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Abstract

The disordered integration of high-penetration distributed photovoltaics (DPVs) into smart distribution networks has caused critical
challenges including transformer reverse overloading and degraded power quality. Strategically deploying grid-level energy storage
systems (ESSs) presents an effective solution to address these issues while enhancing operational efficiency and power quality. This
paper proposes a non-cooperative game theory-driven optimal siting and sizing method for DPVs and ESSs in smart distribution
networks. A tri-objective optimization model is formulated to mitigate grid vulnerability, reduce power losses, and minimize life-cycle
carbon emissions of PV generation. To resolve conflicting interests among multiple stakeholders (DPV owners, ESS operators, and grid
companies), a non-cooperative game framework with equilibrium strategies is established. An improved multi-objective particle swarm
optimization (IMOPSO) algorithm is developed to solve the Nash equilibrium point that maximizes benefits for all participants. Case
studies on IEEE 33 bus and IEEE-69 bus distribution systems demonstrate that the proposed method achieves: 2.43% reduction in grid

vulnerability index, 4.29% decrease in network losses, and 44.44% reduction in PV life-cycle carbon emissions - all while maintaining

voltage quality requirements and realizing Pareto-optimal allocation solutions for multi-stakeholder interests.
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1 Introduction

With the deepening of global energy transition, the large-
scale application of distributed photovoltaic (DPV) and
energy storage systems (ESSs) in intelligent distribution
networks has become a critical pathway to achieve the "dou-
ble carbon" goals. As of the end of September 2024, China's
PV installed capacity has reached 770 GW, with distrib-
uted PV accounting for 44.2%, and the installed capacity
of new energy storage projects exceeding 31.39 GW [1, 2].
However, issues such as aggravated line losses and node
voltage deviations caused by high-penetration distributed
PV access pose severe challenges to the safe and economic
operation of distribution networks [3]. Distributed ESSs,
with their characteristics of decentralized deployment and
flexible regulation, serve as a key means to mitigate the dis-
ordered energy flow in distribution networks and enhance
PV consumption capacity [4, 5]. How to collaboratively

optimize the siting and sizing of distributed PV and energy
storage in distribution networks to balance power quality
improvement, economic efficiency optimization, and car-
bon emission reduction goals has become the core issue in
current intelligent distribution system planning.

Existing studies have made progress in constructing
objective functions and developing solution methods for
the optimal siting and sizing of PV-storage systems. Early
research primarily focused on economic objectives, such
as minimizing investment and operation costs [6, 7]. With
the upgrading of low-carbon transition requirements, some
scholars have attempted to incorporate carbon emissions
into the evaluation system — for example, Li et al. [8] estab-
lished a life-cycle carbon emission evaluation framework
for PV systems. However, existing methods still focus
on emission accounting during the operation phase, with
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insufficient tracking of full-chain carbon emissions in
manufacturing, decommissioning, and other stages [9, 10].

In terms of power grid reliability, Zheng et al. [7],
Shang et al. [11], Li et al. [12] and Yan et al. [13] proposed
multi-objective optimization models considering vulnera-
bility indices and network loss characteristics, but a sys-
tematic analysis of the coupling relationship among power
grid vulnerability, loss characteristics, and life-cycle car-
bon emissions has not been formed. In terms of solution
algorithms, intelligent algorithms such as improved par-
ticle swarm optimization have been widely applied to
multi-objective optimization [14, 15], but there is a prob-
lem of inconsistent evaluation criteria for optimal solu-
tions [16]. Although distributed optimization methods
based on non-cooperative games can effectively coordinate
the interests of multiple agents [17-19], they have not fully
integrated power grid security constraints and life-cycle
carbon emission objectives. This makes them difficult to
address the goal conflicts among PV prosumers, energy
storage operators, and grid operators in modern intelligent
distribution systems — specifically, maximizing power gen-
eration profits, balancing peak-shaving benefits and capital
expenditures, and minimizing system security risks and
losses — thus causing the traditional centralized framework
to easily fall into a suboptimal solution dilemma.

