

Online Features extracted and 
number of PMUs: LRCN 
(2.66 %), GCN (1.85 %)

[56] Transient frequency analysis 
and swing equation 
deformation: First Stage 
(ESPRIT) and Second Stage 
(WNLS approach)

IEEE 39-bus system, Taiwan 
Power Systems

SGs Disturbance Online Load condition and the 
event disturbed with 
sufficiently small 
measurement noises: Error 
<2.5 %

[57] Combines the phase difference 
and power exchange between 
interconnected areas

The 60 Hz Japanese power system Generation and demand 
side (e.g., SGs, 
synchronous motors, 
induction motors, 
generator control effects)

Ambient Online Geographical location and 
rated capacity of the 
generator with the 
attached PSS: Error 
0.08–7 %

[55] Swing eq. + sDMD algorithm Non-DFIG device (using the PV 
system as an example) and DFIG, 
which are both connected into a 
WPTCS parallel 4- Machine-2- 
Area system

Constant and time-varying 
inertia in non-synchronous 
devices (DFIG, PMSG, PV)

Disturbance Online Noise: Error 1–4 %.

[58] Local rational model (LRM) IEEE 39-bus system with CBRs, 
laboratory test

SGs, CBRs Ambient Online Error 0.7–3.7 %

[60] Covariance matrix IEEE 39-bus system, 1479-bus 
model of the all-island Irish grid

SGs and VI from CIG Ambient Online Error 0.14–5.4 %

[63] System identification method IEEE 39-bus system SGs Ambient Online Error 1–40 %
[65] System-identification method Microgrid network hosting a mix 

of RESs and BESS
VI in a microgrid system Disturbance Offline Error 0.3–29 %

[66] Iterative equation error system 
identification

IEEE 39-bus and the IEEE 118-bus 
test systems

SGs, CIG Ambient and ringdown 
signal measurements 
(power imbalance 
events)

Online Normal operation 
condition error 2–4.5 %, 
power imbalance event 
error 1.5–3.5 %

[76] ARMAX model IEEE 68-Bus power system, Real 
measurements from the NYPS

SGs Disturbance Offline Disturbance location and 
size: Error 1–4.2 %

ESPRIT: estimation of signal parameter via rotational invariance techniques.
WT s: Wind turbines.
NETS-NYPS: New England transmission system and New York power system.
PMSG: permanent magnet SG.
SP: Scottish power.
WNLS: weighted nonlinear least square.
DFIG: doubly fed induction generator.
WPTCS: wind–photovoltaic–thermal coupling system.
CBRs: converter-based resources.
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inertia estimation requirements, ensuring estimator reliability without 
excessive investment. Table 7 provides a summary of the challenges and 
remarks related to the implementation of continuous inertia estimation.

6. Summary

In this section, Table 8 summarizes the methods reported in the 
literature, comparing their accuracy and their consideration of inertia 
contributions from different sources. While it is difficult to identify a 
single method as the most accurate, given the variations in data sets and 
network configurations, certain characteristics of an accurate method 
can be outlined. With increasing CIG penetration, an accurate method 
should be capable of continuously estimating inertia contributions from 
SGs, CIGs, and the load side, under both normal operating conditions 
and during system disturbances. It should demonstrate a consistently 
low relative error (RE) across a wide range of operating scenarios and 
fault conditions, while maintaining stability in the presence of mea
surement noise and data uncertainty. Moreover, scalability to large, 
complex systems and adaptability to varying measurement in
frastructures, such as diverse PMU placements, are critical for practical 
deployment.

7. Challenges and future perspective for renewable power 
system inertia estimation

Future initiatives should focus on creating user-friendly tools for 
measuring and forecasting inertia, while establishing standardized time 
windows for RoCoF assessments. Regular updates to frequency protec
tion schemes are vital to adapt to changing grid dynamics. A balanced 
spatial distribution of inertia across regional grids/frequency control 
areas is essential, given that RoCoF values differ based on location and 
nearby inertia levels. Exploring the minimum synchronous inertia re
quirements, especially for systems with high-RES penetration and IBRs, 
is essential to ensure operational security. System studies should 
examine the impact of increased HVDC connections and critical sce
narios, such as the sudden shutdown of multiple nuclear power plants, 
on system kinetic energy. Future inertia ancillary service market designs 
should carefully address regional allocation, co-optimization with fre
quency control services, and demand-side inertia integration, including 
the future expansion of electrical vehicle-to-grid schemes. Additionally, 
advanced modeling approaches should explore the combined optimi
zation of energy and reserves to identify cost-effective resource alloca
tion while considering non-convexities in production systems.

8. Conclusion

A comprehensive review of inertia estimation methods was con
ducted, categorizing them into model-based, measurement-based, and 
forecasting approaches. The study explored both academic insights and 
practical applications, including the use of artificial intelligence for 
online inertia estimation. Various methods were assessed through tables 
highlighting classification, advantages/disadvantages, and formula
tions. According to the literature, an effective inertia estimation method 
should be capable of continuously assessing inertia contributions from 
SGs, CIGs, and the demand side under both normal operating conditions 
and system disturbances. It should maintain a consistently low relative 
error across a wide range of scenarios, including varying operating 
points, load levels, and fault types and locations, thereby ensuring 
robustness and reliability for real-time monitoring and control appli
cations. Furthermore, the method should be cost-effective, requiring 
minimal additional investment and avoiding the need for specialized 
equipment, while still enabling accurate online inertia estimation using 
the existing measurement infrastructure. In this regard, the iterative 
equation error system identification method has demonstrated the 
capability to operate with both ambient data and ringdown signal 
measurements, achieving high accuracy. Moreover, it can perform real- 

time inertia estimation for both SGs and CIGs, making it a practical 
candidate for deployment in modern power systems. However, it re
quires further analysis to assess its capability to estimate the load-side 
inertia contribution. Regarding machine learning–based methods re
ported in the literature, the dual-stage hybrid deep learning method 
combined with hybrid networks has demonstrated the capability to 
accurately estimate time-varying inertia under both ambient conditions 
and various disturbance scenarios. While its performance under simu
lated environments shows promising accuracy, further validation using 
real PMU measurements is necessary. Additionally, its current formu
lation does not explicitly account for the inertia contribution from CIGs, 
which should be incorporated to enhance its applicability in modern 
low-inertia power systems.

The ambient approach was emphasized for its ability to estimate 
inertia continuously under normal conditions and account for virtual 
inertia from converter-interfaced generators. However, challenges 
remained, particularly with data-driven methods that were sensitive to 
sampling data and difficulties in extracting inertia in model-based ap
proaches. Future research should focus on factors like oscillatory com
ponents during transients, PMU types, and their location relative to the 
COI motion. Inertia estimation methods used by power companies aim 
to enhance the visibility of real-time system dynamics, especially in 
systems with high-RES penetration. Techniques such as probing signal- 
based estimation, real-time modulation, and frequency response anal
ysis provide valuable insights, though challenges persist in ensuring 
accuracy and scalability in large grids or rapidly changing conditions. 
This study emphasizes the necessity of incorporating power system 
inertia requirements into security planning, particularly in grids with 
significant RES integration.
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