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ABSTRACT The large-scale integration of high-penetration distributed photovoltaic systems into distribu-
tion networks can result in significant grid voltage fluctuations within a short period. However, centralized
regulation instructions for passive/reactive compensation, by themselves, are insufficient for effectively
suppressing these fluctuations. Thus, this study used the grid-forming and grid-following control charac-
teristics of modern power electronic inverters to propose an optimal allocation strategy for reactive power
compensation equipment. This strategy aimed to address the insufficient proactive support capacity in the
reactive power equipment used to suppress short-time grid voltage fluctuations. After establishing uncertain
operation scenarios for the distribution network, we analyzed the respective multi-timescale behavioral
characteristics of traditional, grid-forming, and grid-following reactive power compensation devices. The
primary and auxiliary objectives were to minimize the investment cost of the special equipment and voltage
deviation of the entire network, respectively. To achieve these objectives, we established a collaborative
optimal allocation model for grid-forming and grid-following reactive power equipment. A multi-timescale
cooperative allocation strategy was proposed to decompose the total reactive power demand curves at the
equipment installation nodes into reactive power curves for different response levels and then collaboratively
allocate the multiple devices. A comparative analysis of the three schemes in IEEE 33-node and 69-node
systems shows that the proposed strategy guarantees lower overall network voltages while reducing the cost
by at least 20% compared to those of other schemes.

INDEX TERMS Collaborative optimization allocation, photovoltaic inverter, multi-time scale, grid-forming
control, optimal reactive power.

I. INTRODUCTION
A. MOTIVATION
‘‘Building a new power system with a focus on renew-
able energy’’ is one of the essential measures established
to achieve China’s goals of carbon neutrality and peak
carbon dioxide emissions [1], [2]. The National Energy
Administration of China has also released the ‘‘Fourteenth
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Five-Year Plan for Science and Technology Innovation in the
Energy Sector.’’ The plan aims to make significant advance-
ments in active support and control technologies to inte-
grate renewable power generation with grid voltage control,
thereby smoothly integrating large amounts of renewable
energy into the grid.

The continuous integration of large-scale photovoltaic
(PV) power-generation networks into the grid causes a drop in
the short-circuit capacity of the system, decreasing the volt-
age support capacity. This exasperates the system overvoltage

95840

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

VOLUME 11, 2023

https://orcid.org/0000-0003-2611-4164
https://orcid.org/0000-0002-5078-0696
https://orcid.org/0000-0002-3966-2584


S. Xue et al.: Collaborative Optimization Allocation of GFM and GFL Reactive Power Resources

problem. In turn, this may cause the tolerance level of the
new energy equipment to be exceeded and large-scale off-
grid equipment to become damaged [3], [4], [5]. It is difficult
to maintain the stable and reliable operation of a power grid
using only traditional reactive power compensation equip-
ment. However, utilizing the controllable and diverse func-
tional characteristics of modern power electronic equipment
can greatly improve the grid’s power supply level [6], [7], [8].
In this context, distribution networks with high-penetration
PV systems experience fast and slow fluctuation changes
in voltage; however, the special reactive power equipment
have different time-varying behaviors [9], [10]. As a result,
various pressing issues have arisen. These concern, e.g., the
allocation of installation locations and capacity of special
reactive equipment, reducing investment costs, comprehen-
sively improving the power supply of the distribution net-
work, and achieving the dual goals of improving the economy
and providing effective reactive power compensation.

B. SUMMARY OF CHALLENGES OF PREVIOUS STUDIES
Rationally allocating the capacities of modern power elec-
tronic reactive power compensation equipment and harness-
ing their performance advantages can effectively suppress
system voltage fluctuations, thereby improving the power
supply quality of a grid. In [11], a modified salp swarm
optimization algorithm was used to configure the optimal
position and capacity of a static synchronous series com-
pensator. In [12], the location and capacity of a static var
compensator (SVC) was optimized while considering the
constant and adjustable characteristics of the load, with the
objective of minimizing the network loss and voltage devia-
tions. In other studies [13], [14], [15], [16], the entire network
voltage deviation, network loss, and reactive power com-
pensation cost indexes have been considered. In addition,
optimization algorithms such as whale-hunting algorithm and
particle swarm algorithm have been used to optimize the
location and capacity of a static synchronous compensator
or static var generator (SVG). However, the aforementioned
studies [11], [12], [13], [14], [15], [16] considered different
optimization objectives for the optimization of the configura-
tion of a single dedicated equipment, i.e., without reflecting
the differences between the dedicated reactive equipment.

The synergistic allocation of different dedicated equip-
ment can further improve system operations. Other recent
studies [17], [18] considered the uncertainty in a distributed
generation output. The location and capacity of the SVC
and a thyristor-controlled series compensator were optimized
to minimize network power losses, voltage deviations, and
system operating costs. In [19], the overlapping governance
partitions of reactive power resources were identified and
subdivided. Then, the voltage governance effectiveness was
analyzed to optimize the configuration of the dedicated
equipment. However, modern power electronic devices are
generally expensive despite their multifunctionality and con-
trollability. By contrast, traditional mechanical throwing and

cutting equipment are cheaper. An optimal configuration
combined with those types of equipment can reduce the
investment cost of the dedicated equipment [20], [21]. In [20],
a golden ratio optimization algorithm was adopted to deter-
mine the optimal and simultaneous allocation of capacitors
and distribution static compensators. The aim was to min-
imize the power loss cost, reactive investment cost, and
voltage deviations in a grid. In [21], a two-stage allocation
method was proposed for coordinated reactive power opti-
mization to minimize the equipment investment cost and
voltage deviations. The capacitors were prioritized first, fol-
lowed by the SVGs.

Using PV inverters to enhance the reactive power opti-
mization can further reduce the costs of dedicated reac-
tive power equipment configurations [22], [23], [24], [25].
In [22] and [23], the installation locations and capacities
of multiple types of distributed generation and capacitors
were optimized based on the adjustable power factor char-
acteristics of the distributed generation, distributed power
uncertainty, and demand response plans. In [24], the authors
considered the reactive power capabilities of PV inverters in
a distribution network. An optimization model was estab-
lished to enhance the voltage and minimize the investment
cost. Various constraints were employed, such as a voltage
violation in a probabilistic form. A probabilistic approach
was used to optimize configurations of SVGs and on-load
regulators. In [25], the authors considered the voltage auxil-
iary service function of distributed generation grid-connected
inverters and configured an SVG and voltage-detecting active
power filters with known auxiliary equipment configurations.
In general, the methods employed in the above studies [17],
[18], [19], [20], [21], [22], [23], [24], [25] have reduced the
configuration cost and number of dedicated reactive power
equipment. However, these studies only considered the dif-
ferences in the adjustable capacity steps and costs of power
electronics or capacitors. The fast-response capabilities and
active-reactive-voltage support of the power electronics were
ignored. Moreover, the aforementioned studies largely disre-
garded the resilience of the distribution system. For example,
they optimized equipment configurations based on typical
operational scenarios (or all scenarios). This could lead to
excessive allocations of resources and increased investment
costs.

Incorporating chance constraints into planning models
can ensure steady system operation while further reducing
investment costs. In [26] and [27], a distributionally robust
chance-constrained method was employed to address a con-
servation voltage reduction issue in distribution networks.
Nevertheless, the method predominantly focused on mitigat-
ing the system risks arising from uncertainties in load- and
generation-forecasting errors during optimization. Addition-
ally, the computations involved were rather intricate.

