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ABSTRACT The transition from conventional to modern power systems is causing an increase in integration
of inverter-based resources (IBRs). This generally leads to a decrease in total system inertia, which in-turn
increases the system’s rate-of-change-of-frequency (RoCoF) during disturbances. This poses a threat to the
frequency stability of the system and may falsely trigger protective devices. To monitor system status and plan
for integrating renewable energy sources like photovoltaic, wind, and energy storage systems, a realistic study
of inertia estimation and analysis in the United States (US) over the past decade is needed. This paper uses
field-measured phasor measurement unit (PMU) data collected throughout the US from 2013 to 2023 via the
Frequency Monitoring Network (FNET/GridEye) operated by the University of Tennessee, Knoxville (UTK)
and Oak Ridge National Laboratory (ORNL). The collected PMU frequency data is utilized to estimate the
system inertia of the three US interconnections: Eastern, Western, and Texas. Various RoCoF time windows
are investigated for estimating the inertia of each interconnection by maximizing the correlation coefficient
between the measured RoCoF and power mismatch. The resulting inertia trends over the past decade show
approximately a 6% decline in inertia in the Eastern interconnection, a 15% decline in inertia in the Western
interconnection, and a 16% increase in inertia in Texas. Key insights into how inertia is changing amidst the
complex energy landscape are extracted using the fuel mix trend data. This provides valuable information
for future energy strategies and planning.

INDEX TERMS Inertia estimation, US interconnections, inverter-based resources (IBRs), rate-of-change-
of-frequency (RoCoF), and fuel mix.

I. INTRODUCTION

Synchronous generators (SGs), which dominate the conven-
tional power system network, are now being replaced by
inverter-based resources (IBRs). IBRs are renewable energy
sources that do not have the spinning mass (rotor) [1],
[2]. This lack of rotational energy is causing a decrease
in traditionally available inertia. In traditional power sys-
tems, inertia is relatively constant, which helps reduce the
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rate-of-change-of-frequency (RoCoF) and frequency devia-
tion during a power mismatch between load and genera-
tion [3]. However, a reduction in system inertia, could lead
to an increase in the RoCoF level in case of a contingency.
This threatens the frequency stability of the system and may
trigger under-frequency relays and other protection control
devices [4]. It in-turn may lead to blackouts and cascade
tripping as reported in [5] and [6].

Although inertia and RoCoF have been important metrics
in the traditional SG-dominated power systems for a long
time, they have particularly become pressing issues during
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the past decade. This is due to the dramatic change of the
energy landscape in the United States (US) brought about by
the significant increase in generation from renewable sources
like photovoltaic (PV) and wind. In addition, there is an
increase in generation from gas plants and the corresponding
decrease in coal plant production [7]. These shifts underscore
the complex energy mix in the power system. Furthermore,
the advent of IBRs, which are mostly grid-following in nature
and lack natural frequency response capabilities, is making
the generation mix more diverse. This diversification has
raised critical questions regarding the trend of system inertia.
During the last decade these questions have become more
significant as the energy mix continues to evolve.

In recent years, several studies have been conducted on
the impact of higher integration of IBRs on the grid. Works
like [8], [9], [10] have investigated system inertial response
under high solar and wind scenarios using various models.
The dispatch-based inertia summation methods in [11] and
[12] estimate system inertia by summing known generator
data, but overlook contributions from IBRs and loads. While
modeling approaches like the ARMAX model [13] and the
transfer function [14] can effectively extract inertia using
frequency and load data, these methods are typically limited
to smaller systems. This makes their application to large
interconnections challenging. Others studies, such as [15]
and [16], have employed a swing equation-based approach
to estimate inertia using real event data, but few have fully
utilized field-measured data to monitor long-term inertia
trends in large systems.

The rise of IBRs has introduced new challenges in
inertia estimation, raising questions about the accuracy
of traditional models. Wide-area measurement systems
(WAMS), which monitor key parameters like frequency,
offer valuable insights for more accurate inertia assessment
[17], [18]. The utilization of real-event data can address
limitations in model-based methods, revealing nuanced
system behaviors. Therefore, a comprehensive measurement-
based study using phasor measurement unit (PMU) data
is critically needed. This approach provides a direct and
realistic assessment of the effective inertia, which aggregates
the inertia impact from SGs, loads, controlled responses of
renewables/HVDC/storage, etc.

