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Abstract. Shared Energy Storage System (ESS) plays a crucial role in addressing distributed Photovoltaic
(PV) curtailment and mitigating distribution network investment costs. To this end, this paper proposes an
optimal configuration strategy for shared ESS that considers both the equivalent modeling of distributed PV
clusters and distribution network reconfiguration. Firstly, a distributed PV cluster equivalent model was devel-
oped, which simultaneously considers electrical distance and active power balance, to facilitate the clustering
and equivalencing of distributed PV systems. Secondly, an optimization model for the allocation of shared
ESS, considering network reconfiguration and PV clustering results, is proposed. This model minimizes invest-
ment costs and maximizes PV energy consumption, while comprehensively considering operational constraints
related to PV, ESS, and distribution network reconfiguration. Thirdly, to address the challenge of model
solving, a chaotic neural network algorithm is developed by integrating chaotic local search and quasi-
oppositional-based learning methods to solve the proposed mixed-integer nonlinear optimization model.
Finally, the effectiveness of the proposed method is demonstrated through several case studies based on the
IEEE test systems, and the obtained Pareto optimal frontier can provide effective guidance for investors.

Keywords: Energy storage allocation, Network reconfiguration, PV consumption, Neural network algorithm.

1 Introduction

1.1 Background

The integration of large-scale distributed PV systems
presents several challenges to the distribution grid, includ-
ing voltage violations [1, 2], reverse power flow issues [3],
and significant curtailment rates [4, 5]. Energy storage sys-
tem (ESS) can effectively mitigate the intermittency and
variability of distributed PV generation [6]. Traditional
ESS faces limitations such as individual user ownership,
leading to high investment costs, difficulties in capacity
customization, and low equipment utilization [7]. The con-
cept of shared energy storage addresses these shortcomings
[8]. Shared ESS decouples ownership from usage, reducing
costs and promoting the consumption of photovoltaic
(PV) resources. Thus, the placement and capacity configu-
ration of shared ESS within the distribution network are
critical for ensuring both grid stability and economic
efficiency.

1.2 Related research

Extensive research has been conducted by both domestic
and international scholars on the optimal allocation of
shared energy storage in distribution networks. Reference
[9] investigates the absorption capacity of shared energy
storage operators within multiple microgrid systems.
Reference [10] employs a bi-level optimization model to
optimize the capacity of shared energy storage, aiming for
maximum economic benefits and a significant reduction in
curtailment rates of wind and solar power. Reference [11]
establishes a robust optimization model for planning and
allocation, addressing the coordinated regulation demands
of shared energy storage on the power supply and grid sides.
Reference [12] proposed a co-construction and sharing
model to enhance equipment utilization. In reference [12],
aiming at minimizing objective costs, a two-stage stochastic
programming model is utilized to optimize the capacity of
wind, solar, and storage for electricity retailers. To enhance
the integration of Distributed Energy Resources (DER), the
models developed in references [13, 14] incorporate a multi-
agent, time-series coordination framework encompassing
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ESS, DER, and load profiles. Reference [15] established an
optimization model for the allocation of energy storage in
distribution networks, aiming to minimize active power
losses and voltage deviations, while also considering the
sensitivity of network losses.

However, the integration of massive and dispersed PV
systems occurs at the low-voltage user side [16], whereas
centralized ESS are connected to the medium- and low-
voltage distribution network. The disparity in voltage levels
complicates the direct modeling and analysis of both simul-
taneously. Furthermore, the large number of distributed
PV systems presents significant challenges in modeling
and computation. Consequently, the selection of appropri-
ate equivalent methods is crucial for conducting ESS plan-
ning calculations. Current methodologies often aggregate
PV systems directly to the distribution network based on
total capacity, without accounting for the distribution
and output characteristics of dispersed PV units [17]. In
references [18, 19], the handling of PV equivalencing and
clustering problems often employs structural indices as
criteria, along with electrification metrics. However, the
on-site consumption of distributed PV also influences the
clustering equivalence results. Therefore, this paper further
refines the PV clustering indices by incorporating on-site
consumption as one of the clustering standards.

Furthermore, existing shared ESS planning methodolo-
gies do not account for the impact of distribution network
reconfiguration on renewable energy consumption. Imple-
menting distribution network reconfiguration can facilitate
PV integration, mitigating network congestion and voltage
violation risks [20–22]. Therefore, this paper integrates net-
work reconfiguration into an energy storage allocation
model to enhance PV consumption and optimize distribu-
tion grid operation. However, network reconfiguration
introduces a substantial number of binary variables,
thereby increasing the computational complexity of the
model. Existing solution methodologies predominantly
employ branch-and-bound techniques [23], modified branch
exchange methods [24], switch exchange algorithms [25],
particle swarm optimization [26], and genetic algorithms
[27]. Methods like branch and bound methods exhibit rapid
convergence but are limited in their capacity to handle
large-scale systems with numerous constraints. Conversely,
methods such as genetic algorithms possess robust search
capabilities, enabling the identification of optimal or near-
optimal solutions, making them well-suited for large-scale
networks. Inspired by biological neural systems and artifi-
cial neural networks, Sadollah et al. [28] introduced a novel
metaheuristic approach, termed the Neural Network
Algorithm (NNA). The NNA is a parameter-free meta-
heuristic, requiring minimal parameter tuning beyond
population size and stopping criteria, thus facilitating its
application to optimization problems. However, its stochas-
tic nature can lead to premature convergence and entrap-
ment in a local minimum. Consequently, a method that
capitalizes on the strengths of both approaches is necessary
for model resolution. This paper proposed a novel,
enhanced NNA, termed the Quasi-Oppositional Chaotic
Neural Network Algorithm (QOCNNA). This algorithm
integrates Chaotic Local Search (CLS) and Quasi-
Opposition-Based Learning (QOBL) strategies within the

NNA framework to address network reconfiguration and
the synchronous integration of distributed PV in power
distribution networks.