In summary, because distributed power sources have
large-scale access to a distribution network, the grid
voltage significantly fluctuates within a short period of time.
This makes it difficult for reactive equipment to effectively
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suppress the real-time fluctuations of the grid voltage when
relying only on centralized regulation and control instruc-
tions for passive-reactive power compensation. Most existing
studies on optimal reactive power allocation employ reac-
tive power responses of dedicated or part-time equipment to
passively support the grid voltage. By contrast, such studies
rarely consider actively supporting the grid voltage based on
network control of the reactive power equipment. This results
in insufficient capacities in the equipment used to suppress
grid voltage fluctuations. As such, the performance(s) of the
reactive power equipment cannot be fully utilized.

C. CONTRIBUTIONS AND ORGANIZATION
This study aims to consider the reactive power compensation
functions of grid-forming (GFM) and grid-following (GFL)
auxiliary and dedicated equipment. It also aims to reduce the
cost of the dedicated equipment configuration while improv-
ing the network voltage operation level.

The main contributions of this study are as follows.
• A topology-based approach is used to change the
inverter connection for providing the GFM control con-
ditions of the PV inverter cluster, allowing the local
response to be used for auxiliary grid voltage regulation
services.

• Collaboration and control of multiple equipment is per-
formed to facilitate voltage regulation in the grid accord-
ing to the fast/slow characteristics of the reactive power
equipment.

• A chance constraint is used to address grid uncertainty
operation scenarios. A two-layer optimization allocation
model is established to ensure economy and enhance
grid voltage operations.

The rest of this paper is organized as follows. Section II
discusses the establishment of the distribution network oper-
ation scenario through PV and load modeling in Section II.
Section III provides the GFM control conditions for actively
supporting the grid voltage for a distributed PV (DPV)
inverter cluster. Section IV presents a two-layer allocation
model for GFM and GFL reactive power resources. Sections
V and VI analyze the results from case studies on IEEE
33-node systems and IEEE 69-node systems, respectively.
Finally, Section VII draws the main conclusions.

II. UNCERTAIN OPERATION SCENARIOS FOR
DISTRIBUTION NETWORK
Due to the high construction and operational requirements
of wind power plants, wind power is currently mostly used
in large power plants, while small-capacity wind power gen-
eration is less prevalent in distribution networks. Therefore,
this section considers the load of the distribution network
node and DPV power curves. Referring to the method in [28],
the source-load power states are divided and a Markov
chain principle is used to establish the connection between
the different power states. Subsequently, the Gaussian and
Beta distributions are combined to generate the source-load
power.

A. MARKOV CHAIN PRINCIPLE FOR STATE QUANTITY OF
DISTRIBUTION NETWORK
The Markov chain principle describes the state transitions
of a stochastic process. The fundamental concept is that
the current state only depends on the previous state and
is independent of earlier states. Markov chains are exten-
sively applied in common domains such as automatic control
and optimization, prediction, information technology, and
cloud/fog computing [29], [30]. In this study, the behavioral
states of the PV output and load are also considered as a type
of stochastic process, exhibiting a certain degree of temporal
correlation. TheMarkov chain theory can accurately describe
the evolution processes of such states. Compared to other
methods, the advantage of using Markov chains lies in their
ability to provide more accurate state transition probabilities
while having certain advantages in terms of computational
complexity. Hence, this study uses the Markov chain to rep-
resent the behavioral state changes of the PV output and
load in the distribution network. The changes in the station
area power consumption behaviors and PV power output
are in time series. The Markov chain is used to discretize
a continuum of power into distinct states to capture the
power state changes in the PV equipment and station area
in the distribution network. Subsequently, the station area
load historical operation and PV data are used to establish
a correlation relationship between the operation states and
reflect the probabilistic transfer relationship(s) of the states.

Supposing that the state quantity of the distribution net-
work is ss,c at a time t and shifts to ss,l at the next instant,
the conditional probability of shifting is recorded as p1s,c,l
(t) = ps,c,l (t), also known as the Markov shift probability.
The station power consumption time and PV output time
are divided into tti and tpvti periods, respectively. The state
transfer situation in each time period is counted to establish
the system state transfer probability matrix, as follows:

P(t) = Pc(t) =


p11(t) p12(t) · · · p1Ns (t)
p21(t) p22(t) · · · p2Ns (t)

...
...

...
...

pNs1(t) pNs2(t) · · · pNsNs (t)

 , (1)

where Ns is the total number of load or PV output behavior
states and t is the moment.
Additionally, assuming that the probability distribution of

the current state at a certain moment and transfer matrix are
known, the probability distribution of the system state at the
next moment is determined using (2) as follows:

Ps(t + 1) = Ps(t)P(t) =
{
ps,1(t + 1), · · · , ps,Ns (t + 1)

}
(2)

where Ps(t) =
{
ps,1(t), ps,2(t), · · · , ps,Ns (t)

}
, and ps,ss,c (t)

is the probability that the system is in the state ss,c at a
moment t . For current or past states that have occurred,
ps,ss,c (t) = 1 or 0, indicating that the initial state is already a
deterministic event.
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FIGURE 1. Schematic of the state division.

By setting the states ss,c = fs(pss,c ) and fs(x) as the state
mapping functions, the random state at the next moment can
be obtained based on the state probability outlined in (3) [28].

ss,c(t + 1) = fs
0≤ss,c≤Ns

(ps,ss,c (t + 1)) (3)

B. POWER CONSUMPTION STATE MODELING OF
DISTRIBUTION NETWORK STATION AREA
The normal distribution can sufficiently characterize the
uncertainty in the electricity load consumption. The proba-
bility model parameters are influenced by the electricity load
consumption state [31], [32]. The variability in the electricity
load consumption at different station moments is large. In this
study, the stations at each moment on the distribution net-
work node are divided into multiple electricity consumption
states, each corresponding to a normal distribution. Multiple
normal distributions are used to characterize the uncertainty
in the electricity consumption. The maximum and minimum
historical values at each moment are equated by dividing the
load into multiple electricity consumption states, as shown in
Fig. 1.

The total number of load power state divisions is defined
as K. The power probability density of each power state cor-
responds to a normal distribution. Therefore, the probability
density function of the kth power state of the load can be
established based on (4) as follows:

fJ (sL|µk , σk) = φ (sL|µk , σk)

=
1

√
2πσk

exp[−
(sL − µk )2

2σ 2
k

], (4)

where sL is the apparent power of the nodal load. µk and
σk are the mean and standard deviation of the k normal
distribution, respectively.

Because the different nodes in many distribution network
load nodes have similar power consumption curves, data min-
ing the different node power consumption curves results in
node division. This produces node clusters, thereby reducing
the complexity of the distribution network load modeling.

C. PHOTOVOLTAIC (PV) CLUSTER OUTPUT STATE
MODELING
1) PROBABILITY DENSITY MODEL FOR THE LIGHT INTENSITY
Typically, a PV output is approximately linearly correlated
with the light intensity. The light variation obeys a Beta

distribution. A probability density function of the light inten-
sity can be established based on (5) [33] as follows:

fs(xs) =
0(αIr + βIr)
0(αIr)0(βIr)

(xs)αIr−1(1 − xs)βIr−1, (5)

where 0(·) is the gamma function. In addition, xs =

SIr,t/SIrref,t . SIr,t is the light intensity at a time t . SIrref,t is the
baseline light intensity on a clear day at the time t; it can be
taken as a fixed baseline light or can be dynamically corrected
according to different regions and seasons. In this study, the
average baseline light for each season is calculated under
local cloud-free conditions; however, when the historical light
data at a certain time is larger than that of the baseline light,
it is calculated according to the baseline light data. Moreover,
αIr and βIr are the Beta distribution shape parameters. These
can be approximated using the mean value µIr and standard
deviation σIr of the ratio of the light intensity historical data to
the baseline light data, where αIr = µIr[µIr(1 − µIr)

/
σ 2
Ir−1],

and βIr = αIr(1 − µIr)
/
µIr.

