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Dynamic Estimation of Load-Side Equivalent
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Abstract—With the increasing share of renewable energy and
power electronics, the power system is gradually showing the char-
acteristics of low inertia and spatial distribution. This transition
deteriorates system’s frequency response and poses a major threat
to system stability. The majority of research in this area investigates
the methods of providing inertia from the supply side. However, the
load response also plays a crucial role in determining the frequency
response. Hence, in depth knowledge about the amount of inertia
provided by load is extremely important for a future application
of units supplying synthetic inertia. In order to accurately grasp
the load inertia level, a data-driven equivalent inertia aggregation
estimation method is proposed. To achieve the load-side inertia
aggregation estimation under different fault scenarios, a dynamic
aggregating method is proposed, which uses the K-means algorithm
to aggregation the grid based on load-side spectral features. Then,
according to voltage dependency and rotating characteristic under
disturbances, an area inertia estimation model is constructed to
estimate the inertia of the aggregated area. By applying the pro-
posed method, the accuracy of inertia estimation under multiple
operating conditions is increased by considering the dynamic be-
haviour of inertia distribution. Finally, using the IEEE 29 buses
system, the proposed method is illustrated.

Index Terms—Data-driven, equivalent inertia, inertia estima-
tion, load-side inertia, system aggregation.

1. INTRODUCTION

ENEWABLE energy sources (RES) continue to pene-

ate the power system. Due to the absence of rotating
equipment or power electronic devices and grid frequency
decoupling, the inertia of the power system decreases, leading
to insufficient inertia support. This situation causes power sys-
tem instability and decreases anti-interference ability [1]-[4].
Upon a disturbance, the primary frequency modulation (FM)
response is delayed. Inertia initially plays a crucial role in
maintaining system stability [5]. Additionally, instances where
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the system’s inertia support is insufficient to resist fault distur-
bances occur periodically. Therefore, accurately calculating the
power system’s inertia level is key to overall stable operation,
control, and scheduling. Its magnitude is strongly correlat-
ed with the rate of change of frequency (ROCOF) [6]-[7].
ROCOF decreases as the power system’s inertia increases,
benefiting system stability. Consequently, it serves as a metric
for estimating inertia. However, most existing studies primarily
focus on estimating inertia provided by the generation side,
with limited attention given to estimating load-side inertia.

In depth knowledge of inertia provided by the power load
side is crucial for the future application of units supplying syn-
thetic inertia. It promotes technical efficiency and cost effective
application. In [8], the average inertia constant of the demand
side for the UK power system accounts for 20% of the total
inertia, highlighting the significant contribution of demand-side
inertia. Understanding load-side inertia can benefit system
operators in managing load shedding. Inertia impacts ROCOF
and system stability. To prevent system frequency instability,
load fluctuations are mitigated by load shedding. Prioritizing
high-inertia loads and avoiding their shedding during contin-
gencies could improve system reliability.

Several recent studies have addressed load side inertia esti-
mation. In [9], a white-box method is proposed for calculating
the load inertia of the Irish power system. The load inertia is
extracted from the system overall inertia by subtracting the
contribution from the generators. In [8], historical data of
grid frequency outage events are used to estimate the inertia
contribution of the demand side. In [10], an online estimation
method is proposed to monitor the time-varying inertia of the
loads, under normal operating conditions. These methods treat
the load side as a whole, do not further investigate inertia in
different regions of the load side. In [11], the load inertia con-
tribution from different power consumers is studied in detail
following a blackout in the city of Flensburg. However, this ap-
proach estimates inertia by considering the categories of power
consumers without accounting for the geographic distribution
of power consumers. In [12], under HVDC power disturbanc-
es, the inertia contribution from power station auxiliary loads
is considered in the overall system inertia. However, this study
reflects the system inertia without estimating the contribution
of load side individually. In summary, while recent studies
explore load side inertia, a clear distinction from generation
side inertia is needed. The unique technical challenges of load
side inertia evaluation, such as accounting for variability across
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various types and geographic distribution, require special-
ized methods that diverge from traditional generator-focused
approaches. The inertia of large systems is characterized by
a complex spatial distribution. Estimating inertia levels in dif-
ferent regions can provide a more refined reference for system
operation and control. Inertia estimation that does not consider
spatial distribution characteristics may result in poor system
robustness and low accuracy of the estimation results.

