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Abstract

The integration of large-scale distributed photovoltaics (PVs) has improved
the conventional resilience of distribution networks to a certain extent, but
it has also made the power quality problems of distribution networks more
prominent under steady-state operation. At the same time, the increase in the
proportion of sensitive loads has also made the impact of voltage sag events
increasingly serious, resulting in equipment damage and significant economic
losses on the user side due to power quality problems when the conventional
resilience assessment results of distribution networks are high. Based on this,
this paper proposes an optimal planning strategy for improving the resilience
of distributed networks based on subject and objective weight method. Firstly,
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for the proposed resilience assessment indicators, the improved Analytic
Hierarchy Process (AHP) is used to calculate the subjective weights of the
indicators, and the entropy weight method is used to calculate the objective
weights of the indicators. The optimal weight combining subjectivity and
objectivity is obtained comprehensively. Secondly, by combining the pro-
posed resilience and power quality indicators, a comprehensive resilience
indicator objective function is established. Based on the second-order cone
linearization method, a multi-objective energy storage (ES) optimization
configuration model with the lowest daily operation cost and the optimal
comprehensive resilience of the distribution network is established. Finally,
based on IEEE 33 node simulation, the comparison of calculation examples
shows that the proposed energy storage optimization configuration model can
effectively reduce system economic costs, while improving the resilience and
power quality level of the distribution network.

Keywords: Energy storage, power quality, resilience improvement, subjec-
tive and objective weight method, distributed networks.

1 Introduction

With the rapid progress of society and the flourishing development of tech-
nology, the load structure of distribution networks has undergone significant
changes. Nonlinear, impulsive, and fluctuating loads are continually increas-
ing, and the access capacity of distributed power sources is gradually rising.
Consequently, the issue of power quality in distribution networks is becoming
increasingly prominent. Among these changes, the increasing integration
of distributed photovoltaic (PV) power generation systems into distribution
networks has enhanced the network’s ability to support critical loads during
extreme events. However, the power quality issues caused by PV integration,
such as transient voltage dips, can damage sensitive equipment on the user
side and result in significant economic losses. At the same time, Considering
the advantages of fast response and bidirectional power adjustment, energy
storage (ES) systems can transfer electrical energy across time and space,
effectively suppress system fluctuations, and maintain system resilience.
Therefore, addressing the impact of power quality issues on users in distri-
bution networks with large-scale distributed PV access and compensating for
the insufficient consideration of system operation resilience in conventional
ES configuration strategies is crucial for the stable operation of distribution
networks.
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Existing researchers have carried out research on the evaluation and
improvement of distribution network resilience. Reference [1] provides a
comprehensive framework for quantifying the resilience of power systems,
which introduce metrics that capture the robustness, resourcefulness, rapidity,
and adaptability of the distribution networks. These metrics enable a detailed
evaluation of how well a network can maintain its functions during and
after disruptions. Reference [2] combines probabilistic and deterministic
methods to create a comprehensive risk assessment framework, which helps
in identifying critical vulnerabilities and prioritizing resilience enhance-
ment measures. A different approach is to apply concepts such as node
degree, betweenness centrality, and network efficiency to assess the structural
resilience of distribution networks. These metrics help in understanding
the impact of component failures and guiding the design of more resilient
network topologies [3]. Reference [4] focuses on the resilience of distribu-
tion networks to natural disasters, particularly earthquakes and develop a
simulation-based assessment tool that models the impact of seismic events on
network performance. Reference [5] discusses the use of resilience metrics
to guide the development of adaptive protection schemes and restoration
strategies. Reference [6] proposes a resilience-based design approach that
integrates resilience assessment into the planning process of distribution
networks, and involves identifying potential threats, assessing network vul-
nerabilities, and implementing design modifications that improve resilience.
The above research focuses on distribution network evaluation methods from
multiple perspectives, covering resilience indicators, evaluation methods and
actual case studies. Reference [7] discusses a rapid restoration optimization
strategy for short-term global coordination and the synergistic autonomous
regulation of distributed energy sources, with enhancing its resilience level.
By integrating a variety of assessment frameworks, the application of dif-
ferent methods in identifying network vulnerability and guiding resilience
improvement decisions is demonstrated. However, many resilience indicators
of distribution network mostly adopt linear summation method, and the
influence of indicators weight is not fully considered.