In this paper, a large disturbance measurement-based
approach for estimating the US grid inertia is developed,
as shown in Fig. 1. The approach makes use of real-world
PMU data obtained from the Frequency Monitoring Network
(FNET/GridEye) spread across the whole US. The historical
field-measured PMU data has been utilized for estimating the
inertia trends of the US interconnections in the past decade.
This provides a quantifiable assessment of the evolution of
inertia within the US over that period. The inertia evolution
has been explained by the fuel mix portfolio of the US during
the same period. By leveraging such real-world field data,
this study offers valuable insights into the evolving dynamics
of the US grid, especially in the context of increased
IBRs integration and recent changes in generation mix. The
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outcomes of this study allow for a deeper understanding
of how inertia has shifted in response to these changes
and highlight key trends that are crucial for grid stability
and planning. This large-scale, empirical analysis fills an
important gap in the literature, offering practical insights that
theoretical and simulation models alone may not be able to
capture. The main contributions of this study are summarized
as follows:

o The estimation of the inertia trends of the three US
interconnections in the past decade using real-world
PMU data collected across the whole US. In particular,
the three considered US interconnections are: the East-
ern Interconnection (EI), the Western Interconnection
(Western Electricity Coordinating Council (WECC)),
and the Texas Interconnection (Electricity Reliability
Council of Texas (ERCOT)).

o A proper RoCoF time window for each US inter-
connection is determined to achieve an accurate and
reliable estimate of the interconnection system inertia.
This is performed by analyzing a statistical metric—
the correlation coefficient between power mismatch and
RoCoF. The selected time window is further validated
through sensitivity analysis.

o The inertia trends of the three US interconnections
over the past decade are analyzed and explained using
the generation-by-fuel mix data. Valuable insights are
extracted from such analysis.

The remainder of the paper is arranged as follows.
Section II discusses the concept of inertia together with
the swing equation and its general form for modern power
systems. Section III explains the source of the PMU data
used in this study and its preprocessing practices. Section IV
describes the different factors affecting inertia estimation
for an interconnection, including event start time detection
and RoCoF time window selection. Section V presents
the resulted inertia trends and analysis for the three US
interconnections over the past decade. Finally, Section VI
provides concluding remarks and potential future directions.

Il. INERTIA CONCEPT AND SWING EQUATION

The kinetic energy stored in the rotating mass, such as
generators and motors tied to a power system network,
is defined as the inertial energy of the power system [19],
[20]. The power system inertia resists any change in the speed
of the SGs and thus any change in the system frequency. The
kinetic energy from the spinning mass is normalized by the
rated capacity of the rotating machine to obtain an inertia
constant as [20]:

% 2
H = S s, (1)
where H represents the inertia constant of the machine,
J is the moment of inertia of the machine, w, is the
rotational speed, KE is the kinetic energy stored, and S, is
the rated capacity of the machine. H has the unit in seconds,
representing the time it takes for the machine to provide the
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FIGURE 1. The proposed measurement-based approach for inertia estimation.

electrical energy equivalent to the stored kinetic energy in
the spinning mass connected to a system, without change in
mechanical input [2], [3].

A. DEFINITION OF INERTIA CONSTANT FOR
CONVENTIONAL AND MODERN POWER SYSTEMS

In a conventional power grid, the total system inertia, Hgg,
can be represented by summing the kinetic energy stored
in each rotating machine, KE;, divided by the total system
capacity, Ssg, as [2]:

i KE: _ 3, HiSi
SsG SsG

Hsg = @
where H; and S; are respectively the inertia constant and rated
capacity of the ith SG, and n is the total number of SGs
connected to the system.

Equation (1) can be used without any modification for the
conventional power system, however, for the future or modern
power grid, where IBRs are deployed in a large number,
it needs a modification. Although IBRs do not have the
natural frequency response characteristics, suitable inverter
control strategy yields in contributing non-rotating inertia or
often called as virtual inertia to the grid. So, if the virtual

inertia from IBRs is considered, (2) can be modified as [3],
[4], and [21]:

2 i—1 KEi + 2 i, VIE;
Stotal

X HiSi+ 2L S

B Stotal

Hiotal =

3
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n m
Msys = Hyotal - Stotal = ZKEi + z VIEj )
i=1 j=1

where Hyyq and Sy are respectively the total inertia and
total capacity of the system including SGs and IBRs, H; and
S; are respectively the virtual inertia and rated capacity of the
Jth IBR, VIE; is the virtual inertial energy from the jth IBR,
and m is the total number of IBRs connected to the system.
The commonly expressed unit of inertia in terms of energy
is MVA¥*s, which represents the total inertial energy of the
system, denoted as My, in (4).