Recently, several studies estimate the regional inertia by
considering the spatial distribution characteristics of inertia. In
[13], the power change of the loads due to voltage dependency
is estimated after a disturbance. By utilizing total generated
power and voltage data from the generator buses, the area iner-
tia is calculated separately. In [14], the effective inertia of pow-
er system area is estimated based on energy variations. In [15],
a data-driven equivalent inertia partition estimation method is
proposed to accurately capture the system inertia level. These
studies considered the regional distribution of inertia, but their
system partitioning focused on the generation side and re-
mained fixed. The spatial distribution characteristics of inertia
play an important role in inertia assessment. In [16], based on
the center of inertia (COI) concept, a practical study on inertia
distribution estimation is presented using oscillation index and
center of frequency index. In [17], the in-homogeneity of the
propagation speed of electromagnetic waves is used to propose
a method for detecting changes in the inertia distribution of a
power system. In [18], the relationship between inertia distri-
bution, system oscillation and power electronic interface po-
sition is investigated, the concept of inertia distribution index
(IDI) is proposed to reveal the relationship between inertia and
centre of inertia in each region under large disturbances. How-
ever, few studies have estimated the load side regional inertia
by considering spatial distribution characteristics. Considering
the spatial distribution characteristics of inertia in load inertia
estimation is the key issue addressed in this paper.

This article aims to estimate the equivalent inertia of each
area of load side system based on data-driven technology. The
main contributions of this article are as follows.

1) A data-driven inertia estimation framework for load side
power system was established, which dynamically clus-
tering according to different spatial distribution character-
istics during various transient behaviors.

2) Considering the power variations affected by voltage dis-
turbance, influence among inertia, power and frequency is
revealed.

3) The advantages of the proposed method are demonstrat-
ed by IEEE 29 buses system on MATLAB/Simulink
platform.

The remainder of the paper is structured as follows. Section

II details the load side clustering model, analyzes the inertia
spatial distribution characteristics and the load-side inertia
components, describes the equivalent inertia estimation model
used in this paper. Section III illustrates the study cases and
simulation results, Section IV concludes the paper.
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Fig. 1. The framework of inertia estimation.

II. DATA-DRIVEN EQUIVALENT INERTIA ESTIMATION OF
LoAD-SIDE SYSTEM

Fig. 1 illustrates the structured approach for estimating area-
specific inertia. The process consists of three main steps, each
with specific inputs, processes, and outputs. First, historical
data containing frequency response information serves as
the input to the K-means model, where spectral features are
extracted to form distinct inertia regions. This trained model
is then applied to online data for real-time area clustering,
assigning data points to equivalent inertia areas. Finally, these
clustered areas are fed into the inertia estimation model, which
utilizes real-time data to calculate the equivalent inertia for each
region. This structured framework ensures a comprehensive
approach to estimating area-specific inertia dynamically and
accurately.

A. The Spatial Distribution of Inertia Characteristic

The low inertia characteristics of the high ratio converter
access region are significant and contrast with the high inertia
posture of the synchronous power clusters distribution region.
The system inertia exhibits distinct spatial distribution char-
acteristics, making the assessment of inertia adequacy and its
distribution crucial. Therefore, it is necessary to consider the
regional distribution of inertia in such assessments.

In this paper, based on the definition of inertia distribution
index (IDI) [16]-[19], it is discrete and used to illustrate the
spatial distribution of system inertia. The electrical distance d,
is calculated as follows:

d. = 2 AT /()= feor DF )

where d, is the electrical distance between node k and the cen-
tre of inertia, M is the number of samples, AT is the sampling
interval of phase measurement unit. f; (i), fcor(?) are the node
k frequency value and the centre of inertia frequency value.
M -AT is the calculation lengths corresponding to the IDI in-
dex, referring to the time interval between the occurrence of
the disturbance and the time before frequency modulation of
the unit.