Numerous researchers have proposed various resilience enhancement
technologies and ES solutions aimed at improving power quality. The sig-
nificance of ES systems in stabilizing the grid and facilitating rapid recovery
from disruptions has been extensively explored [8]. Reference [9] establishes
power quality improvement strategy with a hybrid renewable energy sources
based standalone system using neuro-fuzzy controllers. Reference [10] pro-
poses an optimization strategy to enhance the resilience of distribution



1018 Yu Li et al.

networks under extreme operating conditions by utilizing multiple microgrids
and mobile ES, based on the resilience indicators framework of resilience,
recovery, adaptation, and prevention. Reference [11] achieves optimal power
quality compensation for ES by formulating and solving an optimal power
flow problem, transforming the optimization model into a convex quadratic
constrained quadratic program. In addition, reference [12] analyzes power
quality disturbance recognition and classification method. And reference [13]
introduces a coordinated control strategy that uses the coordination of active
and reactive power of distributed generations to regulate the impedance of the
point of common coupling (PCC), employing active and reactive power for
transient suppression and power factor improvement at PCC. Reference [14]
analyzes the impact of distributed ES on the power quality of distribution and
transmission networks. Reference [15] explores the potential of using ES to
reduce energy and power losses and improve the efficiency of distribution
networks. This study determines the optimal charging and discharging power
of ES and their positions in the distribution network through metaheuristic
optimization methods using particle swarm optimization and genetic algo-
rithms. Reference [16] proposes a method to simultaneously optimize the
configuration of ES and the operation of active distribution networks by intro-
ducing a resilience evaluation system, which helps to increase the resilience
of active distribution networks to withstand multiple faults. References [17]
and [18] propose the optimal configuration strategy for distributed ES in dis-
tribution networks, achieving the minimization of voltage deviation, voltage
flicker, line load, and power loss. Reference [19] first simulates the voltage
curves of electrical components integrated with PV and ES networks, and
then used an improved multi-objective particle swarm optimization algorithm
to minimize the overall node voltage deviation and the energy capacity of ES.
Reference [20] proposes an optimal scheduling model for distributed battery
ES stations considering peak load transfer to improve voltage distribution in
distribution networks These studies collectively highlight the importance of
optimal configuration strategies for ES systems to enhance the resilience of
distribution networks. However, most of the above literature comprehensively
enhance the resilience of distributed systems with ES from conventional
resilience indicators, ignoring the impact of power quality.

To address the issues mentioned above, this paper proposes a distribution
network resilience evaluation system and an ES optimization configuration
method based on the subjective and objective weight method. The resilience
assessment is enhanced using a subjective and objective weighting approach
to achieve precise weight allocation, establishing an evaluation system that
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more objectively and accurately reflects the comprehensive resilience level
of both the power grid and the user sides. Meanwhile, considering the
comprehensive resilience indicators of the distribution network and aiming
to minimize the total operating cost, an ES optimization configuration model
is developed to enhance the resilience of the distribution network, and the
proposed strategy is demonstrated by the simulation results.

2 Subjective and Objective Weighting Method

This paper employs an improved Analytic Hierarchy Process (AHP) to cal-
culate the subjective weights of the indicators and the entropy weight method
to determine their objective weights. By combining these approaches, we
obtain optimal weights that integrate both subjective and objective factors.
This method addresses the inherent subjectivity of AHP and the high sample
dependency of the entropy weight method. The specific steps of the subjective
and objective weighting method are illustrated in Figure 1.
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Figure 1 Process diagram of subjective and objective weighting method.
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2.1 Subjective Weight Determination Based on Improved
Analytic Hierarchy Process

Considering the varying operating environments and service users of different
types of distributed power sources, it is crucial to consider the perspectives
of users from different regions when conducting comprehensive resilience
assessments. Therefore, this article adopts the improved AHP. The specific
implementation steps are as follows:

Step 1: Determine the hierarchical structure of the comprehensive resilience
indicators based on suggestions from all stakeholders, and rank them accord-
ing to their importance.