B. GENERAL SWING EQUATION AND FREQUENCY
RESPONSE

Whenever there is a mismatch between mechanical power and
electrical power due to a disturbance (difference in supply and
demand), there is rotor acceleration or deceleration of SGs.
The swing equation of a single machine system (considering
all the SGs) that explains an electro-mechanical interplay
between power disturbance and the frequency response of the
system can be written as [3], [20], [22]:

df,
2Hs d’;“ = (P — Pe—DAfpu) )
where dgpt” is the RoCoF in pu, P,, is the mechanical power

in pu, P, is the electrical power in pu, D is the damping
coefficient of the system, and Af,, is the change in frequency
in pu. This perfectly describes the SG-dominated power
system. However, as the number of IBR units having virtual
inertia control gets large, the inertia can be written as in (3)
and (4), and therefore, a general form of the swing equation
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can be written as:

df.
2Ht0tal Zt_lm = (Pm - Pe_DAfeq_pu) (6)
AP
Hiota1 = o df 'f? N
Stotal d_,q
AP
Msys = Hyotal * Stotal = m (8)

where AP = Syp1q1 - (P — Pe) is the power disturbance, f,,, is
the equivalent frequency of the system consisting of SGs and
IBRs, and f; is the synchronous frequency. As the frequency
deviation during the first few seconds after a disturbance is
minimal, the damping term in (6) can be neglected [16], [23].
Equations (4) and (8) represent the total inertial energy of a
modern power system.

To find out the total system inertia, (8) can be utilized that
requires two types of data: AP and RoCoF. To find out the
RoCOoF, the inertial response after a disturbance can be used
which is typically within 10 seconds (for interconnection)
after the event start point [3] as shown in Fig. 2. The slope as
shown in the figure gives the RoCoF. During this period, the
kinetic energy stored in the spinning mass helps to negate the
power loss impact. As the number of the IBRs having lack of
rotating mass increases in the power system, the inertia goes
down and consequently the RoCoF increases which can be
justified by (8) and illustrated in Fig. 3. As in the figure, when
the inertia is lowered, the frequency nadir is shifted from C
to C’ indicating the system is more prone to blackouts and an
increase in frequency fluctuations.

]
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FIGURE 2. Frequency response representing the inertial, primary, and
secondary responses after a large disturbance.

1Il. DATA COLLECTION AND FREQUENCY
PREPROCESSING

A. DATA SOURCE

The frequency data is obtained via the frequency disturbance
recorders (FDRs) distributed throughout the US and Canada.
These PMU sensors provide continuous measurement of
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FIGURE 3. Frequency response of conventional power system (green) and
future power system with high number of IBRs (red).

a synchronized network that consists of several such FDRs
as shown in Fig. 4, lays a foundation for a thorough study of
the different interconnections of the US. This study utilizes
the historical frequency database stored in the data servers
at the University of Tennessee, Knoxville (UTK) and Oak
Ridge National Laboratory (ORNL) [24], [25].

This study utilizes a total of 1155 event trips that took place
during the past decade (2013-2023) as shown in Table 1. The
power disturbance data is obtained through the confirmed
event list from the North American Electric Reliability
Corporation (NERC).

TABLE 1. Number of events for each interconnection 2013-2023.

Interconnection EI WECC ERCOT
No. of events utilized 356 351 448
FDR deployment in the USA
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FIGURE 4. Deployment of FDRs across the US.

B. PREPROCESSING OF FREQUENCY DATA

Large power systems, such as the US Eastern and Western
Interconnections, cover extensive geographical areas. These

frequency, voltage, and phase angle from several locations
throughout the US. The FNET/GridEye monitoring network,
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systems require numerous measurements throughout the
interconnection to accurately reflect the overall frequency
dynamics. Measurements taken only within a specific region
might not be sufficient. They may fail to capture the complete
frequency dynamics of the entire interconnection [23]. Such
limited observations capture the dynamics unique to a
particular area, such as oscillations and noise. However,
they lack the holistic measurement needed to observe the
intricacies of the whole interconnection.