1.3 Our work

In summary, this paper introduces a multi-objective
planning method for shared energy storage in distribution
networks, considering equivalent partitioning of distributed
PV clusters and network reconfiguration. Firstly, an eco-
nomic and energy consumption benefit-based planning
model for distribution network energy storage is estab-
lished. This model incorporates security constraints, power
flow constraints, PV operation constraints, and shared
energy storage operation constraints, while also employing
virtual power [29] to represent the open-circuit state of
the tie lines between multiple zones. Subsequently, the
QOCNNA algorithm is utilized to solve the objective
function. Finally, the proposed method is applied to an
improved IEEE 33-node system to validate its effectiveness.
The primary contributions of this paper are threefold:

1. An optimization model is introduced for the shared
energy storage configuration in distribution networks,
considering both network reconfiguration and
distributed PV clustering equivalency. The model
employs a QOCNNA algorithm to solve the objective
function for the Pareto optimal front, providing a ref-
erence for shared energy storage investors.

2. In the process of PV cluster equivalency, we incorpo-
rate active power balance in addition to electrical dis-
tance considerations, resulting in more accurate
clustering outcomes.

3. A QOCNNA algorithm is proposed, which integrates
the original neural network algorithm with chaotic
local search and quasi-oppositional learning to
enhance the model’s solution efficiency.

The rest of the paper is organized as follows: Section 2 gives
the mathematical models of the planning model. Section 3
presents the solution algorithm for the proposed method.
Several case studies have been carried out in Section 4 to
demonstrate the effectiveness of the proposed method.
Section 5 concludes this method.

2 Mathematical models

The proposed planning model comprises two primary
components: (1) the clustering of distributed PV systems
and (2) the planning model of shared ESS. The clustering
outcomes of the distributed PV systems are subsequently
utilized to optimize the determination of the shared ESS
investment scale.

2.1 The clustering model of distributed PV

The comprehensive performance index for clustering of
distribution networks includes structural and functional
aspects. Structurally, the electrical connections between
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nodes within a cluster are tight, while the connections
between clusters are weak, facilitating the operation and
management of the clusters. This structural aspect is
quantified using a modularity metric, derived from electri-
cal distance considerations. Functionally, to balance control
performance and enable the cluster to have a certain degree
of self-regulation ability when node voltages exceed limits,
the division needs to ensure the cluster’s ability to provide
local active power balance. The evaluation index for this
aspect is represented by the active power balance degree.
In this paper, the modularity and active power balance
degree metrics are jointly employed to facilitate distribution
network clustering, with the objective of enhancing the inte-
gration of renewable energy sources.

2.1.1 Modularity index based on electrical distance

This paper adopts the definition method of modularity
based on electrical distance weights. Firstly, the Newton–
Raphson method is used to calculate the voltage sensitivity
of each node, and then the spatial electrical distance is
calculated accordingly. The details are as follows:

dij ¼ 1
2

XN�1

k¼1

ðXik � XjkÞ2
" #

; ð1Þ

Xij ¼ � lg
Sij

maxjSij

����
����; ð2Þ

where, Sij is the element in the i row and j column of the
sensitivity matrix, and the voltage sensitivity of each node
can be obtained by inverting the Jacobian matrix in the
power flow calculation; maxjSij represents the maximum
value among the elements in the j column of the sensitiv-
ity matrix; dij is the electrical distance between node i and
node j; and N is the number of system nodes. Xik is the
reactance of the line between node i and node j, measured
in Ohms.

The modularity index refers to the probability that any
two randomly selected nodes in the network fall within the
same region [30]. Its expression is as follows:

f1 ¼ 1
2m

X
i

X
j

dij � kikj
2m

� �
d i; jð Þ; ð3Þ

d i; jð Þ ¼ 1 i; j in the same partition

0 other

�
; ð4Þ

where, m is the sum of the weights of all edges in the net-
work; ki is the sum of the weights of the edges connected
to node i; kj is the sum of the weights of the edges connected
to node j; and f1 is the modularity index.

2.1.2 Active power balance degree index

To represent the degree of source-load matching within the
cluster on a certain time scale, the active power balance
degree index can be defined as follows:

Pck ¼ 1� 1
T

XT
t¼1

Pclu;ck ðtÞ
maxðPclu;ck ðtÞÞ
����

����; ð5Þ

f2 ¼ 1
c

Xc

ck¼1

Pck ; ð6Þ

where Pck is the active power balance degree index of the
ckth cluster; T is the time scale of the scenario, and in this
paper, it is taken as 24; Pclu;ck ðtÞ is the net power value of
the ckth cluster at time t; f2 is the active power balance
degree index; c is the total number of clusters. The part
where the net power of cluster ck is less than 0 is defined
as the surplus power of the cluster.

2.1.3 Comprehensive index

Considering the modularity based on electrical distance
and active power balance of the integrated system, a grid
cluster division model is established, which incorporates a
comprehensive index to facilitate autonomous regulation
and control within each cluster. The model is defined as:

f ¼ k1f1 þ k2f2; ð7Þ
where k1 and k2 represent the weighting coefficients for dif-
ferent indicators, with the constraint k1 + k2 = 1. In this
study, k1 and k2 are both assigned a value of 0.5.

2.2 The planning model of shared ESS

The operation modes of shared energy storage operators
mainly involve shared energy storage operators, distribu-
tion networks, and park cluster users. The multi-park
shared energy storage architecture established in this paper
is shown in Figure 1, which includes shared energy storage
power stations and multiple parks. The shared energy
storage power station consists of energy storage devices
and a control center; park users mainly include distributed
PV clusters and end users.

After the distributed PV clusters are equipped with a
shared ESS, the distributed PV can operate close to the
maximum power point, while the ESS adjusts the power
at the grid-connected connection points of the distributed
PV clusters based on the system frequency deviation. The
control center configures the corresponding energy storage
capacity and arranges the charging and discharging power
according to the electricity consumption behaviors of all
parks and the needs of cluster users within a cycle. Park
users are preferentially supplied with electricity by the
distributed PV clusters, and the surplus electricity is sold
to the shared energy storage power station, thereby improv-
ing the consumption level of distributed PV in the park.
During the peak power generation period of the distributed
PV clusters, park users purchase electricity from the shared
energy storage power station to meet their own load
demands, and the energy storage power station discharges
to assist other PV clusters in making up for the power
shortage in tracking the output plan. The shared energy
storage power station mainly realizes profits through the
price difference in purchasing and selling electricity at
different times and charging service fees to the parks.
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2.2.1 Objective function

The optimal configuration of energy storage should take
into account two factors: firstly, the benefits of energy stor-
age configuration for PV consumption in the distribution
network should be considered [31]; on the other hand, the
economic cost of energy storage configuration should also
be considered [32]. Obviously, the higher the capacity of
energy storage configuration, the better the effect of PV
consumption, but the economic cost is also higher. Balanc-
ing the relationship between the consumption benefits and
economic costs is one of the main issues discussed in this
paper.