Step 2: Compare the importance of each indicator sequentially and determine
the corresponding scale rij from Table 1.

Step 3: After determining each scale from the above equation, calculate the
values of other elements based on the transitivity of the importance of each
indicator and establish the following judgment matrix.

A =

I11 I12 · · · I33


I11 1 r12 · · · r1n
I12 r21 1 · · · r2n

...
...

...
...

...
I33 rn1 rn2 · · · 1

(1)

where A is the judgement matrix of indicator’s importance; n represents the
number of indicators to be evaluated; rij is the indicator scale.

Table 1 Each scale meaning of judgment matrix

Scale Meaning

1.0 Compare two elements with equal importance

1.2 Comparing two elements, the first element is slightly more important than the
second element

1.4 Comparing two elements, the first element is significantly more important than the
second element

1.6 Comparing two elements, the first element is more important than the second
element

1.8 Comparing two elements, the first element is extremely important compared to the
second element
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Step 4: Calculate the weight values of each indicator from matrix A:

si = n

√√√√ n∏
j=1

rij

/
n∏

i=1

n

√√√√ n∏
j=1

rij (2)

where si represents the subjective weight value corresponding to the compre-
hensive toughness indicators.

2.2 Objective Weight Determination Based on Entropy Weight
Method

The entropy weighting method is an objective weighting method based on
the principle of information entropy, used for the comprehensive evaluation
of multiple indicators. The specific steps are as follows:

Step 1: Resilience indicators non-dimension. The proposed resilience indica-
tors in this article are all positive indicators (i.e. Indicators with larger values
are more optimal), which can be calculated by:

zij =
xij − xj,min

xj,max − xj,min
(3)

where zij is the j-th evaluation indicator in the i-th evaluation scenario after
non-dimension; xij is the original evaluation indicators; xj,min and xj,max are
the minimum and maximum values of original evaluation indicators.

Step 2: Assuming there are n evaluation scenarios and m evaluation indi-
cators, the resulting evaluation indicator values are dimensionless, and the
matrix is as follows:

Z =


z11 z12 · · · z1n
z21 z22 · · · z2n

...
...

...
...

zm1 zm2 · · · zmn

 (4)

where Z is the resilience assessment indicators matrix.
If the element zuv of matrix Z represents the value of the u-th indicator

in the v-th evaluation scenario, then the entropy eu of the u-th indicator is
defined as:

eu =
1

lnn

n∑
v=1

zuv ln zuv (5)
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where eu is the entropy of proposed indicator. If zuv = 0, then define
zuv ln zuv as 0.

Step 3: Calculate the objective weight values of each indicator:

ωu =
1− eu∑m

u=1(1− eu)
(6)

where ωm is the objective weight of proposed indicators.

2.3 The Optimal Weight for Comprehensive Subjective and
Objective Weighting

Based on the subjective and objective weighting methods mentioned above,
the comprehensive weight qj can be obtained from the following equation:

qj =
siωj∑n

i=j=1 siωj
(7)

where qj is the comprehensive weight of j-th evaluation indicator.
Assuming the measurement vector of the comprehensive resilience indi-

cator is I and the weight vector is Q at time t, the comprehensive evaluation
Ire result is as follows. 

I = [I11, I12, . . . , I33]

Q = [q1, q2, . . . , qn]

Ire = I ×Qt

(8)

where n represents the number of indicators to be evaluated.