For example, Fig. 5(a) shows the frequency data collected
from the FDRs located throughout the Western Intercon-
nection (in the states of WA, ID, OR, CA, CO, UT, WY,
and AZ) during an event. The blue curve indicates the
regional frequency dynamics particular to a region (WY) that
decreases rapidly for this specific generation trip, marked
by the vertical red dashed line. However, the frequencies of
other regions decrease gradually. A similar case is illustrated
in Fig. 5(b) for the the Eastern Interconnection, where the
measurement in the state of FL has a sharp decline in
frequency as compared to the other regions.

In systems with non-uniform sensor distribution, the
median frequency offers a more robust estimate of system
frequency as compared to the mean. In large and complex
power systems, uneven sensor placement or local distur-
bances can introduce outliers—extreme values that distort the
mean and lead to inaccurate frequency estimates. The median,
by focusing on the middle value of the data, is far less
sensitive to these outliers and errors. This makes the median
particularly useful in large interconnections, where noise,
device errors, or uneven sensor distribution are common [26].
The median frequency illustrated by the solid black line in
both plots in Fig. 5 is close to the central tendency of the
system frequency. This median frequency can be calculated
using (9) for each timestamp.

1
F[“; ] if ais odd
Smedian = F[C—l]—}—F[g—i—l] ©)
2 2 if a is even

2

where ‘a’ is the number of FDRs and ‘F” stands for the sorted
frequency list. The resulting median frequency represents the
comprehensive frequency dynamics of the interconnection.

IV. DETERMINANTS OF ROCOF AND INERTIA
ESTIMATION FOR INTERCONNECTIONS

A. EVENT START POINT DETECTION

The point represented by a red color in Fig. 6, referred
to as point “A”, indicates the event start time. According
to the NERC standard, point “A” can be determined by
averaging the frequency values before the tentative event
time. However, the average value may not provide an
accurate RoCoF [27]. Furthermore, relying on the event time
point won’t give us a precise RoCoF, this is because the
event time is obtained from the first FDR that records the
frequency disturbance [27], while the utilized frequency for
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FIGURE 5. FDR measurements for two generation trip events happened
in the (a) WECC and (b) El interconnections.

the interconnection level is the median frequency. Therefore,
in this study, for locating point “A” at the turning point
of the median frequency when a disturbance takes place,
we compute the difference between two consecutive RoCoF
over time and select the maximum as follows:

Diffgocor = max |[RoCoF (t)pre — RoOCoF (t)post| ~ (10)

where RoCoF (t)pre is the RoCoF computed using the
frequency at time ¢ (illustrated by the red point in Fig. 6) and
the frequency at time t — At (illustrated by the yellow point).
Similarly, RoCoF (t)pos is calculated using the frequency
at time ¢ and the frequency at t+ + At (illustrated by the
blue point). The point having the largest difference between
pre-RoCoF and post-RoCoF is selected as point “A”. This
method provides the most significant change in RoCoF that
represents the turning point of a frequency curve during a
disturbance.

The choice of At determines the precision of the proposed
method. The use of Ar as a tuning parameter allows the
method to adjust for different interconnection systems and
disturbance types. A good choice of At also helps to eliminate
the influence of mild oscillations and noise in detecting the
starting point of an event. This method computes the value of
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Diff p,cor for each point within a time period that starts 8-10
seconds before the event and 5 seconds after the event.

If a measurement from an FDR is extremely noisy then it is
filtered out during the data preprocessing stage. Additionally,
the calculated median frequency is inherently free from large
noise. So, noise doesn’t cause a significant problem in the
event detection process. This method has been tested across
diverse disturbance types, such as generation trips, pump
storage shutdown events, and load shedding. It consistently
identified the event start point with high accuracy. Unlike
the NERC-recommended averaging approach [27], which
may smooth out critical dynamics, this method captures the
precise turning point of the frequency curve, thereby leading
to more accurate RoCoF calculations.

Frequency response of event on 3/28/2017 21:06(UTC)
- | | | |
B0 s

Aat . :
2 Generation Trip at £

59.99
59.98 |-
59.97

59.96 -

Frequency (Hz)

59.95 |-
59.94

59.93

0512345

50 60

. 40
Time (seconds)

FIGURE 6. Frequency response of an event showing RoCoF calculation at
various time windows capturing inertial response.

B. ROCOF CALCULATION

The onset time of the frequency drop recorded in each FDR
correlates with the distance from the event location [28].
FDRs located near the event site experience a more rapid and
pronounced frequency decline, as depicted by the frequency
measurements in WY (Fig. 5(a)) and FL (Fig. 5(b)). This
phenomenon is due to the time delay introduced when
the inertial response is transmitted over a long distance.
Inertial support travels across large geographic areas of the
interconnection to reach the source of the disturbance. This
causes an initial slow decrease in the median frequency that
reflects the delayed arrival of inertial support.