According to the probabilistic light intensity model estab-
lished based on (5), the cloud state affects the model param-
eters; thus, the state needs to be divided.

2) CLOUD STATE DIVISION
The cloud coverage level (CCL) indicator indicates the
change in the cloud cover status. The cloud coverage level
at a certain time of day t is established using (6) [28].

fCCL(t) = 1 −
SIr,t
SIrref,t

(6)

Based on the CCL index, the cloud conditions in a day are
divided into LIr levels. Therefore, the cloud states are divided
into several categories. Subsequently, the data for different
cloud states are counted according to (6). The probability
density parameters for the PV output under different cloud
states are calculated according to (5). These can be combined
with the baseline light data on a clear day to derive the PV
output at different moments using (7) [28] as follows:

PPV,sim (t) = Beta(αLIr , βLIr ) ·
SIrref,tPPV,N

SIrref
, (7)

where Beta(·) is the Beta distribution function. αLIr and βLIr
are both Beta distribution parameters for the LIr cloud state.
PPV,N is the grid-connected PV power rating. SIrref is the
standard light intensity and is taken as 1000 W/m2 in this
study.

D. CONSTRUCTION OF THE SOURCE-LOAD POWER
BEHAVIOR STATE TRANSFER MATRIX
Based on the historical data, the probability of the power
consumption state shifting at the node load of the distribution
network at a time t is calculated using (8) as follows:

pss,c,ss,l (t) =
qss,c,ss,l (t)
K∑

ss,l=1
qss,c,ss,l (t)

, (8)
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where qss,c,ss,l (t) represents a sample of the time slot state ss,c.
Here, the station is located at the moment t and is transferred
to the state ss,l after one step.
By applying (5) and (6) to the light data, the probability

of the cloud state shifting at any moment tPc(t) under a
time interval tcd is calculated according to the cloud state
using (9).

pc,scs,c,scs,l (t) =
qc,scs,c,scs,l (t)

LIr∑
ss,l
qc,scs,c,scs,l (t)

. (9)

In the above, qc,scs,c,scs,l (t) is a sample of the cloud state
scs,c at the moment PV t after a one-step transfer to the
state scs,l .
When the number of samples is sufficiently large, the

numbers of statistical samples in (8) and (9) tend to be
probabilistically distributed. The transfer probability can
be approximated using a statistical representation of the
historical samples. This is used in the construction of
the distribution network node power consumption transfer
matrix.

Based on the initial state of electricity consumption, state
transfer matrix, and power probability density corresponding
to each state, the power curves of the distribution network
node load and PV for one day can be obtained for the
construction of the distribution network uncertain operation
scenario. In the power dispatch interval, the load power curve
is treated linearly, whereas the PV power output is solved
according to a data-driven solution. Specifically, the PV
power output state transfer probability of two adjacent power
dispatch moments is used as the PV power output state trans-
fer probability in the power dispatch interval. Additionally,
the PV power output state during the regulation command
interval can be determined according to (2) and (3). The
PV power output value is obtained by combining the power
probability densities of this state.

III. NETWORK CONTROL OF THE DISTRIBUTED PV
CLUSTER CONFIGURATION
Typically, inverters can use the residual capacity for reactive
power compensation. They can be classified according to the
type of reactive power compensation into GFL and GFM
inverters [34]. The external characteristics of GFL inverters
are expressed as current sources and those of the GFM invert-
ers are expressed as voltage sources. Owing to the frequent
light fluctuations and substantial uncertainty, a PV inverter’s
DC voltage is unstable; thus, GFL control is typically used.
However, it is difficult to ensure standard PV generationwhen
GFM control is used. The remaining PV capacity randomly
fluctuates, making it challenging to maintain the voltage
stability of the grid. This section proposes a control structure
for ensuring the average grid-connected power generation of
the distributed PVs while actively supporting reactive voltage
regulation.

A. ANALYSIS OF THE REACTIVE POWER COMPENSATION
MECHANISM OF INVERTER FOLLOWING-/
CONFIGURATION NETWORK-TYPE CONTROL
Most GFL inverters use the component forms of the d-axis
and q-axis to independently control the active and reactive
power, as shown in (10) as follows:{

p = uqiq
q = uqid

(10)

where p and q are the instantaneous active and reactive
powers of the inverter, respectively. uq is the instantaneous
value of the d-axis voltage component of the bus voltage
after the Pike transformation. id and iq are the instantaneous
values of the d-axis and the q-axis current components of
the inverter after the Pike transformation of the three-phase
current, respectively.

The GFM inverter simulates the characteristics of a syn-
chronous generator to regulate the grid operation. Taking the
sag control as an example, the voltage angular velocity of the
inverter control output ω0 and voltage amplitude U0 control
can be expressed using (11) as follows:{

ω0 = ωref + kr(Pref − P)
U0 = Uref + kq(Qref − Q)

(11)

where ωref andUref are the grid frequency and voltage ampli-
tude of the inverter control reference, respectively. Pref and
Qref are the active and reactive power of the inverter control
reference, respectively. P and Q are the actual output active
power and reactive power of the inverter, respectively. kr is
the sag factor for controlling the active power by adjusting the
grid frequency; kq is the sag factor for controlling the reactive
power by adjusting the grid voltage.

The GFM inverter produces active and reactive power to
regulate the bus voltage amplitude and its phase angle to
obtain the desired results. Owing to the unstable PV power
output, the active power output cannot be adjusted following
a grid voltage change. Additionally, its residual capacity is
uncertain and the reactive power output is unstable. The use
of conventional inverters with GFM control makes it difficult
to achieve the effect of frequency and voltage regulation.
Thus, an energy storage device is typically added to the DC
side to control the active power output, but this increases
the investment costs. According to (10)–(11), the reactive
power alone can also be used to simulate the GFM network
characteristics. Thus, this study focuses on the relationship
between the reactive power and voltage; the GFM network
characteristics of the active power and frequency are ignored
when considering the role of the GFM-network-type inverter.

B. COORDINATED CONTROL OF MULTIPLE PV ARRAYS
A conventional DPV generation system consists of a PV
string and grid-tied inverter. In the PV string, several PV
panels are connected in series and several strings of PV panels
are connected in parallel to one inverter. Typically, several
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FIGURE 2. Distributed photovoltaic (DPV) cluster control system topology.

inverters are connected in parallel to the grid for regular
operation [35].

The PV group control system comprises PV strings, invert-
ers, and a reconfigurator. The X group of the PV strings and Y
group of the grid-tied inverters are flexibly connected through
the reconfigurator, as shown in the topology of the PV group
control system in Fig. 2. The reconfigurator is placed on the
inverter side to connect the PV strings and inverters and the
PV string and grid-tied inverter are connected to the recon-
figurator through the DC cable plug. The reconfigurator and
inverter are also connected to a communication interface to
transmit data [35]. The inverter contains current and voltage
sensors for data calculations based on electrical measurement
information regarding the connection between the inverter
and PV array, thereby reducing the investment cost. Owing
to its reduced communication configuration and calculation
requirements, the inverter Y can be efficiently employed for
the control of the group control system operations, further
reducing the investment cost.