3 The Optimal ES Configuration Model for Comprehensive
Resilience of Regional Distributed Networks

The ES optimization configuration model for the distribution network is
a nonlinear programming model. To facilitate its solution, it needs to be
converted into a second-order cone programming (SOCP) model using (9).{

Xij = I2ij

Yj = V 2
j

(9)

where Iij represents the current flowing through branch ij; Vj is the voltage
magnitude at node j.
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Figure 2 Flow chart of ES configuration to enhance the resilience of distribution network.

The flow chart of the ES configuration to enhance the resilience of the
distribution network is shown in Figure 2. Firstly, a resilience enhancement
demand model is established based on the topology and resource characteris-
tics of the distribution network. Next, comprehensive resilience indicators are
developed, considering the impact of power quality and using the aforemen-
tioned subjective and objective weighting method to achieve a reasonable
allocation of multi-objective weights. Finally, taking into account the con-
straints of multidimensional distribution network operation and resilience
indicators, an ES optimization planning model is established to enhance com-
prehensive resilience. The optimal ES configuration scheme is then solved
using SOCP linearization and the Gurobi solver. By following these steps,
the flow chart ensures a systematic approach to enhancing the resilience of
the distribution network through optimized ES configuration.
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3.1 Objective Function

3.1.1 Minimizing the total cost
Considering the high investment cost of ES systems, the objective of the opti-
mization configuration process should be to minimize the total operating cost
of the entire system. This includes the investment cost of the ES, operational
and maintenance costs, distribution network loss costs, and user loss costs
caused by voltage sag events.

minCall

Call = Cinv + Cop + Closs + Csag
(10)

where Call is the total operating cost of the distribution network, Cinv is
the investment cost of the ES devices, Cop is the annual operational and
maintenance cost of the ES devices, Closs is the network loss cost, and Csag

is the average economic loss cost to users due to voltage sag events.

3.1.2 Maximizing comprehensive resilience
Based on the conventional grid resilience indicator evaluation system, this
paper further considers the impact of distributed PV access on power quality
indicators and proposes the comprehensive resilience indicators that incorpo-
rates both conventional resilience indicators and power quality. The objective
function is to achieve the highest comprehensive resilience of the distribution
network within one operating cycle:

max Ire (11)

Ire = ITr + IPQ (12)

where Ire is the comprehensive resilience; Itr is the conventional resilience
indicators; IPQ is the power quality indicators.

The conventional resilience indicators Ire include comprehensive voltage
qualification rate, power supply reliability rate, load loss rate, line utilization
rate, comprehensive line loss rate, distributed resources penetration rate,
peak-valley ratio of load.

ITr =
∑
j

qjITr ,j (13)

ITr ,j = {ICVQ , IPS , ILLR, ILUR, ILineR, IPR, IPVR} (14)

where ITr ,j is the j-th conventional resilience indicator; ICVQ is the com-
prehensive voltage qualification rate; IPS is the power supply reliability;
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ILLR is the load loss rate; ILUR is the line utilization rate; ILineR is the
comprehensive line loss; IPR is the distributed resources penetration rate;
IPVR is the peak-valley ratio of load.

The comprehensive voltage qualification rate is the ratio of the user’s
actual operating voltage qualification time to the total operating time.

ICVQ =
T −

∑T
0 tlim

T
× 100% (15)

where T is the total operating time; tlim is the voltage over-limit time.
The power supply reliability refers to the ratio of the user ’s power supply

time to the total operating time.

IPS =

(
1−

∑T
0 tOT

T

)
× 100% (16)

where tOT is the outage time.
The load loss rate is the ratio of interrupted load to total power consump-

tion load after system disturbance.

ILLR =

∑T
t=1 Pint(t)∑
j Pload ,j

× 100% (17)

where Pint(t) is the interrupted load at time t; Pload ,j is the load power at
node j.

The line utilization rate is the ratio of power supply to the maximum
transmission capacity of the line.

ILUR =

∑
t

∑
i PGen,i∆t

Pmax
line

× 100% (18)

where PGen,i is the output of power generation i; ∆t is the time interval;
Pmax
line is the maximum transmission power.