The deviation of the node frequency from the centre of iner-
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tia frequency is compared after a disturbance occurs. The node
with the smallest deviation in frequency is defined as the centre
of inertia. The centre of inertia frequency fco;(?) is calculated
as follows:

ZHGi “fai (0
fcm(f):iE"Z:T )

ien

where fg; (¢) is the frequency of generator node i.
The next step is to normalize the electrical distance d, to ob-
tain the node inertia distribution index.

d _dmax
IDIk B dml;x - dmin (3)

where I, is the value of the inertia distribution index corre-
sponding to node k. 4, d_;, are the maximum and minimum
electrical distance between the node and the centre of inertia.

After a disturbance occurs, the center of inertia frequency de-
viation exhibits less deviation compared to the frequency devi-
ations of other nodes. Therefore, the center of inertia frequency
can be used as a benchmark. The magnitude of node inertia is
determined by comparing the frequency deviation between the
node and the center of inertia. The smaller the value of I, the
closer node  is to the center of inertia, indicating a higher node
inertia .

In general, the frequency response of the power system
exhibits spatial distribution characteristics. The distribution of
inertia across different areas significantly impacts these fre-
quency response characteristics. Inspired by this, and to meet
the requirement for accurate assessment of low-inertia systems,
this paper dynamically clusters the system based on frequency
response characteristics and comprehensively quantifies the
system’s inertia characteristics.

B. Load-Side Clustering

As renewable generation increases in interconnected power
systems, the distribution of inertia becomes uneven, impacting
load frequency response. To address this issue, a data-driven
clustering method is proposed, based on time-series operational
data of the power system. This method establishes a mapping
between real-time measurement data and equivalent inertia,
enabling dynamic estimation of inertia across the system.

To enhance the model’s sensitivity to load behavior, load
electrical parameters, resistance (R), inductance (L), and capac-
itance (C) are incorporated, alongside frequency response data.
For each load, historical frequency data L is transformed into
the frequency domain. By applying the fast fourier transform
(FFT), the frequency spectrum F(w) is derived:

F(o)= %UOT X(z)e’j””dz‘ @)

where 7=40000 represents the sample count. Key features, in-

TABLE I
CLUSTERING ALGORITHM

Algorithm: Data-driven clustering
Input: L (400000*13)
Output: idx
1: X(t)—L
: for i=1,...,13
:F= |I X(z)e’j‘“’dz|/ 40000
: end for
1 [V, I]l=max(F)
NG D=V
N(,2)=1
N(i,1)=std(F)

7: M=4

8: idx«—K-means(N,M)

AN AW

TABLE II
LoAD RLC PARAMETERS

Load R L C

Load 1 41x10° 330x10° 0

Load 2 43x10° 990x10° 0

Load 3 45x10° 1650x10° 0

Load 4 33x10° 990x10° 0

Load 5 44x10° 1320x10° 0

Load 6 44x10° 1320x10° 0

Load 7 22x10° 660x10° 0

Load 8 66x10° 1980x10° 0

Load 9 11x10° 330x10° 0

Load 10 22x10° 660x10° 0

Load 11 22x10° 660x10° 0

Load 12 3x10° 0 5.2x10°
Load 13 8x10° 0 5000x10°

cluding the peak value /" and corresponding frequency ., are
extracted from F(w):
V = max (F(@)),®,, =argmax F(o) )
Additionally, the standard deviation o of F(w) is calculated
to quantify the frequency spread:

o FIF@-w u=TF@  ©)

The extracted features V, @,.,., and ¢ are compiled into a
feature matrix NV, which is subsequently clustered using the
K-means algorithm with M=4 clusters, representing different
inertia categories.The detailed procedure is shown in Tables I
and II. The effectiveness of this clustering approach is demon-
strated using the IEEE 29-bus system, providing insights into
inertia distribution and its influence on frequency stability.