All connections between the PV strings and inverters and
starts/stops of the inverters are controlled. In low-irradiance
conditions, the parallel-bridge switches to control theN group
of PV strings, which are connected in parallel to one of the
inverters for generating GFL control power. The other invert-
ers are free to switch to GFM or GFL control according to
the scheduling commands.When the irradiance is sufficiently
strong, the connection is returned to the normal mode and the
inverters are all controlled in the GFL mode. Similarly, the
irradiance (from strongest to weakest process) and number
of inverters connected to the PV strings connected across the
bridge-switch gradually changes from Y to one. The inverters
in the free state will be disconnected from the PV strings
and will only provide reactive power to the grid. They can
be freely switched to GFM or GFL control as needed.

IV. DISTRIBUTION NETWORK CONFIGURATION/
FOLLOWING NETWORK EQUIPMENT COLLABORATIVE
OPTIMAL CONFIGURATION
To reduce the overlaps in the reactive power resource man-
agement areas, the reactive power management areas in the

distribution networks are divided according to the reactive
power zoning method mentioned in [19]. In addition, the
dedicated reactive power equipment are placed according
to the sensitivity of different zoning nodes. Based on the
fast- and slow-response characteristics of the GFM and GFL
reactive power equipment, a multi-timescale collaborative
optimal allocation strategy is proposed for reactive power
resources. The optimal configuration model is established
with the primary decision objective of minimizing the con-
figuration cost of the dedicated reactive power equipment and
auxiliary decision objective of minimizing the voltage devi-
ation of the entire network throughout the day. The primary
decision provides the configuration scheme for the auxiliary
decision; the auxiliary decision provides the desired configu-
ration capacity for the dedicated reactive equipment. Finally,
the configuration results for the dedicated reactive equipment
are obtained according to continuous iterative corrections.
In this study, a shunt capacitor bank (SCB) and SVG are used
as examples of the dedicated equipment.

A. SITE SELECTION FOR DEDICATED REACTIVE POWER
EQUIPMENT
In this study, a zoned reactive power compensation method
is used to divide the distribution network area. The desired
installation locations for the reactive power equipment within
the zoned areas are selected according to a node volt-
age/reactive power sensitivity index [19]. Based on the reac-
tive power zoning method in [19], the node sensitivity index
is used to divide the reactive power regions. The nodes cor-
responding to the maximum average sensitivity degree in the
different areas are then taken as the dominant nodes in the
region.

The partitioning results of the distribution network change
as the grid operation scenarios change. The dominant nodes
in all of the regions of each scenario correspond to one con-
figuration scheme. When studying the optimal cooperative
allocation strategy for distributed reactive power resources,
the dominant nodes selected from regions in different oper-
ation scenarios should be comprehensively considered. Con-
sidering each partition result, the dominant node numbers are
arranged in descending order. The proportion of dominant
nodes in each region is counted and the node numbers below
a certain probability value are discarded. The remaining node
numbers are selected as the set of dominant nodes. They are
used as the candidate installation locations for the SCB and
SVG to ensure the optimization of the regionalized reactive
power of the distribution network and improve the adaptabil-
ity of the strategy.

B. CONSTRUCTION OF OPTIMAL REACTIVE POWER
ALLOCATION MODEL CONSIDERING PRIMARY/AUXILIARY
DECISIONS
Owing to the load and PV fluctuations, it is difficult to main-
tain a minimum voltage deviation for the entire network for
a long time when only considering the time of the command
issuance. Therefore, it is necessary to also consider the volt-
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age distribution of the distribution network during the interval
between two commands to minimize the voltage deviation
in the entire network during that time. Then, the reactive
power output during the interval between two power dispatch
commands can be changed using the SVG or PV inverter con-
figuration network-type control and autonomously regulated
voltage.

1) OBJECTIVE FUNCTION
a: ASSISTED DECISION-MAKING OBJECTIVES
The distribution network load and PV one-day operations
vary as an all-day operation scenario. The sum of the volt-
age deviations in the entire network in the all-day operation
scenario is minimized as the auxiliary decision objective to
establish the objective function F2. This is shown in (12) as
follows:

minF2 =

Tm∑
t=1

n∑
i=1

∣∣Ut,i − U0
∣∣, (12)

where Tm is the total number of moments in a day, and n is
the number of system nodes. Ut,i is the voltage of node i at
moment t; U0 is the nominal value of the node voltage.
To maximize the PV inverter’s configuration network con-

trol function and reduce the dedicated reactive equipment
configuration capacity, it is necessary to ensure that the DPV
group control system generates power while maximizing the
number of free states of the inverters. The operation target
used to establish the DPV group control system is shown
in (13) as follows:

maxF3 = ft,i(PPVinv) · nfr,t,i, (13)

where ft,i(PPVinv) is the output power of the DPV cluster
control system at node i during time t . nfr,t,i is the number
of free-state inverters in the DPV cluster control system at
node i during time t .

The solution of (13) can be determined according to the
switching connection states of the DPV group control system,
where the number of selectable switching connection states is
small. Thus, an exhaustive method can be used to obtain the
number of free-state inverters and total output power of the
group control system under different switching connection
methods.

b: PRIMARY DECISION OBJECTIVES
When configuring SCBs and SVGs for different reactive
power partitions, the auxiliary decision optimizes the set of
uncertain operation scenarios to derive the desired capacity
for the reactive power equipment under different scenarios.
By contrast, the primary decision optimizes the final config-
uration scheme based on the desired capacity. The objective
function for the total investment cost of reactive equipment is
established using (13) [25] as follows:

minC = Cfi + Com, (14)

where C is the total investment cost, and Cfi and Com are
the annual investment cost and operations and maintenance
(O& M) costs of the reactive equipment, respectively.

The annual investment cost is calculated using (14) based
on the equal annual output value methodCfi. Put another way,
it is based on the fixed investment costs of the SCB, SVG,
and PV cluster control systems. The calculations are shown
in (15) [25] as follows:

Cfi = CSCBfi + CSVGfi + CPVfi

CSCBfi = RSCBfi
n∑
i=1

(SSCB,icSCB)

CSVGfi = RSVGfi
n∑
i=1

(SSVG,icSVG)

CPVfi = RPVfi
n∑
i=1

(SPVfi,icPVfi)

R =
r(1+r)Lf
(1+r)Lf−1

SSVG,i = nINSSVG,iQSVGmax,i

SSVG,i = nINSSCB,iQSCBmax,i

(15)

where CSCBfi, CSVGfi, and CPVfi are the annual investment
costs of the SCB, SVG, and PV group control systems,
respectively. SSCB,i, SSVG,i, and SPVfi,i are the SCB configura-
tion capacity, SVG configuration capacity, and total PV group
control system capacity at node i, respectively.QSVGmax,i and
QSCBmax,i are the minimum capacity of the SVG single unit
and SCB capacity per group at node i, respectively. nINSSVG,i
is the number of SVG single units installed at node i; nINSSCB,i
is the number of SCBs per group installed at node i. cSCB,
cSVG, and cPVfi are the unit capacity costs of the SCB, SVG,
and PV group control systems, respectively. RSCBfi, RSVGfi,
and RPVfi are the equal annual value coefficients of the SCB,
SVG, and DPV group control systems, respectively. r is the
depreciation rate of the installed equipment, and Lf is the
service life of the installed equipment.

The O&M costs of the SCBs and SVGs (based on a per-
centage of the fixed investment cost) are calculated using (16)
[25] as follows:

Com = CSCBom + CSVGom + CPVom

= γSCBCSCBfi + γSVGCSVGfi + γPVCPVfi, (16)

where γSCB, γSVG, and γPV are the ratios of the O& M
costs of the SCB, SVG, and PV group control systems to the
investment, respectively.