To address these research gaps, this study constructs
a non-cooperative game-driven multi-objective optimi-
zation framework, aiming to resolve the uncertainties
in energy flow caused by spatiotemporal heterogene-
ity of PV resources and load volatility, the collaborative
optimization needs for grid vulnerability, network loss,
and life-cycle carbon emissions, and the decision-mak-
ing coordination challenges under multi-stakeholder goal
conflicts in high-penetration distributed PV distribution
networks. The study models the siting and sizing deci-
sions of distributed PV and energy storage as independent
gaming agents, achieving multi-agent strategy coordina-
tion through Nash equilibrium solutions to break through
the interest coordination limitations of traditional central-
ized optimization. The framework integrates three major
objectives — alleviating grid vulnerability, reducing net-
work losses, and minimizing life-cycle carbon emissions
of PV power generation — while constructing a multi-di-
mensional constraint model including power balance,
voltage constraints, and energy storage operation char-
acteristics. An improved multi-objective particle swarm
optimization (IMOPSO) algorithm is proposed, enhanc-
ing solution efficiency through crossover mutation and
adaptive weight mechanisms, and integrating the entropy
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weight-TOPSIS method for comprehensive scheme eval-
uation combining subjective and objective criteria. Case
studies on IEEE-33 [13] and IEEE-69 [15] bus systems
verify that the proposed method reduces life-cycle carbon
emissions of PV power generation by 44.44%, decreases
grid vulnerability by 2.43%, and lowers system network
losses by 4.29%, while effectively optimizing energy
storage configuration costs. The research findings pro-
vide a decision-making tool balancing safety, economy,
and low carbon for distribution network planning with
high-proportion distributed energy, facilitating efficient
planning and operation of new power systems in collabo-
rative scenarios of multiple agents.

The main contributions of this paper are summarized

as follows:

1. This study integrates full-chain carbon emissions of
photovoltaic (PV) power generation throughout its
life cycle with objectives of mitigating grid vulnera-
bility and reducing network losses based on life cycle
assessment (LCA) theory, achieving collaborative
optimization of distribution network security and
low-carbon performance via physical constraints.

2. This study addresses the challenge of balancing het-
erogeneous objectives among PV prosumers, energy
storage operators, and grid operators in traditional
centralized frameworks. It models PV and energy
storage siting/sizing as independent gaming agents,
constructs a strategic interaction mechanism based
on Nash equilibrium theory, and achieves Pareto-
optimal coordination of multi-agent strategies to
resolve suboptimal solutions caused by insufficient
interest alignment in conventional approaches.

3. This study addresses the defects of poor solution
set quality and single evaluation criteria in existing
multi-objective algorithms. It introduces crossover
mutation and adaptive weight mechanisms into the
traditional multi-objective particle swarm optimiza-
tion (MOPSO) algorithm, and constructs a compre-
hensive evaluation system by combining the entropy
weight-TOPSIS method. Case studies show that this
method significantly optimizes multiple indicators,
providing a replicable scheme for intelligent distri-
bution network planning.

The remainder of this paper is organized as follows:
Section 2 details the life-cycle carbon emission assess-
ment of PV generation, integrating material manufactur-
ing to decommissioning phases. Section 3 formulates the
multi-objective optimization model for distributed PV and



320 | Suetal.
Period. Polytech. Elec. Eng. Comp. Sci., 69(3), pp. 318-333, 2025

ESSs, incorporating grid vulnerability mitigation, network
loss reduction, and life-cycle carbon emission minimiza-
tion. Section 4 develops a non-cooperative game-theoretic
framework to solve the multi-objective model, establishing
strategic interaction mechanisms among stakeholders based
on Nash equilibrium theory. Section 5 presents case studies
using IEEE standard test systems [13, 15], including compar-
ative analyses and sensitivity evaluations. Finally, Section 6
summarizes the conclusions and future research directions.