C. Equivalent Inertia Analysis and Estimation

Load-side inertia evaluation presents distinct challenges
compared to generation-side inertia. Unlike the relatively uni-
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form inertia of synchronous generators, load-side inertia varies
due to the diverse nature of loads, such as synchronous motors,
asynchronous motors, and static loads, each responding differ-
ently to frequency disturbances. This variability, along with the
need to capture dynamic behavior across regions and varying
conditions, complicates accurate measurement and modeling
of load-side inertia. The energy stored in the electromagnetic
fields and rotating components of load equipment responds
instantly to frequency deviations, stabilizing the system and
providing crucial time for primary frequency modulation (FM)
[20]-[25]. These complexities necessitate advanced data-driv-
en and dynamic modeling approaches to effectively assess
load-side inertia.

Motor load is primarily characterized by its rotational power,
providing rotational inertia to the system. This characteristic
implies that when there is a power imbalance in the system,
the rotor shaft of the equipment decelerates, converting the
mechanical energy stored in the rotor into electrical energy,
thereby affecting the system’s power balance. Since most loads
are asynchronous motors with complex mechanical and elec-
tromagnetic characteristics, the overall inertia on the load side
is inherently time-varying.

Static load, on the other hand, is characterized by its volt-
age-power relationship, providing voltage characteristic inertia
to the system. The power changes in response to voltage fluc-
tuations, compensating for power imbalances and mitigating
frequency changes in the system.

As mentioned above, it is concluded that the inertia effects
from different sources collectively influence the power changes
in the load. Therefore, the equivalent inertia of a load is quanti-
fied by the rate of change in its power.

Power system rotational inertia refers to the energy stored in
the rotating shaft of a machine at rated speed. The inertia con-
stant A for a single mechanical shaft is calculated as follows:

Ja? ;

where H is in s, J is the moment of inertia in kg-m’s, S, is the
rated capacity and @, is the rated speed.

When there is a power imbalance in the system, frequency
changes occur. The rotational kinetic energy of the rotor re-
sponds by decreasing the rotor speed and, consequently, the
frequency. The rate of frequency change depends on variations
in active power and system inertia. The dynamic behavior of
system frequency is described by the equation of motion for
the rotating mass.

YO p-r-ar @

where P,, is the mechanical power to drive the shaft of rotor in
p.u., P, is the power through machine air gap in p.u.. Thus, the
single device rotating inertia is obtained.

_AR®

LI@ ©)
dr

As in (9), it defines the relationship between power and fre-
quency for the rotating inertia, but it accounts for the sum power
of the rotating mass. However, since the load side comprises not
only asynchronous motors but also static loads, which have volt-
age-power characteristics, AP, alone cannot represent the power
change in static loads due to voltage fluctuations. Another quanti-
ty is needed to represent the power change in static loads.

U

AR = PLO[kz(U

L )2+k1~(

Lo

U
UL )+k,] (10)

Lo

where P, is the load active power before disturbance, U, is the
load node voltage, &_ is the constant impedance load ratio, £; is the
constant current load ratio, &, is the constant power load ratio.

In summary, the load inertia of a region comprises both rota-
tional inertia and voltage characteristic inertia. The total power
change in an area equals the sum of the power changes of each
device within it. After a disturbance, the frequency does not
have a unique value across the entire area, necessitating the
definition of a representative average frequency signal for the
system. This signal is represented by f£.;.

Jeoi (D) 2/ (11)

n

where f{7) is the frequency variation of each device in the area,
n is the number of devices in the area. Therefore, the area
equivalent inertia is defined as follows:

D APR(+AR AP
e 2 dfc‘:oi (t) B 2 df(‘:oi (t) (12)
dr dr

According to (12), the error of H,,, is directly related to the
error of £, ; in the area. The f,; represents the average response
level of all load inertia in the area. The traditional method artifi-
cially divides an area with different load inertia response levels,
making f; ., values difficult to accurately represent the true
value levels of all loads in the area, leading to an error Af; .
The proposed clustering method divides the loads with similar
frequency responses into an area, where the £, ,, values are
closer to the true values, resulting in a smaller error Af,
Consequently, Af.; ., > Af.

To achieve this aim, simulation validation is conducted to
compare the error and cumulative error of the two methods.
Additionally, mean absolute error (MAE) and root mean square
error (RMSE) are introduced to quantify the improved accura-
cy of the proposed method. The detailed data demonstrate that
the accuracy of the proposed method is improved across sever-
al dimensions.

oi_pro*
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Fig. 2. System architecture diagram.