The comprehensive line loss rate refers to the ratio of power loss to power
supply in the distribution network.

ILineR =
Eloss∑

t

∑
i PGen,i∆t

× 100% (19)

where Eloss is the electricity of line loss.
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The distributed resources penetration rate refers to the ratio of installed
capacity of distributed resources to the maximum load value.

IPR =

∑
i P

N
Gen,i

Pmax
load

× 100% (20)

where PN
Gen,i is the installed capacity of distributed resources; Pmax

load is the
maximum load power.

The peak-valley ratio of load is the ratio of the difference between high
and low peak loads on a typical day to the peak load.

IPVR =
Pmax
load − Pmin

load

Pmax
load

× 100% (21)

where Pmin
load is the minimum load power.

The power quality indicators include voltage deviation, harmonic current
over-limit margin, harmonic voltage.

IPQ =
∑
s

qsIPQ ,s (22)

IPQ ,s = {IVD , IHC , IHV } (23)

where IPQ ,s is the s-th power quality indicators; IVD is the voltage deviation;
IHC is the harmonic current over-limit margin; IHV is harmonic voltage over-
limit margin.

The voltage deviation is calculated by measuring voltage and nominal
voltage:

IVD =
Vmea − Vnor

Vnor
× 100% (24)

where Vmea is the measuring voltage; Vnor is the nominal voltage.
The harmonic current over-limit margin is measured and limited by the

total harmonic distortion rate of the current.

IHC =

√∑M
m=2 I

2
m

I1
× 100% (25)

where Im is the m-th harmonic current; I1 is the fundamental current.
The harmonic voltage over-limit margin is expressed by the total har-

monic distortion rate of the voltage.

IHV =

√∑M
m=2 U

2
m

U1
× 100% (26)
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where Um is the m-th harmonic voltage; U1 is the fundamental voltage.

3.2 Constraints

The general model based on the branch power flow model, after being
converted into a second-order cone, includes the following constraints:

3.2.1 Power balance constraint∑
j∈{ΩG,ΩW ,ΩPV ,ΩES}

Pj,t = Pload ,t (27)

where ΩG, ΩW , ΩPV and ΩES are the sets of all thermal power genera-
tion units, wind turbines, PV systems, and ESs in the distribution network,
respectively, and Pload ,t denotes the load demand of distributed networks at
time t.

3.2.2 ES operation constraints
Due to the presence of nonlinear constraints in the ES operational constraint,
the Big-M method is employed to obtain the following processed constraint
equations: 

−N1 ≤ Pi,t ≤ N2

−M(1− ki) + P ch
i,max ≤ A ≤ M(1− ki) + P dis

i,max

−Mki ≤ A ≤ Mki

ei,t+1 = ei,t − Pi,t∆t

sSOC
i,min ≤ sSOC

i,t ≤ sSOC
i,max

sSOC
i,0 = sSOC

i,T

(28)

sSOC
i,t =

ei,t
Eess,i

(29)

where M is a large constant; A is an auxiliary variable; ki is a binary variable
indicating whether there is an ESS installed at node i; P ch

i,max and P dis
i,max

are the maximum charging and discharging power of the ESS at node i,
respectively; Pi,t is the discharging power of the ESS at node i at time t;
ei,t and ei,t+1 are the remaining capacities of the ESS at node i at times t and
t + 1, respectively; sSOC

i,t represents the state of charge of the ESS at node
i at different times; sSOC

i,min and sSOC
i,max are the minimum and maximum state
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of charge of the ESS at node i, respectively; and Eess,i is the capacity of the
ESS at node i.

3.2.3 Node power constraints
pj =

∑
k∈δ(j)

Pjk −
∑

i∈π(j)

(Pij −Xijrij) + gjYj

qj =
∑

k∈δ(j)

Qjk −
∑

i∈π(j)

(Qij −Xijrij) + bjYj
(30)

where pj and qj represent the injected active and reactive power at node
j, respectively; Pij and Qij represent the active and reactive power flow in
branch ij , respectively; and gij and bij are the conductance and susceptance
of branch ij , respectively.