(1) The benefits of PV consumption

The benefits of PV consumption were set as objective 1,
shown below:

maxZ 1 ¼

P
g2XP ;t2XT ;x2XS

PPV
p;t;s

PMax
p bt;s

; ð8Þ

where g, t, and x are the indices of PV equipment, time
periods, and scenarios, respectively; XP, XT, and XS are
the collection of all PV devices, all time periods, and all
scenes, respectively; PPV

p;t;s is the actual power generated
by PV, measured in MW; PMax

p is the maximum output
power of PV, measured in MW; bt,s indicates the power out-
put coefficient of PV, and is related to the sunshine
intensity.

(2) The economic costs

The economic costs due to energy storage configuration
were set as objective 2. To facilitate the economic assess-
ment of shared ESS, the following assumptions are posited:

(1) the investment cost of shared ESS exhibits a linear rela-
tionship with both unit power cost and unit energy cost; (2)
the operational cost of energy storage is solely dependent on
the unit power operational cost; and (3) the market electric-
ity price remains constant, thereby maintaining a consistent
charge/discharge price for energy storage. The specific
mathematical model is detailed below:
minZ 2 ¼

X
i¼XESS;x2XS

vx
CE;ESSxESSi EESS þ CP;ESSxESSi PESS þ Cop

x xESSi EESSþP
t2XT

Cbuy
t;x P

S ;C
i;t;x � CDC

t;xP
S ;DC
i;t;x � C serve

t;x

� �
�t

2
4

3
5;

ð9Þ
where xESSi is the amount of energy storage configured
in node i; EESS is the capacity of unit energy storage;
CE,ESS is the battery cost of energy storage; PESS is the
rated charge/discharge power of the unit energy storage
device; CP,ESS is the cost of the energy conversion system
serving the energy storage and discharge; C op

x is the main-
tenance cost per unit of energy storage for the scenario x.
Cbuy

t;x and CDC
t;x represent the unit prices for purchasing and

selling electricity from shared energy storage, respectively,
during time period t under scenario x. C serve

t;x signifies the
service fee charged to users by the shared energy storage
operator during time period t under scenario x. PS;DC

i;t;x
and PS ;C

i;t;x represent the discharging and charging power
of the shared energy storage at node SS during time
period t under scenario x, respectively. The probability of
scenario x is represented by vx, and XESS denotes the set
of all candidate nodes for configuring energy storage.

The multi-objective optimization model includes
multiple scenarios and multiple time periods, integrating

Figure 1. Multi-park shared energy storage architecture.
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the economics and energy efficiency of the ESS. The overall
objective is to find an optimal balance between enhancing
the benefits of PV consumption and controlling economic
costs.

2.2.2 Constraints

(1) Coupling nodal power constraints

Constraints (10) and (11) limit active and reactive power
transmission, respectively, at the grid coupling nodes.
Constraints (12) and (13) are in the form of active and reac-
tive power constraints at the coupling nodes [33, 34].

P
�
GSP � PGSP

t;x � �PGSP 8t 2 XT ; 8x 2 XS ð10Þ

Q
�
GSP � QGSP

t;x � �QGSP 8t 2 XT ; 8x 2 XS ð11Þ

PGSP
t;x �

X
j2Xa ið Þ

P line
ij;t;x þ PPV

i;t;x ¼ PD
i;t;x 8t 2 XT ;

8x 2 XS

ð12Þ

QGSP
t;x �

X
j2Xa ið Þ

Qline
ij;t;x þQPV

i;t;x ¼ QD
i;t;x 8t 2 XT ;

8x 2 XS

ð13Þ

where, PGSP and �PGSP are the minimum active power and
maximum active power that can be transmitted by the
coupling node, respectively; QGSP and �QGSP are the mini-
mum reactive power and maximum reactive power that
can be transmitted by the coupling node, respectively. PGSP

and QGSP are the active power and reactive power that can
be transmitted by the coupling node, respectively. Xa ið Þ is
the set of the end node of the line with node as the first
node; P line

ij andQline
ij are the active power and reactive power

on line ij, respectively; PD
i and QD

i are the active load and
reactive load on node i, respectively. PPV

i and QPV
i are

the active power and reactive power injected by PV on
node i, respectively.

(2) Power flow constraints

Constraints (14) and (15) represent the active and reac-
tive power balance at the nodes. Constraints (16) represent
the voltage landings on the line. Constraints (17) and (18)
are the power constraints on the line, respectively.P

k2Xf ið Þ
P line

ki;t;x � Rki I lineki;t;x

� �2
� 	

� P
j2Xa ið Þ

P line
ij;t;x þ PPV

i;t;x

þ gDCP
S ;DC
i;t;x � PS ;C

i;t;x ¼ PD
i;t;x

8i 2 XB; 8t 2 XT ; 8x 2 XS ; ð14Þ
X

k2Xf ið Þ
Qline

ki;t;x � Xki I lineki;t;x

� �2
� 	

�
X

j2Xa ið Þ
Qline

ij;t;x þQPV
i;t;x ¼ QD

i;t;x

8i 2 XB; 8t 2 XT ; 8x 2 XS ; ð15Þ

Vi;t;xð Þ2 � Vj;t;x


 �2 ¼ 2 RijP line
ij;t;x þ XijQ

line
ij;t;x

� �

� I lineij;t;x

� �2
Rij


 �2 þ Xij


 �2h i

8ij 2 XLine; 8t 2 XT ; 8x 2 XS ; ð16Þ

S line
ij;t;x

� �2
¼ P line

ij;t;x

� �2
þ Qline

ij;t;x

� �2

8ij 2 XLine; 8t 2 XT ; 8x 2 XS ; ð17Þ

Vi;t;xð Þ2 I lineij;t;x

� �2
¼ S line

ij;t;x

� �2

8ij 2 XLine; 8t 2 XT ; 8x 2 XS ; ð18Þ
where, XB is the set of nodes; XLine is the collection of lines
in the distribution network; Rki, Rij , Xki, and Xij are the
resistance and reactance of the line ki and ij, respectively;
Xf ið Þ is the set of the first node of the line with node i as
the end node; Xa ið Þ is the set of the end node of the line
with node as the first node; I lineki and I lineij are the currents
flowing through the ki and ij lines, respectively; P line

ij ,
Qline

ij , and S line
ij are the active power, reactive power, and

apparent power flowing on line ij, respectively; P line
ki and

Qline
ki are the active power and reactive power on line ki,

respectively; gDC is the discharge efficiency of ESS; PS;DC
i

and PS ;C
i are the discharge power and charging power of

the ESS, respectively; Vi is the voltage of node i.

