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To address the optimal allocation of virtual inertia as a replacement for rotating inertia in power systems, this
paper proposes a virtual inertia optimal allocation method. First, the calculation method for determining the
minimum inertia requirement of power systems with high penetration of renewable energy is clarified. Next,
considering factors like frequency stability and virtual inertia investment costs, a virtual inertia optimization
allocation model is constructed with the goals of minimizing the frequency security index and investment costs,
subject to constraints such as critical inertia, rate of change of frequency, and maximum frequency deviation.
And the grey wolf algorithm is utilized to solve this model. Finally, the modified WSCC 9-bus system and IEEE
39-bus system are simulated to validate the effectiveness and universality of the proposed model in optimally
allocating virtual inertia while balancing frequency stability and investment costs.
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1. Introduction

With the vigorous development of new power systems,
large-scale wind, photovoltaic and other new energy power
generation equipment are gradually replacing traditional
synchronous machines in grid connection [1]. However,
the random, unstable and weak/no inertia characteristics
of wind and photovoltaic power generation pose serious
threats to the safety and stability of the operation of new
power systems. The power outage incidents in Australia
in 2016 and in the United Kingdom in 2019 were both
attributed to insufficient system inertia support and fre-
quency regulation capabilities during the occurrence of
faults [2].

In recent years, there has been significant development
in the field of virtual inertia technology, which utilizes
power electronic control to provide new energy sources
with inertia support capability [3]. Among these technolo-
gies, the most effective in terms of inertia support is the
Virtual Synchronous Generator (VSG) [4]. The lacking iner-
tia of new power systems can be compensated by virtual

inertia. However, determining the required amount of vir-
tual inertia to be provided by each VSG is a crucial problem
that needs to be addressed.

Firstly, we need to determine the total virtual inertia
required by the system. Prior to this, we must calculate the
critical inertia, which represents the overall inertia demand
after the integration of new energy sources. Subsequently,
we need to study the allocation of virtual inertia within the
grid. The rational allocation of virtual inertia can improve
the frequency stability of the power system and also help
reduce the investment cost of Virtual Synchronous Genera-
tors. Due to the influence of the grid topology and spatial
characteristics, different distributions of virtual inertia will
have different impacts on the frequency stability of the sys-
tem [5]. Literature [6] proposed a linear network reduction
model of power systems based on the two-norm perfor-
mance index to consider the inertia location problem, and
proposed a solution method through an explicit gradient
formula; Literature [7] further considered the robust iner-
tia allocation problem based on this, optimizing according
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to the worst-case disturbance location; Literature [8] con-
structed an objective function based on the two-norm of the
Liapunov function and improved the fireworks algorithm
to improve the solving performance and accuracy of re-
sults; Literature [9] took the maximization of the damping
ratio in the maximum oscillation mode as the optimization
objective, and took the related parameters in the control
method of virtual inertia as optimization variables, and
constructed the optimal distribution model of virtual iner-
tia under the constraints of frequency security and stability,
and adopted the Newton method as the solving method;
Literature [10] established a second-order mathematical
model of power systems for small disturbance analysis,
considering the related parameters of virtual inertia, taking
the two-norm Liapunov function as the objective function
to seek the influence of inertia configuration on the fre-
quency stability of the system, and proposed the centroid
interpolation optimization algorithm of Voronoi diagram;
Literature [11] numerically solved the problem of virtual
inertia and damping allocation between inverters in power
grids, using semidefinite programming relaxation to solve
non-convex problems, and proposed an embedded feasi-
bility distributed method within the alternating direction
multiplier framework.

In summary, the mechanism of how the distribution
of virtual inertia in the system affects frequency is quite
complex, and existing literature has not fully studied it.
Moreover, most literature does not consider the cost issue
of virtual inertia provided by distributed energy resources.
Therefore, this paper proposes an optimization allocation
method of virtual inertia that considers investment cost
issues. First, the critical inertia of the power system is
calculated by swing equations. Then considering grid fre-
quency indicators and cost factors, an optimization alloca-
tion model of virtual inertia is constructed, and the gray
wolf algorithm is used to solve the optimal solution of this
model. Finally, simulations are carried out on the modified
WSCC 9-bus model and IEEE39-bus model for verification.