2 Carbon emissions during the life cycle of PV power
generation
The life-cycle carbon emissions of PV systems (from man-
ufacturing to recycling) inform the optimal siting and sizing
of distributed PV and ESSs, reducing cumulative emissions
while balancing resource efficiency with grid stability.
Life-cycle carbon emissions of PV generation have been
widely used in power supply chains to track carbon foot-
prints. The full life cycle carbon emissions of PV systems
encompass manufacturing, transportation, installation,
operation, and decommissioning phases (as illustrated in
Fig. 1). During planning, it is critical to holistically eval-
uate regional PV resource endowments (e.g., solar irradi-
ance levels), spatial availability (e.g., rooftop/wasteland
suitability), and supply chain carbon footprints, thereby
reducing the overall carbon emission intensity through
optimal siting strategies [20]. A full life cycle emis-
sion (LCE) analysis of PV generation is integrated into
sustainable development goal (SDG) planning processes.
This integration achieves dual objectives: ensuring oper-
ational compliance and minimizing carbon emissions in
distributed PV and energy storage siting and sizing opti-
mization. This approach not only facilitates cost optimi-
zation but also contributes to life cycle carbon footprint
reduction across the entire PV deployment process.

I Raw material manufacturing and transportation
I Install
[ Operate Phase

Recycling and Waste Management

76%

/ 5

- y

0.6%
14.6%

Fig. 1 Distribution of carbon emissions at different stages of the life
cycle of PV power generation

The indirect carbon emissions associated with PV man-
ufacturing is shown in Eq. (1):

Cov i = B0’ > cBf, (1)
i=1

where PV is the total PV power output; ¢ is the carbon
emission factor per unit of electricity; # is the number of dis-
tinct generating units; B is the electricity consumption in PV
manufacturing and f'is the PV system influence coefficient.

The life cycle greenhouse gas emissions from PV prod-
uct transport are shown in Eq. (2):

Co =20%(Cpn i +Cotia)s ®)
where C,\ , is the direct carbon emissions during the PV

production process. The carbon emissions in the PV recy-
cling phase consist of multiple components, including emis-
sions from raw material reprocessing, constraints related to
the maximum installed capacity of recycling facilities, and
technology-specific emission factors (Eq. (3)):

+w_;v (I_CPV)PPV 3)

in,max >

PV PV ~ PV pPV
C, =, P,

in,max

where @ and @) are the carbon emission factors of
recyclable and non-recyclable PV components, respec-

tively; ¢*V is the PV recycling rate and P'"  is the max-

imum installed capacity of the PV system.
The life cycle carbon emissions of PV power genera-

tion [9] are shown in Eq. (4):

cllo=c +CY +CY+CrY. “)

pro,de pro,id tra

3 Equations

The proposed multi-objective optimization model for dis-
tributed PV and ESS incorporates three critical objectives:
grid vulnerability mitigation (assessed via voltage devia-
tion metrics and Gini coefficient-based uniformity anal-
ysis)), network loss minimization, and life-cycle carbon
emission reduction. It defines constraints including power
balance, node voltage limits, and energy storage opera-
tional boundaries (power/energy capacity limits, state-of-
charge (SoC) constraints) to ensure system stability and
equipment longevity. This framework facilitates collabo-
rative planning of PV-storage deployment while balanc-
ing technical, economic, and environmental trade-offs in
smart distribution networks.