(3) PV power constraints

The inverter with the PV is able to realize the control of
the power generated by the PV and to control the phase dif-
ference of the voltage and current to realize the control of
the PV power factor, which enables the PV to work under
the power factor of over- or under-lagging and is able to
continuously control the power generated by itself. Con-
straints (19)–(21) limit the range of discarded power and
operation of PV.

PPV
g;t;xf hð Þ � QPV

g;t;x � PPV
g;t;xf h


 �

8g 2 XG; 8t 2 XT ; 8x 2 XS ; ð19Þ

PPV
g;t;x ¼ PCap

g bt � PCurt
g;t;x

8g 2 XG; 8t 2 XT ; 8x 2 XS ; ð20Þ

0 � PCurt
g;t;x � PCap

g bt;x

8g 2 XG; 8t 2 XT ; 8x 2 XS ; ð21Þ

where, f ðhÞ and f ðhÞ are the maximum and minimum
power factor of the GTH PV, respectively; PCurt

g;t;x is the
abandoned light power of the PV;PCap

g is the rated power
of PV, bt is the ratio of real output and rated power of
PV, which varies along with the illumination.
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(5) Voltage safety constraints

The safety constraint is characterized by equation (22).
For the safety of the distribution network, the individual
node voltages should be kept in a reasonable range.

V
–
i � Vi;t;x � �Vi 8i 2 XB; 8t 2 XT ; 8x 2 XS ; ð22Þ

where, V
� i and �Vi are the minimum and maximum voltage

levels of the i node, respectively.

(6) Shared ESS constraints

Constraints (23) and (24) indicate that the charging
and discharging power of the ESS at any time period should
not exceed its power limit. Constraints (25)–(27) indicate
that the ESS cannot operate in the charging and discharg-
ing states simultaneously. Constraints (28)–(30) limit the
state of charge of ESS.

0 � PS;DC
i;t;x � xESSi

�PDC 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð23Þ

0 � gCP
S ;C
i;t;x � xESSi

�PC 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð24Þ

lDC
i;t;x þ lC

i;t;x � 1 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð25Þ

PS;DC
i;t;x � MDClDC

i;t;x 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð26Þ

PS ;C
i;t;x � MClC

i;t;x 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð27Þ

xESSi SESS � SESS
i;t;x � xESSi

�SESS 8i 2 XESS; 8t 2 XT ; 8x 2 XS ;

ð28Þ

SESS
i;0;x ¼ SESS

i;NT ;x
8x 2 XS ; ð29Þ

SESS
i;t;x ¼ SESS

i;t�1;x þ gCP
S ;C
i;t;x � PS ;DC

i;t;x

8i 2 XESS; 8t 2 XT ; 8x 2 XS ; ð30Þ
where, gC is the charging efficiency of the ESS; �PDC is the
maximum charging power of the ESS; lDC

i;t;x is the 0–1 vari-
able that characterizes whether the ESS is in discharge
state; lC

i;t;x is the 0–1 variable that characterizes whether
the ESS is in the charging state; SESS

i;t;x is the state of charge
of the energy storage device represents the stored energy;
�SESS and SESS are the maximum and minimum charge

states of the energy storage device, respectively; MDC
and MC are the numbers that are sufficiently large com-
pared to PS;DC

i;t;x and PS ;C
i;t;x, respectively.

(7) Network reconfiguration constraints

When a line blockage occurs in a major transmission line
or a security overrun occurs, a reasonable reconfiguration of
the network can improve the security level of the grid as
well as the level of PV consumption. For a re-configurable
grid, its state must satisfy two of the following three
scenarios:

Scenario A: Number of lines in service is 1 less than the
number of nodes.
Scenario B: There is no isolated grid.
Scenario C: There is no ring network.

Constraints (31) give a more detailed mathematical descrip-
tion of Scenario A.X

ij¼XLine

aij;t ¼ Nbus � 1 8t 2 XT ; ð31Þ

where aij represents the 0–1 variable of whether the line is
in use. Nbus is the number of nodes in the distribution
network.

The implementation of the distribution network
reconfiguration model has transformed the power flow
model significantly. For each node, utilizing the big-M
method enabled the characterization of the operational
line’s breaking state effectively as constraint (32). When
the node is operational, the power flowing through the node
is unrestricted; however, when the node is not in operation,
the power on the node is zero. For each transmission line,
the breakable line power flow calculation involves the fol-
lowing variations: constraint (33) illustrates the voltage
relationship between the two ends of the interruptible line,
with the voltage at both ends influenced by the basic circuit
principle of the line when in operation. Constraints (34) and
(35) describe the power relationship on the breakable line,
while constraint (36) characterizes the current relationship
on an interruptible line.

�Mim � aij;t � P line
ij;t � Mim � aij;t 8t; 8ij 2 XLine; ð32Þ

See the Equation (33) bottom of the page

�P line
ij � aij;t � P line

ij;t;x � P line
ij � aij;t 8x; 8t; 8ij 2 XLine;

ð34Þ

�Qline
ij � aij;t � Qline

ij;t;x � Qline
ij � aij;t 8x; 8t; 8ij 2 XLine;

ð35Þ

Vi;t;xð Þ2 � Vj;t;x


 �2 � MV ð1� aij;tÞ þ 2ðRijP line
ij;t;x þ XijQ

line
ij;t;xÞ � I lineij;t;x

� �2
½ Rij


 �2 þ Xij


 �2�
Vi;t;xð Þ2 � Vj;t;x


 �2 � �MV ð1� aij;tÞ þ 2ðRijP line
ij;t;x þ XijQ

line
ij;t;xÞ � I lineij;t;x

� �2
½ Rij


 �2 þ Xij


 �2�

8><
>:

8x; 8t; 8ij 2 XLine;

ð33Þ
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0 � I lineij;t;x

� �2
� I lineij

� �2
� aij;t 8x; 8t; 8ij 2 XLine;

ð36Þ
where,Mim and MV are relatively large constants; P line

ij and
Qline

ij represent the maximum allowable active power and
reactive power on line ij; I lineij represents the maximum
allowable current flowing on line ij.