2. Critical inertia

2.1. Inertia and Power System Frequency Safety

The inertial response of a power system is to resist fre-
quency changes caused by external disturbances. It can
slow down the speed of system frequency changes and is
an important factor in ensuring frequency stability of the
system. The inertia constant H is generally used to charac-
terize the size of the generator’s inertia, which represents
the ratio of the generator’s kinetic energy Ex at rated speed
to its rated power S, [12]:

Ex

H= ST) O

When a power system is subjected to a disturbance,

inertial response is the system’s first reaction. According to

the swing equation, during this process, the kinetic energy

stored in the synchronous machine is converted into inertial

support power, which is always equal to the deviation

between mechanical power and electromagnetic power
[13]:

ZH% = P — P — DA @)

where H is the generator’s inertial time constant; f is the
generator frequency; P, is the generator mechanical power;
P, is the generator electromagnetic power; D is the gener-
ator damping coefficient; Af is the deviation between the
generator frequency and rated frequency.

Therefore, inertia plays an important role in maintaining
the safe and stable operation of the system. It can provide
frequency support when faults occur in the power system,
slow down the rate of change of system frequency, and
buy time for primary frequency control, which is an indis-
pensable link in maintaining the frequency stability of the
power system.

2.2. Method for Calculating Critical Inertia of Power Sys-
tems

For a synchronous machine, according to the swing equa-
tion, the mathematical model of its frequency change dur-
ing the inertial support period can be obtained. The fre-
quency response of a power system after a contingency can
be divided into three time scales: inertial response, primary
frequency control (PFC), and secondary frequency control
(SFC). During the inertial response, frequency control is
not actively involved, and the damping effect is relatively
small compared to the inertia effect. The frequency char-
acteristics of the power network are primarily influenced
by the system’s inertia. Thus, when calculating the inertial
time constant, damping can be disregarded. And Eq. (2)
can be transformed into Eq. (3).

df _ Pm—Pe
dt  2H

Integrating both sides of the equation with respect to

®)
time gives:

[ Pm-Pe 1
f_'/TdH—C_ZH/APdH—C )

where AP is the imbalance power at the generator node
after disturbance; C is the constant term after integration.
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Then considering the mathematical model of the overall
frequency change of the power grid, assume there are p syn-
chronous generators and q virtual synchronous machines
in the entire power grid. Since virtual synchronous ma-
chines also use the swing equation to provide inertial sup-
port to the system, their frequency change during the iner-
tial support stage can also be represented by Eq. (4). There-
fore, when considering the entire power system, Eq. (4) can
be expanded to:

P‘W

= APidt +C 5
foo = 3 L/ ©)

where f.; is the frequency at the center of inertia in the
power grid; Hgysis the system inertia constant; AP; is the
imbalance power at each generator node.

When measuring frequency stability during a distur-
bance, RoCoF and frequency extremes are key metrics [14].
China’s power system generally uses the maximum fre-
quency deviation after a fault disturbance as a constraint
condition. Therefore, this section focuses on studying the
impact of frequency extremes on critical inertia after a dis-
turbance. The calculation method for frequency deviation
is shown as follows:

Af:fcoi *fo (6)

where f, is the Rated frequency.
And Eq. (5) can be transform to Eq. (7):

2 fAPdt

2f coi —

Combining Egs. (6) and (7), the mathematical model of

Hsys = (7)

the equivalent inertia constant at this stage can be obtained
as:

2 [ APt
(Af+fo— C)

where Af.y is the maximum frequency deviation at the

Hsys = (8)

inertia center, fj is the rated frequency of the power system.