2) CONSTRAINTS
The system constraints are required to satisfy the equation
and inequality constraints, including the data sampling
moment and sampling interval time period. Taking the
moment t as an example, the equation and inequality con-
straints are established based on (17)–(21).

Both the SCB and SVG optimal joint configuration models
should satisfy the system power balance constraint shown
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in (17) as follows:

Pt,i = Ut,i
n∑
j=1

Ut,j(Gij cos θt,ij + Bij sin θt,ij)

Qt,i = Ut,i
n∑
j=1

Ut,j(Gij sin θt,ij − Bij cos θt,ij)

Pt,i = PL,t,i − PPV,t,i
Qt,i = QL,t,i − QPV,t,i − QSCB,t,i − QSVG,t,i

(17)

where Pt,i and Qt,i are the active and reactive power injected

into node i at a time t , respectively.
n∑
i=1

Pt,i > 0. PPV,t,i and

QPV,t,i are the active and reactive power outputs from the
DPV inverter at node i during time t , respectively. PL,t,i and
QL,t,i are the active and reactive power consumed by the load
at node i during time t, respectively. QPV,t,i, QSCB,t,i, and
QSVG,t,i are the reactive power compensation capacities of
the DPV inverter, SCB, and SVG at node i during time t ,
respectively. Ut,i and Ut,j are the voltages at nodes i and j
during time t , respectively. Bij and θt,ij are the effective values
of the voltage at nodes i and j during time t , respectively. Gij
is the line conductance and electroneutrality between node i
and node j; θt,ij is the voltage phase angle difference between
node i and node j at time t .

Considering the slow response of the SCB reactive power
compensation tracking and limitation on the number of cut-
tings in a day, the SCB cuttings also need to meet the
minimum time of 1 h. The SCB reactive power compensation
constraint is calculated as follows:

0 ≤ NC,t,i ≤ NCmax

QSCB,t,i = NC,t,i · qC
Tm∑
t=1

kC,t,i ≤ KC

(18)

where NC,t,i is the number of SCB cut groups at node i during
moment t; NCmax is the maximum number of SCB groups;
qC is the SCB single group cut capacity; kC,t,i is the number
of capacitors switching at node i during moment t in the
distribution network, where kC,t,i ∈ {0, 1}; and KC is the
maximum allowable number of SCB switching groups.

Assuming that the same capacity of the single inverter
is used at the same node, the PV inverter reactive power
compensation constraint is as follows:

QPVmax,t,i =

√
S2ins,i − P2PV,t,i

QPV,t,i = QPVGFM,t,i + QPVGFL,t,i

QSVG,t,i = QSVGGFM,t,i + QSVGGFL,t,i

−QPVmax,t,i ≤ QPV,t,i ≤ QPVmax,t,i

−nfr,t ,iSinv,i ≤ QPVGFM,t,i ≤ nfr,t ,iSinv,i
−SSVG,i ≤ QSVG,t,i ≤ SSVG,i

QSCB,t,i ≤ SSCB,i

nGFM,t,i ≤ nfrmax,t,i

QGFM,t,i ≤ nGFM,t,iSinv,i

(19)

where QPVmax,t,i is the remaining PV inverter capacity at
node i during time t; Sins,i is the installed PV capacity at

node i; and Sinv,i is the capacity of the single inverter at node i.
QPVGFM,t,i and QPVGFL,t,i are the reactive power outputs of
PV inverters with GFL and GFM control at node i during
time t , respectively.QSVGGFM,t,i andQSVGGFL,t,i are the reac-
tive power outputs of SVGs with GFL and GFM control at
node i during time t, respectively. nGFM,t,i and nfrmax,t,i are the
number of inverters with GFM control and maximum number
of inverters in the system in the free state at node i during
time t, respectively.

Ignoring the difference between the rated power and maxi-
mum input power of the PV inverters, the DPV cluster control
system must satisfy (20) at every switching as follows:

Pinv,input ≤ Sinv,N, (20)

where Pinv,input and Sinv,N are the input power and rated power
of any inverter, respectively, and Sinv,N ≤ Sinv,i.
Chance-constrained planning is used to obtain the descrip-

tion of the distribution network pollution uncertainty in the
form of a probability. This allows the node voltage to cross the
limit at a certain confidence level. The node voltage chance
constraint is established as follows:

Pr{UNmin ≤ Ut,i ≤ UNmax} > αcon, (21)

where UNmax and UNmin are the upper and lower voltage
limits of the nodes, respectively. αcon is the confidence level
that the voltage will not cross the limit at time t .

C. DISTRIBUTION NETWORK AND RESOURCES
COOPERATIVE ALLOCATION STRATEGY
As described below, the reactive equipment capacity of each
partition is randomly provided based on the primary decision.
The configuration scheme is passed to the auxiliary deci-
sion optimization, which optimizes the desired configuration
capacity for the optimal operation of the reactive equipment
and passes it to the primary decision optimization. The pri-
mary decision selects the equipment configuration scheme
according to the desired configuration capacity. It then cal-
culates the configuration investment cost before passing the
configuration scheme to the auxiliary decision to ensure opti-
mal operation. Finally, the final configuration optimization
result is obtained by continuously correcting the primary
decision configuration scheme. In this study, the solution
results for the decision objective are the reactive power
compensation capacities for each equipment in the reactive
power partitions meeting the minimum voltage deviation for
the operation scenario. This includes the desired operating
capacities of the SCBs and SVGs in the dominant node of
each reactive power partition. Here, the solution result of
the primary decision objective is the minimum investment
cost of each reactive power equipment, including the installed
capacities of the SCB and SVG equipment.

1) COOPERATIVE/CONTROL RELATIONSHIP BETWEEN
REACTIVE EQUIPMENT
This study uses SCB, SVG, and PV inverters to represent tra-
ditional, dedicated, and compatible equipment, respectively.
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TABLE 1. Control command update level division of reactive power
equipment.

These equipment are analyzed and graded from the perspec-
tive of the equipment tracking response capability to provide
constraints for the subsequent optimal allocation of the volt-
age reactive power in the distribution networks. Based on
the analysis of the dedicated and part-time reactive power
equipment and reactive power command control type, the
speeds of the SCB, SVG, and PV inverters are classified from
the perspective of the time of issuance of the power dispatch
command, as shown in Table 1. The SVG and PV inverters
have similar characteristics, and their GFL control mainly
follows the power-dispatching command. Additionally, their
GFM control has a faster response time (corresponding to
the first and second reactive power optimization layers of the
distribution network). Moreover, the reactive power output
can be freely controlled during the intervals between power-
dispatching commands. The reactive power commands are
equivalent to real-time adjustments. The adjustable cycle
response of the GFM control is the fastest, and corresponds
to the third layer of the distribution network reactive power
optimization. The grid capacity can also be used for optimiza-
tion in the first two layers if the reactive power optimization is
insufficient. Using multiple hourly reactive equipment, com-
mand cycles with power dispatching, and real-time scaling,
a multi-time scale [36] cooperative control relationship can
be used to provide the basis for the subsequent establishment
and solution of the reactive power optimization configuration
model.