3.2.4 Ohm’s law constraints
Yj = Yi − 2(Pijrij +Qijxij) +Xij(r

2
ij + x2ij) (31)

3.2.5 Node voltage and branch current constraints{
V 2

i,min
≤ Yi ≤ V 2

i,max

0 ≤ Xij ≤ I2ij,max

(32)

where Vi,min and Vi,max are the lower and upper voltage limits at node i,
respectively, and Iij,max is the maximum allowable current limit for branch ij .

3.2.6 Power quality indicators constraints
To ensure the safe operation of the distribution network, the comprehensive
resilience indicators should meet the constraint conditions of not exceeding
the limit:

|Ire| ≤ Ī (33)

where Ī is the limits of comprehensive resilience indicator.

4 Calculation Analysis

This paper employs an adjusted IEEE 33-node distribution system, as illus-
trated in Figure 3. The system’s reference voltage is 12.66 kV, and the
reference capacity is 10 MVA. It comprises 33 nodes, with distributed PV
installation points at nodes 5, 11, 13, 15, 18, 22, 23, and 29. The PV
installation capacities at these points are 150 kW, 350 kW, 300 kW, 100 kW,
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Figure 3 The IEEE 33-node system.
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300 kW, 200 kW, 100 kW, and 350 kW, respectively. The basic parameters
of the ES device are as follows: the investment cost per kWh is 1300.57
yuan, the annual operation and maintenance cost per kWh is 19.94 yuan, the
service life is 20 years, the discount rate is 0.1%, the maximum charging and
discharging power is 550 W, and the upper and lower limits of the remaining
power are 80% and 20%, respectively, with an initial power level of 50%. The
changes in the total system load and PV output power over a 24-hour period
are illustrated in Figure 4.

4.1 Optimization Configuration of ES with Different Numbers of
Access Points

The number of nodes allowed for ES access is set to 1, 2, 3, and 5, with the ES
capacity at each node not exceeding 1000 kW. The results of the optimized
ES configuration are presented in Table 2. When ES is not configured in the
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Table 2 Optimized configuration results
System Configured ES Daily Comprehensive
Structure Node Capacity/kWh Costs/¥ Resilience
Conventional
distributed network

– – 1761.3 0.738

Scenario 1 9 550 1947.2 0.777
Scenario 2 17,29 300, 630 2014.1 0.812
Scenario 3 16,19,30 360, –, 640 2033.2 0.818
Scenario 4 12,15,17,30,32 –, 130, 210, 400, 240 2029.1 0.819

conventional distributed network, the daily operating cost and comprehensive
resilience are the lowest among the four scenarios. This is primarily because
the absence of ES avoids the additional costs associated with ES configura-
tion, and the comprehensive resilience of the system does not benefit from
the high-quality regulation provided by ES. As the number of configuration
nodes increases from 1 to 3, both the daily operating cost and comprehensive
resilience improve. This is due to the increased ES construction costs and
the enhanced system resilience and power quality provided by ES. However,
when the number of ES configuration nodes is set to 5, the daily system cost
is reduced by 0.2% compared to the configuration with 3 nodes, while the
comprehensive resilience of the distribution network improves by 0.12‰.

The voltage conditions at each node under different scenarios are shown
in Figure 5. As the number of allowed ES access points increases, the com-
prehensive resilience indicators of the distribution network also improves.
Comparing scenarios 3 and 4, it is evident that when ES access points are
more widely distributed, the comprehensive resilience of the distribution
network can be enhanced without a corresponding increase in the daily
average cost.