3 Optimization algorithm

The paper suggests utilizing the neural network algorithm
to address the multi-objective problem by optimizing the
Pareto optimal frontier. By integrating chaotic local search
and quasi-adversarial learning techniques with the original
neural network algorithm, a novel approach named the
quasi-adversarial chaotic neural network algorithm is intro-
duced to enhance the model’s effectiveness.

3.1 Basic neural network algorithm

3.1.1 Initialization

In the search space, the initial population X of pattern solu-
tions is created randomly as follows:

X ¼

x11 x12 . . . x1N
x21 x22 . . . x2N

..

. ..
.

..

. ..
.

xNP
1 xNP

2 . . . xNP
N

2
666664

3
777775
; ð37Þ

where NP is the population size; and N is the number of
decision variables. After the initial population X is initial-
ized, the objective function of the pattern solution is
defined, and the best pattern solution with the best objec-
tive function value is the objective solution.

3.1.2 Weighted matrix of pareto optimality

The Pareto optimal frontier does not require the specifica-
tion of weights for various objective functions; instead, it
presents an array of outcomes resulting from assigning dif-
ferent weights within the weight matrix. In order to gener-
ate new candidate solutions, each pattern solution is
assigned a corresponding weight vector with the following
initial weights:

Wt ¼ W 1;W 2; . . . ;WNP½ � ¼

w1
1 w1

2 . . . w1
N

w2
1 w2

2 . . . w2
N

..

. ..
. ..

. ..
.

wNP
1 wNP

2 . . . wNP
N

2
666664

3
777775
;

ð38Þ
where, Wt is a square matrix at the tth iteration that
generates uniform random numbers from 0 to 1 over
iterations.

In order to control the generation of new pattern solu-
tions and shift bias, the sum of the weights of the pattern
solutions is subject to the following constraints:

XNP

j¼1

wt
ij ¼ 1 i; j ¼ 1; 2; . . . ;NP ; ð39Þ

where,

wij 2 U 0; 1½ �; i; j ¼ 1; 2; . . . ;NP ; ð40Þ
The constraints in the above equation allow the pattern
solution of the NNA to be generated with a slight deviation
(from 0 to 1). After creating the initial weights, the weights
corresponding to the target solution XTarget are selected
from the weight matrix in equation (38) and are called
target weights WTarget. Generate a new schema solution
in the t+1st iteration and update the schema solution.

Xtþ1
i;new ¼

XNP

j¼1

wt
ij � Xt

i ; j ¼ 1; 2; . . . ;NP ; ð41Þ

Xtþ1
i ¼ Xt

i þXtþ1
i;New; i ¼ 1; 2; . . . ;NP ; ð42Þ

Wtþ1
i ¼ Wt

i þ 2� rand 0; 1ð Þ � Wt
Target �Wt

i

h i
;

i ¼ 1; 2; . . . ;NP :
ð43Þ

3.1.3 Bias term

A bias operator is used to adjust the probabilities of the
pattern solutions created in the new population and in
the updated weight matrix in order to update the search
space. The bias operator serves to prevent the algorithm
from converging prematurely, especially at the initial
iteration.

In order to create a higher quality solution to the target
solution, the update function transfers the new mode solu-
tion from the current location to a new location in the
search space that is closer to the target solution. Therefore,
the update function is defined as follows:

Xtþ1
i;Updated ¼ Xtþ1

i þ 2� rand 0; 1ð Þ � Xt
Target � Xtþ1

i

h i
;

i ¼ 1; 2; . . . ;NP ; ð44Þ
In the first iteration, the bias operator has more chances to
create new pattern solutions to explore unknown pattern
solutions. However, as the number of iterations increases,
the bias operator has fewer chances and the transfer
function operator has more chances to explore towards
the target solution.

3.2 Opposition-based learning

The theory of Opposition-Based Learning (OBL) was first
proposed by Tizhoosh [35]. The OBL strategy considers
both the existing guesses and the opposite guesses to better
approximate the existing candidate solutions. At the same
time, quasi-opposite learning is more high-speed and effi-
cient in obtaining the global optimal solution [36].
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Based on the solution of the population model Xij, the
opposite of Xij is OXij as follows:

OXij ¼ LBj þ UBj � Xij ð45Þ
where, Xij is the jth dimensional value of the current solu-
tion; LBj and UBj are the upper and lower bounds of the
jth dimension.

The quasi-alignment site of OXij is QOXij as follows:

QOXij ¼ rand
LBi þ UBi

2
;OXij

� �
: ð46Þ

In this paper, the QOBL algorithm encompasses two pri-
mary phases: population initialization and jump generation.
Initially, during the population initialization phase, a quasi-
oppositional population is generated alongside a randomly
initialized population. The optimal solution for the initial
population is then determined by evaluating both the
randomly generated population and its quasi-oppositional
counterpart. Subsequently, the jump generation phase
facilitates the algorithm’s search process by potentially
directing it towards quasi-positional solutions characterized
by superior fitness function values. The jump rate, denoted
as Jr, is employed to govern the decision between transition-
ing to the quasi-positional solution or retaining the current
solution.

3.3 Chaotic local search

The inherent non-linearity and aperiodic nature of chaotic
systems introduce a degree of randomness and exploratory
behavior within the search space. This characteristic helps
to circumvent the limitations of fixed patterns and periodic
behaviors, thereby mitigating the risk of converging on local
optima. In the QOCNNA method, the integration of CLS
serves to prevent entrapment in local optima, enhance
search diversity, improve search efficiency, and bolster
global optimization capabilities, ultimately facilitating the
discovery of the global optimum.

The initial chaotic values are defined as follows:

Z 0 ¼ rand 0; 1ð Þ: ð47Þ
The subsequent values of this chaotic sequence using the
logistic map are shown in the following:

Zkþ1 ¼ l� Zk � 1� Zkð Þ; ð48Þ
where Zk 2 0; 1ð Þ; 8k 2 0; 1; 2; :::f g and l 2 0; 4ð �.