To accurately capture regional frequency dynamics, the
RoCoF should be computed in a short time frame. However,
the median frequency remains largely constant until the
regional frequency reaches its lowest point. As inertial sup-
port from various parts of the interconnection is integrated,
the median frequency starts to decline more steadily. Because
of this lag in the median frequency, using a larger time
window can capture the interconnection’s frequency dynam-
ics accurately providing a better estimate for calculating
RoCoF. However, excessively long time windows might
unintentionally encompass the primary response from the
governor. The overall network dynamics indicate a lower
RoCoF during the early stages of a disturbance. In addition,
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a very short RoCoF time window increases noise sensitivity.
Therefore, it is crucial to balance and find a trade-off between
the time window size and sensitivity.

Once the event start point for the median frequency is
identified as in (10), RoCoF can be calculated effectively for
various time windows as:

_ Sstart —fstart+T1mmu/
ROCOFTimerval - T: (1 1)
interval

where f4+ 1s the frequency just before the start of the event,
Tinterval represents different time windows: 0.5, 1, 2, 3, 4, and
5 seconds after the start of the event as illustrated in Fig. 6.

C. TIME WINDOW SELECTION: CORRELATION
COEFFICIENT AND SENSITIVITY ANALYSIS

The metric to measure the consistency in the linear relation-
ship between an event size in megawatt (MW) and RoCoF
is the correlation coefficient (R). This is also a reliability
measure for the selection of the RoCoF time window. A larger
value of R implies a strong linear correlation between event
size in MW and RoCoF, which can help avoid capturing
the primary frequency response from the governor. This
ultimately leads to determining the best time window for
precise RoCoF evaluation. Also, it ensures that the chosen
time window captures significant dynamics without capturing
unwanted noise. The R-value is determined using (12), which
correlates the disturbance MW values with the RoCoF values
calculated for each of the set of time windows.

1 (MW - paw
R_N—lz( )

P oMw
(ROCOF(i) - /’LROCOF) (12)
ORoCoF

where R represents the correlation coefficient, N denotes the
number of events, MW is the vector containing the MW sizes
for generation trip events, and RoCoF is the vector containing
the RoCoF values calculated for a specific time window. The
terms (upyw and rocor correspond to the mean values of the
MW and RoCoF vectors, respectively, while oyw and ogocor
denote their standard deviations.

The selection of time windows for RoCoF calculation
is based on the goal of capturing the system’s inertial
response before the onset of the primary frequency response.
We observed that the correlation coefficient between RoCoF
and MW begins to decrease after a certain point in time (see
Fig. 7). This indicates the influence of primary frequency
response, which reduces RoCoF and falsely increases the
estimated inertia. Therefore, we select time windows that best
reflect the inertial response while minimizing the effects of
the governor’s action.

The R-values, which are calculated using the RoCoF
of various time windows for different years (2013 to
2023), are averaged to determine the average R-values and
the corresponding standard deviation values. The results,
illustrated in Fig. 7, reveal a unique pattern: the average
R-value increases with the increase in the time window
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FIGURE 7. Average and standard deviation values of R under different
RoCoF time windows for the three US interconnections.

TABLE 2. RoCoF time window selection for the three US interconnections.

Interconnection Time Window Selected (sec)
EI 3
WECC 3
ERCOT 2

(x-axis) to a certain point in time, while the standard deviation
decreases. However, selecting a time window that is too long
should be avoided since the benefit of lengthening it fades
after a certain point. It also makes it prone to capture the
response from the governor. For example, there is no need
to select a time window beyond 3 seconds in the case of the
El This is because the R-value stays almost constant once
it reaches to the third second for a few time windows and
then decreases. Therefore, 3 seconds is selected as the optimal
time window for the RoCoF calculation in the case of the EI.
Similar analysis is conducted for the other interconnections,
and the selected time windows for all three interconnections
are tabulated in Table 2.

In addition to using the R-value as a reliability metric for
selecting the appropriate RoCoF time window, a sensitivity
analysis is carried out to assess the variability of the inertia
estimates across different time windows. The variability is
represented by the coefficient of variation (CV) of average
inertia values, as shown in Fig. 8. This analysis highlights the
robustness of the selected time window by quantifying the
consistency of inertia estimates.