Furthermore, to assess the effectiveness of ES and the proposed com-
prehensive resilience indicators, multiple system structures are established
for simulation verification. The resulting power quality indicators are pre-
sented in Table 3. When neither PV systems nor ES are connected, the
voltage fluctuation and total harmonic distortion rate are at their baseline
levels. With the integration of PV systems into the distribution network, both
voltage fluctuation and total harmonic distortion increase due to the inherent
variability and intermittency of PV output. However, when both PV and
ES are connected to the distribution network, the voltage deviation, voltage
fluctuation, and total harmonic distortion rate are effectively mitigated. This
improvement can be attributed to the fact that the comprehensive resilience
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Table 3 Comprehensive resilience indicators under different conditions
System Voltage Voltage Total Harmonic
Structure Deviation/% Fluctuation/% Distortion rate/%
Without PV and ES −7.8 1.140 0.939
PV is configured without ES −4.9 4.919 1.992
PV and ES are configured (not
considering resilience)

−3.6 3.527 2.773

PV and ES are configured (considering
resilience)

−3.4 2.950 2.642

indicators account for power quality, enhancing the overall stability of the
distribution network.

4.2 Optimization Configuration of ES with Different PV Outputs

As the PV penetration rate increases, the voltage deviation in the distribution
network gradually increases, as illustrated in Figure 6(a). Additionally, the
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Figure 6 Voltage deviation and maximum harmonic distortion rate in the distributed net-
works.

low-order harmonic current output by the PV generation system contributes
to a higher harmonic distortion rate of the node voltage in the system. The
greater the PV access capacity and the closer the access point is to the end of
the feeder line, the more severe the voltage harmonic distortion, as depicted
in Figure 6(b).

The output of distributed PV systems is influenced by both the access
ratio and the lighting intensity. Excessive output can lead to significant power
quality issues in the distribution network, potentially reducing the network’s
resilience. To investigate the impact of different distributed PV outputs on the
effectiveness of ES optimization configuration schemes, this section sets the
PV access ratio to 25%, 50%, 75%, and 100%. The comprehensive resilience
indicators and economic impact of the distribution network are considered in
the optimization results, as shown in Figure 7.

As shown in Figure 7, with the increase in the penetration rate of
distributed PV, the optimization results for the resilience indicators of the
regional distribution network initially increase and then decrease. Concur-
rently, the ES configuration capacity initially decreases and then increases.
When the penetration rate of distributed PV reaches 50%, the distribution
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Figure 7 Optimization configuration results of ES under different PV penetration rates.

network achieves its maximum comprehensive resilience indicator of 0.818,
with a minimum required ES configuration capacity of 1000 kW. This indi-
cates that both the comprehensive resilience and economic performance of
the distribution network are optimal under this condition. Therefore, from the
perspective of optimizing ES configuration and efficiency, there is an optimal
penetration rate for integrating distributed PV. When the PV penetration rate
is below 50%, integrating distributed PV can somewhat alleviate the low
voltage issues at the end nodes of the regional distribution network and reduce
the load on overloaded lines. Consequently, increasing the PV penetration
rate effectively improves both the comprehensive resilience indicators and
the economic performance of the distribution network. However, when the
penetration rate exceeds 50%, distributed PV systems can cause overvolt-
age problems at the access points, which adversely affects power quality
indicators. The PV output peaks around 12:00, coinciding with the system’s
peak load times at both 12:00 and 20:00. If the distribution network lacks
sufficient capacity to consume this high PV output, it will further degrade the
comprehensive resilience indicators. Therefore, increasing PV penetration
rate will reduce the comprehensive resilience indicators of the distribution
network while increasing economic demand.

4.3 Optimal Configuration of ES Under Fixed Costs

To analyze the ES configuration capacity across different seasons and vary-
ing PV penetration levels, while keeping the total system investment cost
constant, the system is optimized under this constraint. The result is the
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Figure 8 Optimization configuration results of ES under different PV penetration rates.

optimal ES configuration capacity and the overall resilience indicator for the
distribution network. As depicted in Figure 8, the system’s comprehensive
resilience indicator reaches its maximum value under the fixed cost condition.