The CLS strategy speeds up the search process by
exploring the neighborhood of the current target solution.
As a result, the new candidate solutions are as follows [37]:

XNewTarget;k ¼ XTarget;k þ Zk � 0:5ð Þ � Xi;k �Xj;k


 � ð49Þ
where XTarget,k and XNewTarget,k are the current target solu-
tion and the new target solution created at the kth CLS
iteration, respectively; Xi,k and Xj,k are two solutions ran-
domly selected from the current population, respectively.
Zk is the chaos variable at the k iteration. If the value of
the XNewTarget,k fitness function is better than XTarget,k, it
will be replaced in the population, and the CLS strategy
will be executed until the CLS limit value (K) is satisfied.

3.4 Quasi-oppositional chaotic neural network
algorithm

Initially, the QOCNNA algorithm generates a randomly
initialized pattern solution X. Subsequently, QOBL is
employed to construct a quasi-opposite population QOX
for the initial population. The QOCNNA then combines
X and QOX, selecting the top Nr solutions from the com-
bined set {X, QOX} to constitute the initial population.
The search process, analogous to NNA, is then executed
to generate a new pattern solution population and update
the weight matrix. Based on the jump rate Jr, QOBL facil-
itates the transition of QOCNNA towards superior quasi-
opposite solutions of the current pattern solution. Finally,
CLS is implemented to refine the objective solutions. The
optimization process iterates until the stopping criteria
are satisfied. Tmax is the number of iterations. K is the limit
value of iterations in CLS; The pseudocode for QOCNNA is
presented in Table 1.

4 Solution processes

Each model solution of the initial population in QOCNNA
represents the solution vector of the distributed PV net-
work reconfiguration problem, which includes the switches
turned on, the locations and sizes of the distributed patrons,
and the i solution vector is represented as follows:

Xi ¼ S1; . . . ; SNSW ;L1; . . . ;LNPV ;P1; . . . ;PNPV

� 

; ð50Þ

where, S is opened switches; L is the location of DGs; P is
the size of DGs; NSW is the number of opened switches.

QOCNNA is randomly initialized as follows:

Si ¼ round Si;min þ randð0; 1Þ � Si;max � Si;minð Þ½ �;
i ¼ 1; . . . ;NSW ;

ð51Þ

Lj ¼ round Lj;min þ randð0; 1Þ � Lj;max � Lj;min


 �� 

;

i ¼ 1; . . . ;NPV ;
ð52Þ

Pj ¼ round Pj;min þ randð0; 1Þ � Pj;max � Pj;min


 �� 

;

i ¼ 1; . . . ;NPV ;
ð53Þ

where, Si;min is equal to 1; Si;max is the length of the ith fun-
damental loop vectors. The principle of basic loop vectors
can be found in the literature [38]. Lj;min is equal to 2 and
indicates that DGs may be integrated to all buses except
the slack bus. The specific flow chart is shown in Figure 2.

5 Case study

5.1 Case settings

A modified IEEE 33-bus system, shown in Figure 3, is used
for simulation verification. Employing the clustering
methodology delineated in Section 2.1, the study area is
partitioned into five distributed PV clusters as depicted in
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Figure 3. Shared ESS installation nodes are established
between the campuses. The typical daily solar irradiance
profiles and load profiles are illustrated in Figure 4. The
solar irradiance profile represents the ratio of actual PV
cluster output to the total installed PV capacity within
the cluster, while the load profile indicates the ratio of
actual load to the maximum load. The fundamental data
for the shared ESS is presented in Table 2. The maximum
number of daily line disconnections is set to four. The equiv-
alent node of each distributed PV cluster is 1.5 MW of PV
installed, and the investment economy is taken as the opti-
mization objective, with the maximum discard rate set to
10%, which is simulated and verified.

To validate the efficacy of the proposed clustering
method, a comparative analysis of power flow in the distri-
bution network was conducted before and after PV equiva-
lent modeling. The average relative errors of active power
and node voltage at each time step are illustrated in
Figure 5. Regarding the relative error of node voltage, all
values are below 0.1%, with a daily average voltage error
of 0.067%. As for the active power deviation, it remains
below 0.1% during the 0-7 h period, with a daily average
error of 0.49%, and a maximum value of 1.16% at 13 h.
Consequently, the clustering equivalent effect of the
method proposed in this paper demonstrates satisfactory
accuracy.

Table 1. Algorithm: Pseudo-code of QOCNNA.

Algorithm: Pseudocode of QOCNNA

Initialize the initial parameters of the QOCNNA (Nr, Tmax, Jr, and K)
% QOBL-based population initialization %
Randomly generate an initial population X
Generate quasi-opposite solutions QOX of initial pattern solutions X
Calculate the fitness function values of the combined set {X,QOX} and sort them
Select the Nr best solutions from the set {X,QOX} as the initial population
Randomly generate the weight matrix considering the imposed constraints in equation (39)
Define target solution Xtarget and its corresponding target weight (Wtarget)
for t=1: Tmax

% Search process of NNA %
Generate new pattern solutions (Xnew) using equations (41) and (42)
Update the weight matrix (W) using equation (43)
for i=1: Nr

if rand<b
Perform the bias operator

else (rand�b)
Apply the transfer function operator

end if
end for
Calculate the fitness function values for all updated pattern solutions
Update the value of b\betab
% QOBL-based generation jumping %
if rand< Jr

Generate quasi-opposite solutions (QOX) of updated pattern solutions Xt

Calculate the fitness function values for quasi-opposite solutions (QOX)
if fi(QOXt)<fi(Xt)

Xt= QOXt

fi(QOXt)<fi(Xt)
end if

end if
% Chaotic local search %
Update the target solution and its corresponding target weight
Perform the CLS strategy to generate a better target solution

end for
Return the target solution Xtarget and its corresponding fitness function value
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5.2 Analysis of ESS configuration results

In order to satisfy the goal of less than 10% abandonment
rate, the minimum ESS investment cost is $3.4165�106,
and the results of ESS configuration are shown in Table 3.

According to Table 3, different nodes have different
number of shared ESS units, with a minimum of 27 ESS
devices installed at node 4 and a maximum of 49 ESS
devices installed at node 13. This phenomenon is related
to the network structure, which can be combined with
the network structure diagram to show that the 4 node is
the closest to the substation, while the 13 node is the fur-
thest away from the substation. Since node 4 are electrically
closer to the substation, when there is insufficient power in
the system, it can directly transmit power from the substa-
tion to satisfy the power demand of the system; on the other

hand, since the node 13 are electrically farther away from
the substation, when there is insufficient power in the
system, transmitting a large amount of power from the sub-
station may result in voltage overruns that does not meet
the safety requirements. Therefore, the further the electrical
distance from the substation, the more ESS capacity is
required to achieve local balancing of electrical energy
and to reduce the operational stress of the ESS.