2) REACTIVE EQUIPMENT CO-CONFIGURATION STRATEGY
AND SOLUTION
The configuration of the equipment should prioritize low-cost
equipment while considering the variability in the cost and
performance of each reactive equipment to meet both the
primary and auxiliary decision objectives. Slow-response
equipment should be prioritized during the optimization of
the reactive power in the envisioned operation scenario.
This study uses a linearly decreasing weight particle swarm
optimization (LinWPSO) algorithm [37] to solve for the opti-
mal configuration model using the following steps. Step 1:

According to each reactive power partition, the initial value of
the primary decision is provided, i.e., the configured capacity
of the SCB and SVG in each partition is randomly provided.
The scheme is then passed to the auxiliary decision. Step 2:
The amount of optimization at each level is calculated based
on the multi-time scale reactive power optimization. Based
on the reactive power equipment responsiveness, it is known
that the SCB hourly level regulation should be prioritized for
the reactive power optimization. The LinWPSO algorithm
is used to calculate the optimal amount of reactive power
operation for this time scale. This optimal amount is then used
to obtain the reactive power operation curves of the dedicated
and part-time reactive equipment at the hourly level of each
partition. Subsequently, the curves are used as the first layer
of reactive power regulation curves. If the PV installation
and dominant nodes of the partition are in the same location,
the reactive power control quantities of the dedicated and
part-time equipment after superposition are equal to the total
amount. The priority of the reactive power optimization for
the part-time equipment is higher to reduce the investment
cost of dedicated equipment. By contrast, if the locations of
the two equipment are different, the reactive power control
curves of the dedicated and part-time equipment are opti-
mized separately and the same principle is used for each layer
of the reactive power optimization curve. Step 3: Considering
the limitation on the number of times that SCB switching can
occur in a day, the number of SCB switching groups and reac-
tive power output of the gird-following control equipment are
used as the control variables to optimize the calculations at
each moment. Additionally, the optimal partitioning method
is used to divide the optimization results for the first layer
of dedicated reactive power equipment. The action moment
of each SCB partition and its switching capacity is obtained.
Finally, the desired configuration capacity of the SCB and
first layer of the reactive power optimization are obtained.
Step 4: Considering the medium-speed response capability
of the equipment, the time scale scenario of the dispatch
command cycle is optimized for the reactive power of the
following network type (which is based on the reactive power
regulation volume of the first layer). The reactive power
operation curves for each partition’s dedicated and part-time
following network-type equipment are then obtained. Step 5:
Considering the fast-response capability of the equipment,
the GFM reactive power equipment is selected to optimize
the reactive power for the operation scenarios with time
stamps in their distribution network based on the second
layer of the reactive power regulation volume. The reactive
power operation curve of the dedicated and auxiliary GFM
equipment in each partition is then obtained and used as the
third layer of the reactive power regulation curve. Step 6: The
SVG is superimposedwith theGFL control reactive operation
curves at the first and second layers to obtain the desired
configuration capacity of the GFL SVG. Step 7: Based on
the reactive power regulation curve of the third layer, the
desired configuration capacity of the GFL SVG is deter-
mined. Finally, desired configuration capacity of the SVG
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TABLE 2. PV inverter allocation information in IEEE 33-Node system.

is determined by combining the configuration information
from the GFL SVG obtained in Step 6. Step 8: The frequency
probability is used to estimate where the voltage-crossing
chance constraint holds. The desired configuration capacity
of the dedicated reactive equipment with a confidence level
is passed to the primary decision optimization to modify the
configuration scheme, which is then passed to the auxiliary
decision optimization. Step 9: Steps 2 to 8 are repeated until
the confidence convergence condition is reached, resulting in
the optimal reactive power equipment configuration scheme.
In solving the problem of the reactive power device capac-
ity allocation in this study, the main computational time is
occupied by the optimization calculations for the primary and
auxiliary decision processes. We employ the notation O () to
analyze the time complexity of the entire process.We initially
estimate the worst-case time complexity of the proposed
method asO (BTC × (MTC1 × NTC1 +MTC1 ×MTC2 × NTC2
× ITC)+ CTC). In this estimation, BTC represents the number
of time windows. MTC1 represents the number of particles
in the upper-level model, NTC1 represents the number of
iterations in the upper-level model, and MTC2 represents the
number of particles in the lower-level model of the particle
swarm algorithm. NTC2 represents the number of iterations
in the lower-level model of the particle swarm algorithm, ITC
represents the number of times the power flow calculation
is performed in the lower-level model. CTC represents the
constant time complexities.

V. CASE STUDY ON IEEE 33-NODE SYSTEM
To verify the effectiveness of the proposed strategy, the IEEE
33-node system is used as a case study for the configuration
of dedicated reactive equipment. The uncertain operation
scenario of the distribution network is constructed using the
source-load modeling method described in Section I. In addi-
tion, 500 scenarios are extracted for simulation using the
Monte Carlo method based on modeling parameters obtained
from the literature [28]. The optimal access locations and
capacities of the SCB and SVG are investigated when the PV
configuration information is known. The distribution network
line parameters are referenced from [38], where the main
transformer capacity is 6 MVA. Table 2 shows the known
PV configuration information, where four PV inverters are
selected to form a cluster control system for nodes 5, 17,
24, and 28. Considering that the highest cost item in the PV
cluster control system is the control switch, the unit capacity
costs of the PV cluster control system cPVfi is set to $ 8/kW.
The service lives of the SCB, SVG, and PV cluster control
systems Lf are 10 years, 15 years, and 20 years, respectively.
The other parameters are shown in Table 3.

TABLE 3. Parameters used in IEEE 33-Node system.

A. APPLICATION OF MARKOV CHAIN FOR TRANSITION OF
BEHAVIOR STATE
This section analyzes the application of Markov chains and
sequential Monte Carlo sampling for the duration of the
behavior states. By utilizing historical data on the local dis-
tribution grid loads and solar irradiance, the random behav-
ior states of the source-load interaction are partitioned into
intervals. Then, a stochastic Markov model is established to
capture their probabilistic behaviors. Based on the Markov
models of the load and PV random behaviors in each time
period, the future scenarios are subjected to a sampling anal-
ysis. The more granular the classification of load and PV
output behavior states, the higher the computational accu-
racy; however, this also entails an increase in computational
complexity. Typically, it is recommended to classify the states
into three to five categories for a suitable level of accuracy.
Here, we illustrate the case by dividing the behavior states of
the PV output and load into four categories.

Considering the operating scenarios of the PV output as an
example, the different cloud layer states and corresponding
irradiance data are obtained using (6). The PV outputs under
different cloud layer states are obtained using (7). The CCL
index is divided into four levels: LIr1,LIr2,LIr3 and LIr4,
as shown in Table 4. The smaller the CCL value, the less the
cloud cover and better the irradiance.

Owing to the correlations between the behavior states of
the PV output and CCLs, the Markov chain is employed to
obtain the interrelationships between the PV output behavior
states at different time points. This results in a probabil-
ity transition matrix. This study considers a time period
from 9 AM to 12 PM, totaling 180 min, as an example for
the case study. The initial probability of the PV behavior
states is defined based on (22), where each column of (22)
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TABLE 4. Cloud coverage level (CCL) classification.

represents the initial probabilities for the four behavior states
of the PV output. The transition probability matrices between
the different states are represented by (23) to (25).