From the results in Fig. 8, we can observe that the
variability in inertia estimates is significantly higher at shorter
time windows (e.g., 0.5s). This is primarily due to the
noise sensitivity during the early stage of the event. As the
time window increases, the coefficient of variation decreases
sharply, reaching its minimum around 2-3 seconds for all
three interconnections. Beyond 3 seconds (for EI and WECC)
and 2 seconds (for ERCOT), the variability begins to increase
gradually, likely due to the influence of primary frequency
response. This behavior aligns with the trends observed in
the R-values, as discussed earlier. Therefore, this sensitivity
analysis confirms that the time windows chosen in Table 2 are
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Sensitivity Analysis: Variability in H Estimates with Time Windows
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FIGURE 8. Sensitivity analysis: Variability in inertia estimates with respect
to various time windows.

optimal to balance precision, reduction of noise impact, and
avoidance of governor action across all interconnections.

D. TYPES OF EVENTS AND OUTLIER EVENTS

Over the past decade, several events have occurred that can be
categorized into different types. The first type of event can be
classified as a normal generation trip, as shown in Fig. 9(a).
This type of event is characterized by a sharp and distinct
turning point following a disturbance, making it suitable for
inertia analysis. Similarly, the second type of event that can
be used for analysis is the pumped storage hydropower (PSH)
turn-off events, as shown in Fig. 9(b). During the times of
low power demand, PSH uses the electricity from the power
grid to pump water from a lower to an upper reservoir [29].
When the pump is turned off, there is a decrease in load
on the system as the pump is no longer consuming power.
This event results in a positive power mismatch, causing the
system frequency to increase. Consequently, PSH turn-off
events can also be utilized for inertia analysis, similar to
generation outage events.

Although numerous events can be used for precise inertia
analysis, some events differ significantly from the two types
discussed above. One such event, shown in Fig. 9(c), can be
categorized as a generation trip with a rounded turning point
and gradual ramping down of frequency, known as a soft
trip event. This type of event poses difficulties in accurate
inertia calculation. Distinguished by a staged disconnection
process, the event begins with the closure of the prime mover
of any type, including gas, steam, or hydro turbines. After the
shutdown of the prime mover, there is a slow ramping down
of the output before the actual tripping of the generator. This
event typically exhibits a low RoCoF for high MW, which
dramatically increases the inertia value.

Another type of event involves those with a low event
starting point, as shown in Fig. 9(d), which begins below the
governor’s deadband. This makes them prone to capturing
the primary response from the governor, which leads to
unnaturally higher inertia. Other events that can cause
erroneous inertia estimation include double contingencies or
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generation trips, which can make it difficult to detect the event
start point and accurately estimate RoCoF and inertia. Such
type of event is shown in Fig. 9(e).

Therefore, it is important to meticulously examine the
frequency dynamics of each event and filter out those that
could lead to erroneous inertia assessment. This process
significantly improves the correlation coefficient between
RoCoF and MW values. Removing anomalous events that
deviate from established patterns significantly increases the
correlation, as shown in Fig. 10. Once the outlier events
are filtered out, the R-value increased from 0.81 to 0.97,
demonstrating the significance of the event filtration process.

V. INERTIA CALCULATION AND ANALYSIS

For better visualization of the trend of inertia over the past
decade, we have divided the total events of each year into
four quarters and estimated inertia for each quarter. When
visualized on a yearly graph, the inertia values can yield a true
picture of the system’s status during the past decade for all
three interconnections and, hence, provide a comprehensive
inertia assessment of the entire US power grid.

A. INERTIA EVALUATION

Utilizing the RoCoF values of specific time windows for
the various interconnections, along with the power mismatch
data, the systems’ inertia can be computed using (8). The
inertia computed using 3-second windows for the EI and
WECC interconnections, and 2-second window for ERCOT,
does not strictly represent the theoretical inertia. However,
it provides a good estimate for illustrating inertia trends over

Frequency response of event on 09/06/2016 20:17:32 UTC

Frequency response of event on 05/17/2017 11:45:04 UTC

the past eleven years. The slope of the fitted line of the MW
vs. RoCoF plane in Fig. 10 provides the inertia value. To find
the first-order fitted curve, whose slope indicates the inertia of
each quarter, a least squares method is applied. The following
describes the evaluation method:

- —1
2 = (RoCoFTRoCoF) - RoCoFT - MW (13)
A~ —1
M= (RoCoFTRoCoF) . RoCoFT - MW ]% (14)
where
Af
o MW,
% MW,
RoCoF =| |, MW= . ;
Afy MW,
At

and H is the inertia expressed in MJ/Hz, which when
multiplied by the synchronous frequency (fy), gives us the
inertia in MVA¥*s, represented by M in (14). The RoCoF

matrix contains the rate-of-change-of-frequency (ﬁ—{") for all

b events for a time window Ar. Similarly, the MW matrix
consists of respective values of power mismatch (MW;) for
all events.