5.3 Analysis of network reconfiguration results

For the switches, they are numbered as I-IX and their
reconfiguration results are shown in Table 4.

As shown in Table 4, the network topology exhibits rel-
ative stability before the 8:00 and after 22:00. Conversely,
the network topology undergoes frequent changes between

Figure 2. The solution flow chart of QOCNNA.
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8:00 and 22:00. Furthermore, in conjunction with Figure 4,
the output of the PV cluster gradually increases from the
8:00, peaking at the 13:00. The cluster output diminishes
to zero after the 20:00, while the load remains at its peak

between the 11:00 and 21:00. Consequently, a significant
amount of PV power is injected back into the grid during
the 8:00 to 22:00 due to the spatiotemporal mismatch
between PV output and load demand. Network reconfigu-
ration can mitigate issues such as line overload and voltage
violations, thereby promoting the consumption of PV out-
put. Conversely, the absence of PV output at night, coupled
with a relatively stable load and the smoothing effect of
ESS on load fluctuations, results in a more balanced line
power distribution, significantly reducing the necessity for
network topology adjustments. It is important to note that
the solar irradiance and load curves in Figure 4 represent
ratios relative to their maximum values, not actual values.
Moreover, at 17:00, the maximum available PV power and
system load are 3.75 MW and 2.1 MW, respectively, indi-
cating that PV generation exceeds the load. At 18:00, the
maximum available PV power and system load are

Figure 3. 33-bus study system.

Figure 4. Load and reference PV output curve.

Table 2. Related parameters.

Parameters Value

ESS battery cost/($/kWh) 224
Charging/Discharging system cost/($/kWh) 500
Unit ESS capacity/(kWh/unit) 100
Maximum charging power per unit/(kW) 30
Maximum discharging power per unit/(kW) 30
Selling price of electricity/($/kW) 0.07
Power purchase price/($/kW) 0.04
Service charge/($/h) 7.15
Annual maintenance cost of ESS/($/kWh) 6.5

Figure 5. Average relative error of active power and node
voltage in different periods.
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2.1 MW and 3.3435 MW, respectively, indicating that PV
generation is less than the load. Therefore, topological
changes are correlated with the matching degree between
PV output and load.

The ESS at node 7 is in closer contact with the PV
device at node 27. It can be seen that compared with node
4 and node 7, the ESS at node 13 and node 30 serve more
parks, so the energy storage configuration results shown
in Table 3, the energy storage installation at node 13 and
node 30 is significantly higher than that at node 4 and node
7. This phenomenon also proves the effectiveness of the ESS
configuration model proposed in this paper.

The integration of high-penetration distributed PV gen-
eration introduces challenges such as increased network
losses, reverse power flow, and voltage violations. This sec-
tion presents an analysis comparing network losses and
nodal voltage variations before and after distribution net-
work reconfiguration. The system’s network losses and
nodal voltage profiles before and after reconfiguration are
illustrated in Figures 6 and 7, respectively. Prior to reconfig-
uration, the total network loss was 0.739 MWh, which was
reduced to 0.542 MWh post-reconfiguration, representing a
26.7% reduction. This indicates that the optimized reconfig-
uration strategy effectively mitigates system losses. Fur-
thermore, the voltage at node 15 is closer to 1.0 p.u. after
reconfiguration, demonstrating that network reconfigura-
tion can alleviate voltage fluctuations caused by PV output
and load variations, thereby contributing to improved volt-
age stability.

5.4 Analysis of PV curtailment results.

In order to analyze the timing control state of each park PV
cluster, the multi-time period simulation operation model is
solved under the reference PV curve. The abandonment
rate r can be calculated as follows:

r ¼ PCurt
g;t;x

PCap
g bt

� 100%: ð54Þ

Figure 8 shows the abandonment rate of each park PV clus-
ter over 24 time periods, from which it can be seen that each
node PV cluster has different degrees of abandonment from
8:00 to 16:00, especially at 9:00, when the abandonment
rate reaches the maximum. Although the sunlight intensity

Table 3. Shared energy storage configuration results.

Nodes Number of shared
ESS units

Shared ESS capacity
(MWh)

Maximum charge/discharge power
(MW)

4 27 2.7 0.81
7 31 3.1 0.93
13 49 4.9 1.47
30 46 4.6 1.38

Table 4. Network reconstruction results.

Time periods Lines in operation Time periods Lines in operation

1–8 II, III, IV, VI, VIII 15–17 II, IV, V, VIII, IX
8–10 II, III, IV, VII, VIII 17–20 I, III, IV, V, VIII
10–13 II, III, V, VII, VIII 20–22 II, III, IV, VII, VIII
13–15 II, III, IV, VII, VIII 22–24 II, III, IV, VI, VIII

Figure 6. Comparison of system losses before and after
reconfiguration in different periods.

Figure 7. Voltage comparison of node 15 before and after
reconstruction in different periods.
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reaches the maximum at 13:00, but 13:00 is also in the
peak load time, obviously the abandoned light rate is not
only related to the maximum power generation of PV
cluster devices, but also related to the system load, and at
9:00, the light intensity to have been relatively high, while
the system load is still in the growth stage. Therefore, at
9:00, the curtailment rate reaches the maximum.

On the other hand, it can be seen from Figure 8 that the
16-node PV cluster has the highest abandonment rate over-
all, followed by the 27-node, 20-node and 33-node, while the
25-node has the lowest abandonment rate, and in order to
facilitate the explanation of this phenomenon, Figure 9.
6 demonstrates the load level of the parks in each of the
24 time periods. Comparing Figure 8 and Figure 9, it can
be found that parks with higher loads have lower abandon-
ment rates for their own PVs, especially the park where
node 25 is located, whose overall load level is significantly
higher than that of the other parks, and it can also be seen
in Figure 8 that there is almost no abandonment of PVs
cluster at node 25. This indicates that the parks with larger
loads are able to better consume local PV power during the
hours of stronger light, while the parks with smaller loads
have to perform a large amount of discarding during the
hours of stronger light due to network security constraints.
This phenomenon further validates the effectiveness of the
method proposed in this paper.