By the above equation, when the maximum frequency
deviation Af.; is known, the minimum required rotational
inertia of the power system, referred to as the critical inertia
, Hsys,min can be obtained:

+
lzn f AP;dt

i=1
2(Afmax +f0_C) (9)

Hsys,min =

3. Model for optimizing allocation of virtual inertia

When the inertia provided by synchronous generators in
the power system cannot meet the system’s requirements,
virtual inertia support needs to be provided by new energy
sources to maintain the safe and stable operation of the
power system. The inertia at different nodes of the power
grid is different and has different influence on the frequency
recovery ability of the system after failure. This paper
establishes an optimization allocation model for virtual
inertia to reasonably allocate virtual inertia and enhance the
system’s disturbance resistance capability. This section will
introduce the virtual inertia optimization allocation model
from three aspects: the objective function, constraints, and
optimization algorithm.

3.1. Objective function

The primary objective of optimally allocating virtual in-
ertia in this paper is to enhance the system’s disturbance
resistance capability and improve system stability. Litera-
ture [15] proposed the Frequency Security Index (FSI) to
quantitatively evaluate the frequency security (including
transient and steady-state) of a power system under spe-
cific operating conditions, with quantitative definitions of
unsafe, safe and absolutely safe boundaries as shown in
Table 1. This paper only considers the impact of inertia on
system frequency characteristics and focuses on frequency
metrics during transient processes, i.e. rate of change of
frequency and maximum frequency deviation.

Table 1. Frequency index.

Indicators ~ Absolute safety Safety Unsafe
Af &min - Afmax - Afrnax Afmax
[IROCOF|  Bmin - RoOCoFmax B -ROCOFmax  ROCOFmax

China has detailed provisions for the maximum fre-
quency deviation during frequency dynamic processes
based on the three-level verification standards for fre-
quency stability in engineering simulations [16]. However,
China does not have corresponding provisions for RoCoF
during frequency dynamic processes. Therefore, this paper
refers to the provisions in literature [17] to set the unsafe,
safe and absolutely safe boundaries for RoCoF. The final
FSI boundary parameters are shown in Table 2.

Table 2. FSI parameter.

Parameters Numerical Parameters Numerical
Afmax(Hz) 0.6 Xmin 0.2
RoCoFmax(Hz/s) 1.0 Bmax 0.9
Xmax 0.9 Bmin 0.2
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The overall calculation process of FSI is shown in Fig. 1,
which clearly shows the inputs, calculation process and

Simulation Power system model
under normal operation

Calculate the S/
boundaries of each ~ —;
characteristic

outputs of FSL.

Frequency curve
after contingency

l

Calculate the Af
selected frequency
characteristics | RoCoF

Get the FSI based on
each frequency
characteristic

A 4

Fig. 1. FSI calculation process.

In addition, considering the economic factors of virtual
inertia optimal allocation, the energy sources and methods
for distributed energy resources to provide virtual inertia
have some differences, and the costs will accordingly have
some differences. Therefore, considering the investment
cost of equipment, simplifying the cost of different types
of distributed energy into different cost coefficients. The
investment cost function is shown below:

Cu=C ) Hi+C) Hu+C3) H (10)

where Cy is the total investment cost required for pro-
viding the total virtual inertia.; ) H, and C; are the total
virtual inertia provided by n storage power stations and its
corresponding cost coefficient; ) Hy; and Cp are the total
virtual inertia provided by m photovoltaic power stations
and its corresponding cost coefficient; ) H; and C3 are the
total virtual inertia provided by 1 wind farms and its corre-
sponding cost coefficient.

In summary, the objective function of the virtual inertia
optimization allocation model constructed in this paper
consists of two parts: the FSI of the wind farm system and
the investment cost function. In order to carry out unified
optimization processing, both are normalized to obtain the
following objective function:

minF:u( Af

fRoCoF > Cu
+b
Afmax

R0oC0Fmax YHu+ Y Hy+Y H
(1)

where a represents the weight of FSI in the objective func-
tion; b represents the weight of investment cost in the ob-
jective function; A fimax is the critical value of the maximum
frequency deviation unsafe in Table 1, RoCoFmay is the
critical value of the rate of change of frequency unsafe in
Table 1.