B. TREND ANALYSIS OF INERTIA

Each interconnection’s inertia assessment is carried out
from 2013 to 2023, as shown in Fig. 11. The green curve
represents the trend of inertia for the EI, with each diamond

Frequency response of event on 08/13/2016 02:00:28 UTC
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FIGURE 9. Different categories of events: (a) normal generation trip, (b) pumped storage hydropower turn-off, (c) soft generation trip, (d) event

with low starting point, and (e) double events.
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FIGURE 10. Scatter plots for event size in MW vs. RoCoF (a) with outliers
and (b) without outliers.

symbol representing the quarterly inertia. There is an initial
decline in inertia at the beginning, remaining fairly steady
in the middle, and a slight upward trend in the past couple
of years, as indicated by the green trend line in the figure
(approximately 6% net decrease in inertia). Similarly, the
magenta curve indicates the inertia trend for the WECC,
with each dot highlighting the inertia of a quarter. We see
approximately 15% net decrease in inertia for WECC during
this period. Furthermore, the blue curve represents the inertia
of ERCOT, connected by blue squares that indicate quarterly
inertia, showing counter-intuitive results. The trend shows a
slight increase in inertia over the years for ERCOT, which
is in agreement with [30], as represented by the dashed blue
line. The net increase in inertia for ERCOT is approximately
16% during the same period.

Inertia trends for all the three interconnections reveal a
seasonal variation in inertia. It can be seen that the highest
inertia values are typically obtained in the third quarter. This
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might be attributed to the fact that the third quarter includes
the summer months, which generally have higher generator
commitment patterns as compared to the other months of the
year. Furthermore, the figure shows that the EI’s inertia is
greater than that of WECC and ERCOT. There are primarily
two reasons for this: First, the EI covers a larger geographical
area as compared to the other interconnections. This vast
scale implies that many conventional SGs, such as natural gas
and coal plants, and loads are integrated to the system, which
inherently adds more to the system’s inertia [31]. Second, the
share of IBRs like wind and solar power is higher in WECC
and ERCOT, leading to lower overall inertia as compared to
the EI.

To complement the trends in Fig. 11, the box plots
in Fig. 12 further validate the reliability of the inertia
assessment. It illustrates the distribution of errors across years
for each interconnection. The minimal variability observed
in the error distributions highlights the reliability of our
analysis. The stable interquartile range of error, staying close
to zero throughout the period and the presence of only a few
outliers further supports the robustness of the findings. This
consistency adds confidence to the trends identified for EI,
WECC, and ERCOT.

Different generation fuel types have unique characteristics
such as startup and shutdown times, production costs,
and maintenance costs, which lead to varying commitment
patterns. These commitment patterns greatly impact the
overall inertia of the system. Therefore, the inertia trend
results in Fig. 11 can be partially explained by plotting
generation by fuel type data over the past decade, obtained
from the U.S. Energy Information Administration for each
interconnection [7], as shown in Fig. 13. The inertia trend
is slightly decreasing as expected in EI and WECC, while
slightly increasing in ERCOT. This may be attributed
to different variables like coal-gas generation swap, load
growth, etc.

Coal, being the cheapest fuel option, is supposed to be
more widely used in power generation. However, older coal
units face high maintenance costs and the need to install
pollution controls to comply with environmental regulations.
Also, during the last decade, the price of natural gas has
decreased, while the price of coal has remained consistent in
the US [32]. These factors have led to coal plant retirements
and an increased share of natural gas in total generation.
As illustrated in Fig. 13, there is a decline in generation from
coal and a corresponding increase in generation from natural
gas for all three interconnections.

With this shift in energy generation, more combined cycle
units—whose inertia contribution per MW might be higher
as compared to coal plants depending on plants’ design and
type of gas engines—are being utilized. This provides a
positive increase to the available inertia in the system, which
has mitigated the impact of the integration of IBRs to a
large extent. Although the fuel mix graph is a good tool for
analyzing inertia trends, it may not effectively illustrate other
factors, such as the number of generating units. Therefore,
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despite the drop in generation from coal units, the retired coal
units may still be operated at a lower output, contributing to
the overall system inertia.