Given a fixed total daily investment cost of 2200 yuan, an analysis based
on solar irradiance reveals the following:

• Summer: Due to higher solar irradiance, the contribution of distributed
PV output is significant. This reduces both the distribution network line
loss rate and line loss cost, allowing for a greater ES capacity of up to
1330 kW. Consequently, the comprehensive resilience indicators of the
distribution network increase to 0.833.

• Winter: With weaker solar irradiance, the PV output is approximately
half of that in summer, which substantially diminishes its effect on
reducing line loss costs. As a result, the ES capacity that can be config-
ured decreases to 1080 kW, and the comprehensive resilience indicators
drops to 0.804.

• Spring and Autumn: The PV output in these seasons is slightly lower
than in summer, leading to similar ES capacities of around 1290 kW for
both seasons.

In summary, configuring ES capacity for a regional distribution network
with integrated distributed PV must account for the fluctuations in PV output
due to local climatic conditions. If the proportion of time with high solar
irradiance is substantial, the storage capacity can be reduced to enhance
economic efficiency. Conversely, if the proportion of time with low solar
irradiance is large, the storage capacity should be increased to maintain a
high level of the system’s comprehensive resilience indicators. From the per-
spective of distributed PV penetration, the resilience indicators of the regional
distribution network show an initial increase with higher PV penetration rates,
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followed by a subsequent decrease. A similar trend is observed in the storage
configuration capacity. When the PV penetration rate reaches 50%, the dis-
tribution network achieves the highest comprehensive resilience indicators
of 0.833, with the maximum ES capacity at 1330 kW. This indicates that,
while maintaining economic efficiency, more ES capacity can be configured
to enhance the system’s comprehensive resilience indicators.

Therefore, there is an optimal PV penetration rate for maximizing ES
configuration efficiency. For example, when the PV penetration rate is below
50%, integrating distributed PV can alleviate low voltage issues at the end
nodes of the regional distribution network and reduce the load on heav-
ily loaded lines. This increased PV penetration effectively improves both
the comprehensive resilience indicators and the economic efficiency of the
distribution network. However, when the penetration rate exceeds 50%,
distributed PV can lead to overvoltage issues at connection points, which
impacts power quality indicators. Additionally, PV output peaks around
12:00, while system load peaks occur around 12:00 and 20:00. The distribu-
tion network’s insufficient capacity to absorb the PV output exacerbates the
comprehensive resilience indicators. Thus, increasing PV penetration beyond
a certain threshold will degrade the comprehensive resilience indicators of
the distribution network and increase economic demands.

5 Conclusion

To address the significant disparity between the actual perceived resilience of
sensitive users in distribution networks and the evaluation outcomes produced
by existing resilience assessment frameworks, we propose a comprehensive
resilience evaluation system for distribution networks, along with an ES
optimization configuration model. The objective is to minimize the compre-
hensive resilience indicators and total operating costs. The main findings are
as follows:

(1) Comprehensive Resilience Evaluation: A comprehensive resilience eval-
uation index system was developed, employing both subjective and
objective weight allocation methods to assess the resilience of regional
distribution networks. This is achieved through the integration of mul-
tiple resilience indicators and their corresponding weights, providing a
more nuanced and accurate evaluation of network resilience.

(2) ES Optimization Configuration: An optimized ES configuration strategy
is proposed to enhance the overall resilience of the distribution network.
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The strategy includes provisions to prevent power quality indicators
from exceeding permissible limits, particularly after the integration of
distributed PV systems. By improving the network’s ability to withstand
disturbances, this approach significantly strengthens its anti-interference
capabilities.

(3) Impact of Distributed PV Systems: The effects of distributed PV systems
on regional distribution networks are analyzed based on varying light
intensities and penetration rates. From an ES optimization perspective,
the optimal PV penetration rate is identified. Under these conditions,
a reduced ES capacity can lead to significant improvements in the
network’s comprehensive resilience.
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