3.2. Constraint conditions

Combining the critical inertia in Chapter 1 and the objective
function constructed in the previous section, constraints

will be imposed on the total virtual inertia, maximum fre-
quency deviation, and RoCoF, so that the solution of the
objective function can better conform to the actual situa-

tion.

3.2.1. Virtual inertia constraint

According to reference [18], the total inertia of the new
power system can be calculated by the following formula,
assuming there are i synchronous machines and j virtual
synchronous machines:

LH;S; + L HY'S;

Hos = =5 vvs (12)

where H; represents the inertia constant of synchronous ma-
chine 7; S; represents the capacity of synchronous machine;
H}’l represents the inertia constant of virtual synchronous
machine; S; represents the capacity of virtual synchronous
machine.

To ensure safe and stable operation of system frequency,
the total system inertia should be greater than the critical
inertia. The total system inertia consists of the inertia of
traditional synchronous machines and the virtual inertia
provided by virtual synchronous machines. The inertia
of traditional synchronous machines is fixed, while the
virtual inertia is generated by simulating the swing equa-
tion of synchronous machines through controlling power
electronic devices, and its size can be adjusted. Therefore,
when the rotational inertia of synchronous machines is
insufficient to meet the system requirements, the virtual
inertia can be adjusted to satisfy the inertia needs of the
system. Combining Eq. (7) and Eq. (10), the total virtual
inertia should satisfy the following condition:

ZH]‘/IS]' = Hsys (Zsi Jrzsj) 7ZH1‘S,' > Hsys,minzsj

(13)

3.2.2. Maximum frequency deviation constraint

After the system is disturbed by faults, the maximum fre-
quency deviation and RoCoF of grid inertia are generally
used as parameters to judge whether the system frequency
is stable. Whether the third line of defense high-frequency
tripping device is activated depends on the maximum
frequency deviation value. To avoid triggering the high-
frequency tripping device, and considering China’s regu-
lations on the maximum system frequency deviation, the
maximum frequency deviation of the system needs to sat-
isfy the following constraint condition:

|Af| < Afmax (14)
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3.2.3. RoCoF constraint

The RoCoF is related to the scale of the fault disturbance
and the size of the system inertia. Whether the RoCoF relay
protection device operates also depends on the magnitude
of the RoCoF. Therefore, in order to avoid triggering the
RoCoF relay protection device, the RoCoF should be less
than the maximum value specified by the system, that is:

APfy
2Hsys

RoCoF = < RoCoFmax (15)

Finally, the Optimization model is shown in Eq. (16).

Af fRroCoE

Minimize F=a (530 +
subject to: ) H}’lsj > Hgys min 2 5;
|Af] < Afmaxn
RoCoF < RoCoFpax n
(16)

3.3. Grey wolf algorithm

The objective function of the virtual inertia optimization
allocation model is highly non-convex, and traditional con-
vex optimization algorithms can hardly effectively solve
this problem. However, in recent years, swarm intelli-
gence algorithms have been widely recognized as an ef-
fective method to solve non-convex optimization problems.
Among them, the GWO algorithm solves optimization
problems by simulating the social behaviors, collaborative
cooperation and search strategies among grey wolf individ-
uals [19]. Compared with other optimization algorithms,
the grey wolf algorithm has stronger search ability and
faster convergence speed, and is easy to implement. There-
fore, it has strong practical value and application prospects
in the optimization of practical problems [20].

The flowchart of using the grey wolf optimization algo-
rithm to solve the virtual inertia optimization allocation
model is shown in Fig. 2.

Where the target position of the wolf pack and the posi-
tion calculation formula of the search population are shown
below [19]:

D= |C-X,(t)— X(t)] (17)

X(t+1)=Xp() ~A-D (18)

where t represents the current iteration; A and Care coef-
ficients to be calculated [20]; X} is the position vector of
the prey; X(t) is the current position vector of the wolf
pack; X(t + 1) represents the next position vector of the
grey wolf.