5.5 Analysis of operation strategies of shared ESSs

The output of the four shared energy storage power stations
in the multi-park during the operation period is shown in
Figure 10, and their expenditure and income during a
dispatch period are shown in Figure 11. Combined with
Figures 10 and 11, it can be seen that at the peak of PV
power generation, the park sells electricity to shared energy
storage to absorb the excess power generation of the PV
cluster, and purchases electricity from shared energy stor-
age to meet its own needs when there is no sunshine or
insufficient sunshine, and the load is strong. Among them,
the shared energy storage on node 4 mainly meets the PV
cluster consumption of nodes 20 and 25, as shown in
Figure 10a. The shared energy storage on node 7 mainly
meets the consumption of the PV cluster on node 27, as
shown in Figure 10b. The shared energy storage on node
13 mainly meets the PV cluster consumption of node 16
and node 20, as shown in Figure 10c. The shared energy
storage on node 30 mainly meets the PV cluster consump-
tion of node 27 and node 33, as shown in Figure 10d.

5.6 Comparison with and without ESSs

To ascertain the influence of ESS on the absorption of PV
clusters, an additional experiment was established, specifi-
cally excluding ESS configuration. Figures 8 and 12 present
the curtailment outcomes with and without ESS, respec-
tively. A comparative analysis of these results reveals that
the implementation of ESS markedly diminishes the PV
curtailment ratio. The primary timeframe for analyzing
and contrasting the curtailment rates spans from 8:00 to
18:00, corresponding to periods of elevated solar irradiance
and substantial PV output. In scenarios without ESS, the
PV curtailment ratio escalates due to increased PV output,
resulting in an inability to accommodate system load and
subsequent network congestion. Post-18:00, PV power
generation diminishes, and the generated power is directly
consumed by the end-users. Furthermore, in conjunction
with the ESS charging and discharging behavior depicted
in Figure 1, the energy storage devices are observed to be
charging between 8:00 and 18:00. After 18:00, the ESSs
device initiate a significant discharge to satisfy the system’s
load requirements. These observations suggest that, within
systems characterized by high solar irradiance, the integra-
tion of energy storage facilitates the storage of electrical
energy during periods of high solar intensity and its subse-
quent release during periods of low solar intensity, thereby
enhancing the consumption of PV clusters.

5.7 Analysis on pareto optimality

The Pareto front of the multi-objective model proposed in
this paper is illustrated in Figure 13. A linear correlation
is observed between investment cost and curtailment rate.
The impact of shared energy storage systems on PV cluster
integration is primarily reflected in the capacity and
charge/discharge power of the storage. Based on the
preceding analysis, the capacity of the energy storage
system is the most significant factor influencing PV cluster
integration. Even with an investment of $3.4165�106,

Figure 8. The curtailment rate of each PV in each period.

Figure 9. The load of each park in each period.
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the simulated operation indicates that each energy storage
device still reached its maximum state of charge. When
energy storage is integrated into the system, the additional
storage can accommodate surplus PV generation, thereby
reducing curtailment. Consequently, a linear relationship
exists between the curtailment rate and the investment
cost. Furthermore, the Pareto curve is not entirely smooth,
as shown in the figure, which is determined by the location
of the shared energy storage devices. As indicated in the
previous analysis, the radiation range of shared energy
storage devices at each node varies, resulting in different
benefits for the overall system’s PV integration when new
storage is added at different nodes.

Figure 10. The operating power of the shared energy storage station.

Figure 11. The benefits of shared energy storage power
stations.

Figure 12. curtailment rate in each period (without energy
storage).

Figure 13. The Pareto Frontier.
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5.8 Analysis of 69-bus system

The modified IEEE 69-bus system is used to verify that
when w1 and w2 take 0.5 respectively, the division of the dis-
tributed PV cluster is shown in Figure 14. Each PV is
installed with a 500 kW PV. Taking the investment econ-
omy as the optimization objective, and setting the maxi-
mum light rejection rate of 10%, the simulation
verification is carried out.

As shown in Table 5, the energy storage allocation pre-
dominantly favors the terminal nodes. This outcome stems

from the higher concentration of distributed PV installa-
tions at these nodes, necessitating increased energy storage
capacity for effective PV resource absorption. Due to the
considerable distance from the substation, transmitting sub-
stantial electrical power may result in voltage violations,
thereby compromising secure operational standards. Conse-
quently, the terminal nodes could be primarily supplied by
ESS tomitigate line power transmission andminimize losses.

For the 10 switches in Figure 14, numbered I-X, the
branch numbers put into use in each period are shown in
Table 6.

Figure 14. IEEE69 node example system.

Table 5. Shared energy storage configuration results.

Nodes Number of shared
ESS units

Shared ESS capacity
(MWh)

Maximum charge/discharge power
(MW)

18 8 0.8 0.24
27 15 1.5 0.45
35 13 1.3 0.39
43 17 1.7 0.51
65 19 1.9 0.57
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The topological structure’s variation pattern in Table 6
mirrors that observed in IEEE 33 bus system. Given the
unchanged profiles of PV output and load demand, the net-
work topology remains relatively stable before 8:00 and
after 22:00. Conversely, the network topology undergoes
more frequent changes between 8:00 and 22:00. These topo-
logical alterations are strongly correlated with the matching
degree between PV output and load demand.

6 Conclusion

This paper introduces a multi-objective optimization config-
uration method for shared energy storage, considering net-
work reconfiguration and equivalent clustering of PV. An
improved QOCNNA is employed to solve the proposed
model. Finally, the proposed method is applied to test sys-
tems of varying scales. The conclusions drawn are as follows:

1. When the output of PV generation does not match
the load demand, it is necessary to fully utilize net-
work reconfiguration and the charge/discharge capa-
bilities of energy storage to absorb PV generation,
ensuring the secure operation of the power grid.

2. The integration of shared energy storage devices is an
efficient solution for the absorption of PV clusters. By
storing electrical energy during periods of high solar
irradiance and grid absorption difficulties, and releas-
ing energy during periods of low generation, the
method promotes PV absorption and mitigates fluctu-
ations in the power system .

3. The Pareto optimal solution set for shared energy
storage planning, obtained from the model in terms
of PV absorption and the economic viability of energy
storage investment, can provide practical guidance for
energy storage planning in real-world engineering
applications.
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