Ppv0 = [0.4763 0.3773 0.0474 0.0991 ] (22)

Ppv,9_10 =


0.6042 0.3055 0.0903 0.0000
0.0499 0.8252 0.1235 0.0014
0.0482 0.1930 0.7281 0.0307
0.0000 0.0526 0.2106 0.7368

 (23)

Ppv,10_11 =


0.5726 0.3479 0.0795 0.0000
0.0744 0.8544 0.0712 0.0000
0.2000 0.3000 0.4857 0.0143
0.0000 0.0000 0.1333 0.8667

 (24)

Ppv,11_12 =


0.7596 0.2019 0.0385 0.0000
0.1873 0.6889 0.1238 0.0000
0.2500 0.2292 0.5000 0.0208
0.0000 0.0000 0.0769 0.9231

 (25)

The operational scenarios for the PV output behavior states
can be generated based on (22) to (25). Simultaneously, the
PV output curve can be obtained by considering the PV output
behavior state categories at each time point, Beta distribution
shape parameters, and (7). An operational scenario for the
PV output curve and PV output behavior states is shown in
Fig. 4. It can be observed that within the 0–90 min period,
the PV system starts in state category 1 at time 0, remains in
this state for 15 min before transitioning to state category 4.
Then, after another 15 min, it transitions to state category 2.
It subsequently undergoes a self-transition to maintain state
category 2 until approximately 90 min, at which point it
transitions back to state category 1. By following this tran-
sition pattern, the PV output behavior states continue until
the 180-min mark, when the PV system ends up in state
category 4.

Similarly, the load information can be statistically analyzed
to generate Markov state transition probability matrices for
the five typical load categories during different time periods.
This facilitates an understanding of the relationships between
different load states and the generation of load behavior state
transition scenarios. This approach follows the same princi-
ples as the PV behavior state modeling and will not be further
elaborated upon here.

FIGURE 3. Photovoltaic (PV) output and its behavior status curve
within 3 h.

FIGURE 4. Division of the reactive power area in the IEEE 69-node system.

B. ANALYSIS OF DISTRIBUTION NETWORK AREA
DIVISION AND DOMINANT NODE SELECTION
The distribution network reactive power area is divided based
on the method in [19]. The corresponding distribution net-
work area division results for the operation scenario with five
areas are shown in Fig. 4. The distribution network in all areas
except for area ① appears to be divided into five regions, and
all these regions contain PV locations, with some having two
PV access locations. The dominant node in each region is
determined based on a combination of the node sensitivity
calculation and zoning principles.

The different partitioning situations correspond to different
operating scenarios of the distribution network. Moreover,
because the inherent properties of the line parameters occupy
a certain weight, the calculated partitioning results are sim-
ilar under most scenarios. Ultimately, five associations are
selected as the regional partitioning results. The dominant
nodes in each region are selected according to the sensitivity.
In addition, the proportion of dominant nodes accounted for
by each node number is counted. The node numbers with
less than a 5% probability are then discarded and the set of
dominant nodes is obtained as {8,11,15,17,21,24,25,32}. The
node numbers in this set are used as the candidate installation
locations for the SCB and SVG to lay the foundation for
subsequent analyses of a cooperative and optimal allocation
strategy for reactive power equipment in the distribution
network.
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FIGURE 5. Relationship between investment cost and degree of
confidence.

C. ANALYSIS OF FORMING/FOLLOWING NETWORK
REACTIVE POWER RESOURCE COOPERATIVE ALLOCATION
STRATEGY
1) COMPARATIVE ANALYSIS OF THE OPTIMIZED
CONFIGURATION RESULTS
The reactive power optimization configuration model is
solved by selecting dedicated reactive power equipment
installation locations based on a set of dominant nodes.
In addition, the number of crossing scenarios is counted
and the confidence level is calculated until the confidence
level requirement is met. The calculations are stopped based
on the continuously increasing investment cost and capacity
of the equipment configuration at the candidate installation
location. Fig. 5 shows the relationship between the investment
cost and confidence degree. An increase in the confidence
level results in a substantial increase in the investment cost;
this increase suddenly accelerates after a certain confidence
level is reached. This is mainly owing to the low investment
cost required for SCBs compared to SVGs during configura-
tion, which is a priority. The confidence requirement cannot
be satisfied after a specific number has been reached; this
gradually increases the SVG configuration cost. At this point,
increasing the unit confidence requires a more significant
investment cost.

The results from the optimal configuration of discrete vari-
ables for the dedicated reactive power equipment are shown
in Table 5.

All three scenarios are configured by considering both
the control mode of the PV inverters and control of the
dedicated equipment framing network. Scheme 1 is the strat-
egy proposed in this study, i.e., the PV inverters can follow
the network and participate in reactive power optimization.
In Scheme 2, the PV inverters can participate in reactive
power optimization with grid control [24], [25]. In Scheme 3,
the PV inverters do not participate in reactive power optimiza-
tion [21]. As shown in Table 5, Scheme 1 requires the lowest
annual investment cost to satisfy the confidence level require-
ment. The PV inverter’s configuration/following auxiliary

TABLE 5. Optimal allocation results for special reactive power equipment.

network function further reduces the annual investment cost,
reflecting the effectiveness of the proposed strategy.

2) ANALYSIS OF EQUIPMENT COLLABORATIVE CONTROL OF
HOURLY OPERATION SCENARIOS AFTER CONFIGURATION
Typically, a configuration of dedicated reactive power equip-
ment must reflect the cooperative control of the different
equipment in the operation scenario. The proposed control
strategy is discussed in this section. Based on the config-
uration results, a typical operating scenario is selected for
the analysis of the cooperative control of different reactive
equipment. The total load curve of the typical operational
scenario is shown in Fig. 6. Here, the load factor is the ratio
of the total load of the distribution network to the transformer
capacity. The number of free-state inverters for PV cluster
control is analyzed by using the configuration information for
the rated capacity of a single inverter as an example. Fig. 7
shows the PV power output standardized value curve for a
randomly-selected sunny day scenario, where the quasi-value
of the vertical coordinate is based on the rated output power
of a single inverter.

The remaining node capacity can be obtained based on its
PV output curve and installed PV capacity of the node. The
number of free-state PV inverters available at different times
is obtained via switching within the PV cluster. The available
reactive power capacity for the third level of optimization is
obtained using the state inverter. Additionally, because node
24 has an SCB and PV cluster, a three-tier reactive power
optimization approach is developed. Taking 17:00–19:00 as
an example, the number of free-state inverters in the PV
cluster control system of node 24, available reactive capacity
variation curve, reactive power optimization variation curve
of each layer, and voltage deviation of this node are analyzed
for the 18th and 19th periods.
Fig. 8 shows the number of node 24 PV inverters in the

free state and power available for the active-reactive power
compensation during the 18th and 19th periods. It can be seen
that the numbers of PV inverters in the free state at 17:00,
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FIGURE 6. Total load curve for a typical operation scenario.

FIGURE 7. PV output curve for a sunny scenario.

17:25, and 18:40 are four, six, and eight, respectively. The
reactive power available for the grid configuration increases
proportionally with an increase in the number of inverters in
the free state. The available capacity curve for the third-tier
reactive power optimization in Fig. 8 shows that as the PV
output decreases, the remaining capacity of the PV cluster
control system and power available for third-tier reactive
power optimization increase. By contrast, the power available
for third-tier reactive power optimization becomes 0 or the
maximum output value when the PV output increases or
decreases to a certain value.

Fig. 9 shows the power output curves of the reactive power
compensation equipment at each response level on node 24,
and Table 6 presents the voltage of this node during the 18th

and 19th periods. It can be seen from Fig. 9 that the SCB is
involved in the first layer of reactive power optimization with
an hourly response period. In the PV cluster control system,
the PV inverters use GFL control and participate in the second
layer of reactive power optimization with the same response
period as the centralized regulation command. Additionally,
the frame network control of the PV inverted participates in

FIGURE 8. Number of free states and residual reactive power of the
inverters at node 24.

FIGURE 9. Reactive power optimization curve at node 24.