The coefficient vectors a , A and C can be determined
by the following formulas [20]:

Cu
RoCoFmaX> tbhyrmar e

a(t) =2(1—t/M) (19)
A=2a-r—a (20)
C=2-1 1)

where a will decrease linearly from 2 to 0 during cyclic
iterations; ry and r, are randomly generated vectors from
[0,1]; M is the final number of iterations set.

4. Simulation experiment and analysis

In order to verify the effectiveness of the virtual inertia
optimization allocation model constructed in this paper,
the model code was written in python, and experiments
were conducted on the modified WSCC 9-bus system and
IEEE 39 bus system. All simulation models and results
were obtained using the power system analysis software
tool Dome [21].

4.1. WSCC 9-bus system

The single-line diagram of the modified WSCC 9-bus sys-
tem is shown in Fig. 3. In this paper, the original syn-
chronous machines G2 and G3 in the WSCC 9-bus system
are replaced with two virtual synchronous machines VSG1
and VSG2.

The synchronous machine models in the system are
fourth order two axis models, equipped with Turbine Gov-
ernors (TG) and Automatic Voltage Regulators (AVR). Both
VSG use nonlinear state space models. In addition, a static
VAR compensator is installed on system bus 8.

The data of the 3 generators in the simulation model are
shown in Table 3. The data of WSCC 9-Bus System can be
found in reference [22]. The active power output of each
device is represented by per unit(pu), with a base value of
100MW. Except for buses 1, 2, and 3, the bus voltages of
the remaining buses are 230kV. The inertia constant H of
synchronous machine G1 is set to 23.64 MWs/MVA, and
the initial inertia constants of the two VSG are set to 0.1.
More detailed parameters of the simulation model can also
be found in reference [22]. In addition, it is assumed that
VSG1 and VSG2 represent energy storage stations and pho-
tovoltaic power stations respectively, and the investment
cost coefficients of virtual inertia C1:C2 = 1:1.1.

In the experiment, considering the balance between solv-
ing speed and result accuracy, after multiple simulation
experiments and calculations, when the population size
of the grey wolf algorithm is set to 20 and the maximum
number of iterations is set to 50, a satisfactory optimal so-
lution can be obtained. In this experiment, according to the
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Initialize parameters: population size,
iterations, variables, a, A, C, etc.

v

Initialize the positions of a, f#
and 0 gray wolves.
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and 0 gray wolves.
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imum iterations,
Y

Output the optimal gray wolf position
and its corresponding objective
function value.

Solution vector.

[x1, % .. xa] 3
Calculate the Fyp; — ——» Hy, H,. ..., H, of VSGs
-
RoCoF
Z f‘o Obtain the f.,; of the system by

Set the equivalent inertia constants

simulation experiment .

.

Get the RoCoF and A f.«

End

Fig. 2. GWO calculation process.

Table 3. FSI parameter.

Equipment Rated voltage/kV

Parameters/pu  Numerical/ MW

Gl 16.5
VSG1 18.0
VSG2 13.8

0.8 247.5
1.63 192
0.85 128

N
|

o

6

L

5 O

1

Fig. 3. Modified WSCC 9-Bus System.

limitations of the rate of change of frequency and the maxi-
mum frequency deviation, considering that the system has
a power shortage of 45SMW due to sudden load increase,
the convergence curve of the objective function F of the
virtual inertia optimization allocation model obtained ex-

perimentally is shown in Fig. 4. Table 4 shows some data of
the optimal inertia constant values, RoCoF and maximum
frequency deviation of VSG1 and VSG2 at each iteration
during the experiment.

We chose ten different optimization algorithms to solve
the model constructed in this paper. The 10 algorithms are
ABO(Artificial Bee Colony Optimizer), AFS(Artificial Fish
Swarm Algorithm), DE(Differential Evolution), FA (Fire-
works algorithm), GA (Genetic Algorithm), GWO (Grey
Wolf Optimizer), GSA (Gravitational Search Algorithm),
HS (Harmony Search), PSO (Particle Swarm Optimization),
SA (Simulated Annealing). The experimental results are
displayed in Fig. 4 and Fig. 5. Fig. 4 shows the iterative
process of these 10 algorithms and Fig. 5 shows the solution
time of these 10 algorithms. Thus, considering the solving
speed and solving accuracy, we have chosen the gray wolf
algorithm.