TABLE III
GENERATOR PARAMETERS

Generator S/MVA  P/MW  Inertia/s  Type
Gl 5500 — 6.4 swing
G2 2200 1800 7 PV
G3 200 180 7 PV
G4 2700 2500 8 PV
G5 5000 4500 6 PV
G6 5900 5000 7 PV
G7 4900 4500 7 PV
TABLE IV
LoAD PARAMETERS

Load P/MW QO/Mvar

L1 1.1 330

L2 33 990

L3 5.5 1650

L4 33 990

LS 4.4 1320

L6 4.4 1320

L7 2.2 660

L8 6.6 1980

L9 1.1 330

L10 22 660

L11 2.2 660

L12 6009 52

L13 15500 3001.2

III. CASE STUDY

A. Configuration Setup

The system depicted in Fig. 2 is constructed using the MAT-
LAB/Simulink platform. The simulation hardware used is a PC
equipped with an Intel® Core (TM) i7-1250 CPU and 16 GB
of RAM. The nominal frequency is set to 50 Hz, the simulation
sampling points is 7.5%10" s. Detailed parameters of the sys-
tem are presented in Tables Il and I'V.

B. Load-Side Area Equivalent Inertia Estimation

Following the method outlined in Section II, frequency data
from 13 loads are sampled within 0 to 1.2 s of the system fre-
quency fault occurrence. These frequency response samples are
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Fig. 3. The clustering results of the frequency response curves. (a) Fault 1. (b)
Fault 2. (c) Fault 3.

then constructed, trained, and clustered, with the number of cat-
egories selected as K=4. Additionally, three-phase short-circuit
faults are set to occur in three different locations. The clustering
results of the frequency response curves are depicted in Fig. 3,
while the load side clustering results are presented in Figs. 4-6.



6 CPSS TRANSACTIONS ON POWER ELECTRONICS AND APPLICATIONS, VOL. 10, NO. 1, MARCH 2025

4 Fault location

————— - <> Areal
- Area2
G5 Area 3

Area 4

G6

L4 Ls u*z G7

Al L3

L13 4 Fault location
<> Areal
G5

Area2
Fig. 5. System clustering results under Fault 2.

Area3
Area 4

4 Fault location

> Areal

> Area2
Area 3
Area 4

Fig. 6. System clustering results under Fault 3.

As evident from Figs. 3-6, each load exhibits varying abili-
ties to resist faults. The frequency response data of the loads are
input into the K-means clustering model, clustering loads with
similar frequency response characteristics into the same area.
However, when fault operating points change, load resistance to
frequency disturbance is affected, rendering previous clustering
results inapplicable to the new scenario, leading to changes in
the system network clustering.

The proposed dynamic clustering method adapts to different
fault scenarios, achieving corresponding clustering results, while
the traditional method remains static, resulting in fixed aggre-
gation results under varying faults. By considering the dynamic

Fault location
Traditional Method
Proposed Method

Q) G5

Fig. 7. Clustering of Load 6 for traditional methods and proposed methods
under Fault 1.

clustering of the system under multiple operating conditions, the
accuracy of inertia estimation in each area is enhanced.

To evaluate the proposed method’s performance, its errors
were compared with those of the traditional method. The accu-
racy of H,,, can be demonstrated by verifying the accuracy of
f.i according to the mapping relationship in (12). An example
involving Load 6 under Fault 1 is depicted in Fig. 7. The errors
in different dimensions confirm that the proposed method out-
performs the traditional method.

As depicted in Fig. 7, considering Load 6 under Fault 1 as
an example, the traditional method divides loads L4, L5, L6,
and L13 into a fixed area, while the proposed method employs
data-driven clustering, grouping loads L2, L3, L4, and L6 into
the same area. Comparing the partitioning results of the two
methods, it’s evident that the frequency response curves within
the area in the proposed method are more similar, whereas the
frequency response curves within the area in the traditional
method exhibit some differences, as shown in Fig. 8.