The situation within ERCOT is somewhat unique. Despite
the increasing penetration of renewable energy, ERCOT
has seen a counter-intuitive rise in system inertia. This is
primarily due to the growth in generation capacity from both
traditional and renewable sources. The system’s inertia has
grown due to the inclusion of more SGs, particularly those in
the Private Use Network (PUN), even as the penetration of
renewable energy continues to rise. PUN units, which mainly
consist of combined cycle and gas steam units, have been
increasing since 2014 [30]. These units add more inertia than
single-cycle gas plants.

In addition to the increasing number of PUN units, ERCOT
has also benefitted from the rise in gas-fired generation. This
is because natural gas plants have filled the gap left by coal
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retirements with higher inertia contribution. Furthermore,
renewable sources such as solar and wind, contrary to
the concept of zero inertia, can inject/absorb active power
to/from the grid, providing virtual inertia. Thanks to inverter
controls; some IBRs can quickly respond to frequency
fluctuations [33], [34]. However, the amount of virtual inertial
support they provide is minimal, and their effectiveness in
maintaining frequency remains an open question.
Nevertheless, inertia trends may also be influenced by
variables other than fuel mix. It can be transmission
expansion, load growth, or demand response. Transmission
networks have grown as the electrical network has been
developed across the US. This allows for power transfer
across regions and improved access to places with high
inertia. Furthermore, demand response—which shifts or
reduces load to stabilize the grid—and load growth—
where a rise in the demand for electricity necessitates more
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synchronous generation—may alter the operational dynamics
of power generation. These elements are also critical factors
in how each interconnection’s inertia trend is shaped.

VI. CONCLUSION
This paper presents an evaluation and analysis of inertia
trends from 2013 to 2023 using historical PMU field data
measured across the US, including the Eastern, Western, and
Texas interconnections. To reduce noise, oscillations, and
avoid regional frequency dynamics, the median frequency is
utilized. Different RoCoF time windows are examined, and
the time window showing a good correlation between MW
and RoCoF values, with minimal primary frequency response
from the governor, is chosen for each interconnection.
While the selected time window is effective in assessing
the system at the interconnection level, there may be a slight
amount of primary response influencing the final inertia
results due to the low dead band governors near the event
location. This implies that the actual values of inertia for the
interconnections might be slightly lower than the obtained
results. However, the impact on the results is mitigated by
focusing on trend analysis and changes over time. Despite
aiming to capture only the instantaneous response, emphasis
is placed on capturing the broader patterns and trends of
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inertia over the past decade. Furthermore, validating such
inertia results can be challenging, as there is no exact ground
truth for system-wide inertia, especially when working
with real-world data. Additionally, comparing results with
dispatch-based inertia summation methods has difficulty
finding time-stamped data that comprehensively covers all
generators across the various interconnections.

Although the proposed methodology addresses the prac-
tical problem of investigating the inertia trends in power
systems, several limitations are still present. The spatial
distribution of PMUs may introduce uncertainties, as uneven
placement can lead to biases in the frequency data and
RoCoF used for inertia calculations. The use of the median
frequency helps mitigate some of these biases, particularly
in dealing with outliers and non-uniform data distribution.
However, it may not fully resolve all spatial representation
issues. Additionally, the inherent uncertainties in the inertia
estimates, such as those arising from measurement noise or
data gaps, should be considered when interpreting the results.

The future research on accurately estimating the aggre-
gated frequencies of the interconnections using methods,
such as weighted inertia approach, could be carried out
for more precise inertia estimation. Additionally, different
other techniques to better illustrate inertia trends can be
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explored. Once the number of IBRs with fast frequency
response and grid-forming capabilities increases in the future,
the RoCoF time window calculated for each interconnection
needs to be adjusted accordingly. For the purposes of this
study—focused on historical trends and large-scale intercon-
nection behavior-the linear relationship provides a strong
foundation for assessing effective inertia (composite result
of generator inertia, load contributions, controlled response
of renewables/HVDC/storage, etc.) over time. However, with
growing IBRs, the dynamics of the power system may
become more complex, and the linear model used in this
paper may not fully capture these evolving interactions. So,
in the future, we plan to explore more advanced models that
account for the non-linearities introduced by IBRs and other
emerging technologies.
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