It can be seen from Table 4 that the model has the opti-
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Fig. 4. The iterative process for each algorithm.
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Fig. 5. The Solution time for each algorithm.

mal solution when the equivalent inertia constants of VSG1
and VSG2 are 80s and 24.4s. And the virtual inertia opti-
mization allocation model constructed in this paper fully
considers the investment cost of virtual inertia, and the
RoCoF is within the absolutely safe range and the maxi-
mum frequency deviation is within the safe range when
the optimal solution is obtained.

Table 5 compares the optimisation model proposed in
this paper with existing optimisation models. The objective
function of the optimization model of the existing research
only focuses on the aspect of system frequency stability,
without considering the economic factor of virtual inertia.
And the grid model used in the simulation is relatively sim-
ple. The optimization model in this paper not only ensures
the safety and stability of the system frequency through
two specific indexes, namely, RoCoF and frequency devia-
tion, but also makes a preliminary exploration of the cost
factor of virtual inertia. And the grey wolf algorithm can
be guaranteed in solving speed and accuracy compared
to other algorithms. The model has ultimately verified by
the WSCC 9 and IEEE 39 systems, and the simulation re-

sults show that show that the model has excellent general
applicability.

4.2. TEEE39 bus system

This section verifies the versatility of the virtual inertia
optimization model proposed in this paper through sim-
ulation experiments on the modified IEEE 39-bus system.
The system single-line diagram is shown in Fig. 6.

In this paper, the 5 traditional synchronous machines
on buses 5, 6, 7, 8, and 10 are replaced with 5 virtual syn-
chronous machines. The data of the 10 generators in the
simulation model are shown in Table 5. The data of IEEE39-
bus system can be found in reference [22]. The voltage
amplitude and active power output of each generator are
represented by per unit (pu), with the rated voltage base
value specified as 345kV and the active power base value as
100MW. Except for the generator buses, the rated voltage
of other buses is 345k V.

25 26
2 ' T]

11

o3 18
-39 s
9—— — . —
10
8

Fig. 6. Modified IEEE39 Bus System.

The inertia constants H of synchronous machines Gl1,
G2, G3, G4 and G9 are set to 500, 30.3, 35.8, 28.6 and 34.5
MWs/MVA respectively, and the initial inertia constants
of the 5 VSG are set to 1. More detailed parameters of
the simulation model can be found in reference [22]. In
addition, it is assumed that among the 5 VSG, VSG1 is an
energy storage power station, VSG2 and VSG3 are pho-
tovoltaic power stations, and VSG4 and VSG5 are wind
farms, with the virtual inertia investment cost coefficient



3530

Genzhu Wu et al.

Table 4. Process of optimal solution change.

Iterative times ~ Optimal solution RoCoF(Hz/s) Maximum frequency deviation(Hz)

1 [77.4,3.9] 0.092 0.442

5 [80, 27.3] 0.082 0.421

10 [80, 24.4] 0.086 0.432

15 [80, 24.4] 0.088 0.432

20 [80, 24.4] 0.088 0.432

25 [80, 24.4] 0.086 0.432

30 [80, 24.4] 0.086 0.432

Table 5. Comparison of various virtual inertia allocation methods.