The error curve in Fig. 8. represents the standard deviation.
Standard deviation, also known as standard error, is the square
root of the average of the squared deviations from the mean.
It is the arithmetic square root of the variance. The standard
deviation reflects the dispersion of a data set and can intuitively
show the degree of deviation. The smaller the standard devia-
tion, the less the values deviate from the mean, and vice versa.

Error =

zi:] (f; _ch)z (13)
N

The discrepancy between the actual value and the estimated
value constitutes the error, as depicted in Fig. 9. The cumulative
error is illustrated in Fig. 10. MAE and RMSE are set as evalua-
tion metrics, and the results are presented in Figs. 11 and 12.

As depicted in Fig. 11, the MAE accuracy of the proposed
method is improved by 44.65%, 20.81%, and 38.44% un-
der three different faults, respectively. Similarly, in Fig. 12,
the RMSE accuracy of the proposed method is enhanced by
52.26%, 53.42%, and 47.71% under the same three faults, re-
spectively.
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Next, the inertia estimation model is applied to estimate the
system inertia. Taking Fault 1 as an example, data from 0 to
1.5 s after the fault is selected for equivalent inertia estimation.

Inertia (s)

Proposed M 3hud T

= = Actual Value *
"""""""" Traditional Mgthod
0 0.75 15
Time (s)

Fig. 13. Inertia estimation results under Fault 1.
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Fig. 14. Accumulative estimation error under Fault 1.

Following the frequency event, 120 sampling points are chosen
from the time series data with a sampling interval of 0.0075 s.
The inertia results obtained initially exhibit singular values. To
address outliers, the conformal cubic interpolation (PCHIP)
method is employed to fill in the outliers, and the percentile
method is utilized to define the outliers, with upper and lower
thresholds set to 15 and 90, respectively. Finally, the inertia
estimation results are obtained, as shown in Fig. 13, while the
cumulative estimation error is illustrated in Fig. 14.

Due to changes in fault transient operating points and load
frequency response curves, the historical £ ; of the area may not
be applicable to new operating conditions, leading to inaccura-
cies in inertia estimation using traditional methods. However,
the application of the proposed method has shown promising
results, indicating its effectiveness in adapting to changing sys-
tem dynamics and improving the accuracy of inertia estimation.

C. Influence of Different Types of Load and Geographical Dis-
tribution Differences on System Inertia

To estimate the inertia of different types of load, a single
motor and a single static load are used as examples.

As shown in Fig. 15, the inertia contributed by different
types of loads has varying impacts on the system. The rotation-
al inertia provided by motor loads is more substantial than that
of static loads. To illustrate the influence of geographical dis-
tribution on system inertia, changes in the magnitude of each
load distribution coefficient are considered. Specifically, load
distribution scenarios are adjusted based on data from [8].

As shown in Fig. 17(b), the size of the distribution coeffi-
cient for L1 is increased by 10%, L4 is increased by 30%, L8
is increased by 45%, LS5 is reduced by 10%, L9 is reduced by
25%, L11 is reduced by 55%.

As depicted in Figs. 16 and 17, variations in the geographic
distribution of loads impact the system inertia distribution.
Under the same disturbance, differences in load distribution
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Fig. 15. Inertia estimation of motor load and static load.
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Fig. 16. The clustering results of the frequency response curves under geographical
differences: (a) before and (b) after the change of load distribution coefficient.

result in distinct load frequency rate-of-change curves, which
are clustered using the proposed method. Regions with similar
geographic characteristics exhibit the same level of frequency,
representing a uniform inertia level. This demonstrates that the
inertia level within a system area shifts as the geographic dis-
tribution of loads changes.

IV. CoNCLUSION

This paper proposes a data-driven method for estimating
area equivalent inertia on the load side system, aiming to en-
hance the accuracy of equivalent inertia estimation. The pro-
posed method dynamically clusters the system into equivalent
areas based on the spatial distribution of inertia behavior. The
study cases are conducted using the IEEE 29 buses system.
Simulation results demonstrate that the proposed method
achieves higher estimation accuracy than the traditional meth-
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Fig. 17. System clustering results under geographical differences: (a) before
and (b) after the change of load distribution coefficient.

od across various transient responses.
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