TABLE 6. Voltage distribution characteristics before and after optimizing
configuration at node 24.

the third layer of reactive power optimization and can respond
in real time. As the time window is 5 min, optimizations
are performed every 5 min. The inverter’s frame network
control does not participate in reactive power optimization
at the moment when the centralized regulation command is
executed. Therefore, this study provides an auxiliary reactive
power compensation capacity, thereby reducing the cost of
the dedicated equipment configuration and improving the
system voltage level.
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FIGURE 10. 24-h PV generation output curve.

Table 6 shows the characteristics of the voltage distribu-
tion of node 24 before and after the optimal configuration
in the 18th and 19th periods. The node voltage reaches a
maximum of 6.14% (which exceeds the 5% criterion) and
substantially decreases after the optimal configuration of
the reactive power. As outlined in Table 6, the configura-
tion of the configuration network control function for the
power electronic equipment was not considered in previ-
ous studies [21], [24], [25]. Moreover, the capacity of the
configuration network control in such studies is insufficient
for voltage optimization, and the maximum, minimum, and
average values of the voltage deviations are worse than those
obtained in this study. This shows that the proposed strategy
is better than those mentioned above.

3) ANALYSIS OF OPTIMIZATION RESULTS OF FULL-DAY
RUNNING SCENARIO AFTER CONFIGURATION
A typical load curve was retained; then, the entire day average
voltage of the entire network after configurationwas analyzed
based on a randomly-selected day during the entire PV output
operation scenario. Fig. 10 shows the PV power output curve,
where the quasi-value of the vertical coordinate is based on
the rated output power of a single inverter.

The analysis of the average voltage and power of the
reactive equipment during each period shows that the three
scenarios defined in this section are comparable under the
same optimized configuration. Fig. 11 shows the average
voltage deviation curve for the entire network at each time
after the optimized configuration. The voltage deviation of
the entire network fluctuatesmore in Scheme 3,mainly owing
to the influence of the fluctuation in the PV output. The
insufficient and adjustable amount of reactive power involved
in the optimization results in the worst voltage operation
level for the entire network. In Scheme 2, the active-reactive
power compensation function of the power electronic inverter
is not considered. However, a more significant improvement
is observed relative to that of Scheme 1. Moreover, the per-
formance advantages of each equipment in Scheme 1 are

FIGURE 11. Average voltage deviation curve for each period in the IEEE
33-node system.

FIGURE 12. Ratio of the reactive power output contribution of the
grid-forming (GFM) and grid-following (GFL) equipment in each period in
the IEEE 33-node system.

fully exploited and the average voltage deviation in the entire
network is smaller each time compared with those of other
schemes. This further reflects the effectiveness of the pro-
posed synergistic optimization configuration strategy.

The first and second layers of the reactive power opti-
mization are then used for the optimization results for the
following network equipment. The third layer of reactive
power optimization is used for the optimization results for
the GFM equipment. According to the reactive power opti-
mization of the operation scenario, the contribution ratio
of the optimization of the GFM and GFL reactive power
equipment at each time is shown in Fig. 12 for the entire
network. It shows that the power electronic equipment still
has the advantage of network optimization based on the reac-
tive power optimization, which can enhance the grid voltage
operation level. To reach the required confidence level for the
optimal configuration, the configuration-network-type equip-
ment are configured using a lower capacity. The remaining
capacity of the configuration-network-type equipment is used
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FIGURE 13. Division of the reactive power area in the IEEE 69-node
system.

TABLE 7. PV configuration information of the IEEE 69-Node system.

for reactive power optimization within the network. This
shows that to achieve an optimal configuration confidence
level, a low-GFM equipment should be employed, and the
remaining capacity of the GFM equipment should be used to
follow the grid reactive power optimization. It is possible to
participate in the following grid reactive power optimization
for a certain period. Moreover, by combining the average
voltage deviation in the grid at each time period in the three
scenarios in Fig. 12, it can be seen that the proposed strat-
egy fully exploits the functional advantages of the reactive
power equipment without increasing the equipment cost. This
improves the voltage operation level of the entire network and
further reflects the effectiveness of the proposed strategy.

VI. CASE STUDY ON IEEE 69-NODE SYSTEM
The IEEE 69-node system with some distributed PVs is used
for investigating the effectiveness of the proposed method.
In this case, only certain important results and analyses are
provided. The partitioning results are shown in Fig. 13 [19]
and the configuration information for the PV is presented in
Table 7. The strategies for the three schemes are the same as
those in the IEEE 33-node system case study. The configura-
tion results for the IEEE 69-node system are shown in Table 8.
Owing to the voltage constraints being satisfied by all nodes
in Zone ①, no reactive power equipment is configured in this
zone.

The configuration information of Scheme 1 is used for a
comparative analysis of the simulation results from all three
schemes. The average voltage deviation curves of the entire
network after optimization are depicted in Fig. 14. It shows
that Scheme 1 exhibits smaller average voltage deviations
than the other schemes across the different time periods.

The proposed strategy for reactive power optimization in
operational scenarios is used to assess the optimization con-
tributions of the GFL and GFM reactive power equipment
in the IEEE 69-node system. This assessment is conducted
across different time periods and the results are illustrated in
Fig. 15. The figure reveals the active participation of the GFM

TABLE 8. Optimal allocation results for special reactive power equipment.

FIGURE 14. Division of the reactive power area in the IEEE 69-node
system.

FIGURE 15. Ratio of the reactive power output contributions of the GFM
and GFL equipment in each period in the IEEE 69-node system.

equipment in reactive power optimization throughout all time
periods. Although their contribution to the overall reactive
power control capacity is relatively small compared to that
of the GFL equipment, the combination of observations from
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Fig. 14 highlights the effective utilization of the functional
advantages of GFM equipment with the proposed strategy.
This is achieved without requiring additional reactive power
equipment. Consequently, an improved voltage operating
level is achieved across the entire network, further reflecting
the efficacy of the proposed strategy.

VII. CONCLUSION
In this study, a cooperative optimal allocation strategy for
GFL and GFM reactive power resources was proposed based
on distribution network partitioning and in consideration of
the variability in the reactive power equipment costs and
tracking response capabilities. AMarkov chain-based source-
load stochastic modeling method was used to construct an
uncertain operation scenario for the distribution network.
It was then used to solve the voltage-crossing limit problem
to achieve the optimal allocation under the opportunity con-
straints. The number of free states of inverters in the different
DPV cluster operation scenarios was then considered for the
PV output analysis to provide an auxiliary reactive capacity
for the GFM reactive equipment. Subsequently, a joint reac-
tive power optimal allocation model was established using
the primary and auxiliary decisions. The primary decision
provided the equipment capacity for the auxiliary decision,
and the auxiliary decision provided the equipment desired
capacity for the primary decision, thereby minimizing the
annual investment cost and voltage deviation. The simulation
results showed that current power electronics can be used
for network control reactive power optimization based on
the following network control reactive power optimization.
In addition, the active-reactive power compensation functions
of the power electronics were analyzed to further enhance
the reactive power equipment performance and alleviate
short-time voltage fluctuations in the power grid. The aux-
iliary function for the network construction of the part-time
equipment could further reduce the total investment cost
and improve the level of the voltage deviation in the entire
network. A comparative analysis of three schemes showed
that the proposed strategy guaranteed lower overall network
voltages while achieving cost reductions of at least 20% com-
pared to those of other schemes. In addition, the configuration
capacity of GFM equipment was typically small; thus, the
residual capacity of theGFMequipment was only used for the
reactive power optimization of the GFL equipment at certain
times.

In the future, we will continue to explore how to enhance
the performance synergies of power electronic equipment and
improve various power quality problems.
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