Methods Objective function Solution method
Literature [6][7] The 2-norm of Lyapunov function Explicit gradient equation

[6
Literature [8]
Literature [9]
Literature [10]

The 2-norm of Lyapunov function
Damping ratio
The 2-norm of Lyapunov function

Fireworks algorithm
The Newtonian method
Voronoi diagram Algorithm

Model of this paper Frequency deviation + RoCoF+ Cost Grey Wolf Optimizer
Table 6. Parameters of Equipments.
Equipment Voltage amplitude/pu  Parameters/pu  Capacity/pu
Gl 1.03 10.0 1.0
G2 0.982 5.1 1.0
G3 0.983 6.5 1.0
G4 0.997 6.32 1.0
VSG5 1.012 51 1.0
VSG6 1.049 6.5 1.0
VSG7 1.064 5.6 1.0
VSG8 1.028 5.4 1.0
G9 1.027 8.3 1.0
VSG10 1.048 25 1.0

ratio C1:C2:C3=1:1.1:1.2.

In this simulation experiment, the population size of the

grey wolf algorithm was 20, and the maximum number of
iterations was 50. The convergence curve of the objective
function F of the obtained virtual inertia optimization allo-
cation model is shown in Fig. 7. Table 7 shows partial data
of the optimal inertia constant values, RoCoF and maxi-
mum frequency deviation of the 5 VSG after each iteration.

0.98
0.975
0.97
0.965
0.96
0.955
0.95
0.945
0.94
0.935

Objective Function

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 49
Iterations

Fig. 7. IEEE39 bus system objective function.

According to Fig. 7, the virtual inertia optimization allo-
cation model established in this paper also performs well
when facing a complex system. According to Table 7, when
the equivalent inertia constants of VSG1, VSG2, VSGS3,
VSG4 and VSG5 are 90.5s, 38.6s, 17.2s, 1.2s and 4.9s, the
model has the optimal solution. It has achieved a rela-
tively optimal result after 25 iterations, and the conver-
gence speed and computational accuracy are both good.

As can be seen from Table 7, the virtual inertia opti-
mization allocation model established in this paper fully
considers the investment cost problem of virtual inertia
provided by different types of distributed energy resources
when facing complex power systems such as IEEE39. The
maximum frequency deviation is within the safe range,
RoCoF is in the absolutely safe range, enhancing the sys-
tem’s ability to resist interference and leaving more room
for adjustment when the system is disturbed.

5. Conclusion

To solve the problem of virtual inertia allocation of new
energy, this paper establishes a virtual inertia optimization
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Table 7. Process of optimal solution change.

Tterative times Optimal solution RoCoF(Hz/s)  Afmax(Hz) Fovj
1 [77.7,98.6, 28.9, 8.6, 84.9] 0.047 0.478 0.9742
5 [89.9,49.1,79.1,11.4,3.1] 0.050 0.480 0.9589
10 [89.9,49.1,79.1,11.4, 3.1] 0.050 0.480 0.9589
15 [94.9,10.9, 46.3, 8.9, 2.5] 0.051 0.482 0.9526
20 [90.5, 38.6,17.2, 1.2 4.9] 0.052 0.483 0.9513
25 [90.5,38.6,17.2,1.24.9] 0.052 0.483 0.9513
30 [90.5,38.6,17.2,1.24.9] 0.052 0.483 0.9513

allocation model. This model fully considers economic fac-
tors and frequency stability, with the objectives of minimiz-
ing frequency security index and cost, and system critical
inertia, RoCoF and maximum frequency deviation as con-
straints. To solve this model, the grey wolf algorithm is
used as the solution algorithm, which has advantages such
as easy implementation, fast solution and high solution
accuracy.

In summary, the experimental results finally show that
the virtual inertia optimization allocation model estab-
lished in this paper can effectively allocate virtual inertia
while considering investment costs, thus improving the
frequency stability of the system. The model also performs
well on complex power systems, demonstrating strong gen-
eralizability. Future research can further take into account
the spatiotemporal characteristics of the power grid and
more accurately estimate the investment costs of virtual
inertia to establish an even more precise model. In our
future research, we will delve deeper into the temporal and
spatial characteristics of the grid. We aim to accurately esti-
mate the investment cost associated with virtual inertia and
develop a systematic approach to calculate the investment
cost coefficient of virtual inertia. By doing so, we will con-
struct an enhanced optimization model for the allocation
of virtual inertia, resulting in more precise and effective
outcomes.
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