3.1 Objective function
By integrating the power grid vulnerability metric x, , active
power loss x,, and life cycle carbon emissions metric x,,



the multi-objective optimization function is formulated as
follows (Eq. (5)):

X, :min(xl,xz,x3). ®)

3.1.1 Overall vulnerability index

Distributed energy storage systems (DESS) exhibits two
essential operational characteristics: decentralized deploy-
ment architecture and bidirectional power flow controlla-
bility. These technical attributes enable effective mitigation
of stochastic power fluctuations and disordered energy flow
patterns in modern distribution networks. Critical vulner-
able nodes face the risk of cascading failure propagation
under contingency conditions. Line component failures
triggered by system disturbances or external disruptions
may induce widespread blackout events. Node vulnerability
assessment employs a voltage deviation index (VDI) which
quantifies operational state stability by comparing nodal
voltage magnitudes against reference thresholds (Eq. (6)):

-

V., : ©)
TOAU,,

where U:, represents the per unit voltage at node i during
time period # and AU__ denotes the maximum allowable
voltage deviation.

Based on the power grid vulnerability index defined in
Eq. (6), the aggregated vulnerability index can be derived
as follows (Eq. (7)):

I/tem _ li Vi,t B Vt,min , )
N i=1 Vt,max _Vt,min

where N is the total number of nodes in the distribution

network, V/’max and V/,min denotes the maximum and mini-

mum values of the nodal vulnerability index during time

period ¢, respectively.

The structural homogeneity of a distribution network
significantly influences its vulnerability. An uneven dis-
tribution of nodal vulnerabilities may lead to cascading
failures within the grid if a voltage collapse occurs at any
single node. Therefore, relying solely on system-level vul-
nerability assessments is insufficient for comprehensive
risk evaluation. This paper proposes the Gini coefficient
as a metric V" to quantify the uniformity of vulnerabil-

t

ity distribution in distribution networks (Eq. (8)):
1 N-1

ye =1——(ZZH”+1), ®)
N i=1 ’

where H_ represents the ratio of the cumulative sum of vul-
nerability indices of the first i nodes (sorted in ascending
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order) to the total sum of all nodal vulnerability indices
during time period ¢.

The comprehensive vulnerability index (V™) is pro-
posed to holistically evaluate the vulnerability of distri-
bution networks. As formulated in Eq. (8), the V“ inte-
grates weighted structural and operational vulnerability
components, where the weighting coefficients w, and o,
are both set to 0.5. The V" is bounded within the range
of [0,1], with higher values indicating diminished distur-
bance resistance capability of the distribution network and
reduced risk resilience of the grid system [13]:

l T
x =V = FZ‘OIVW + o,V )

t
t=1

3.1.2 Network loss
The daily network loss is calculated using Eq. (10):

24
X, = zl > [6,(U+Us, -20,U, o565, )| (10)
=1 jeM,

where M, represents all the branches in the network;
GU. stands for the set of conductances at nodes i and j;
U, and U, are the voltages at nodes i and j at time ¢ and
5[.]’[ is the phase-angle difference between the start-node i
and the end-node j of the branch at time ¢.

3.1.3 Carbon emission indicators for the life cycle of PV
power generation

The carbon emission indicator x, for the LCA of PV power
generation where distributed PV is integrated into a smart
distribution network is adopted as the third objective func-
tion for optimization, and the life cycle carbon emissions
of PV power generation can be obtained from Eq. (4):

X3 = CEXA . (1 1)

3.2 Constraints

When determining the location and capacity configuration
of distributed PV and ESS in a smart distribution network,
not only must the fundamental operational constraints of
the system be fully considered, such as power balance and
node voltage, but also the power and energy balance of the
ESS and strategies to mitigate energy fluctuations should
be comprehensively evaluated [13].

3.2.1 Power balance constraints
The power balance constraint formula is used as (Eq. (12)):

I)szi})li_ZDPDj_z\I)elﬂ (12)
i=1 = k=1



322 | Suetal.
Period. Polytech. Elec. Eng. Comp. Sci., 69(3), pp. 318-333, 2025

where P denotes the input power of the power grid;
P, represents the load power at node i at time P, is the
output power of the j-th distributed PV system at time ¢;
P refers to the output power of the k-th ESS at time ¢ (pos-
itive during discharge) and n,, represents the total number
of distributed PV systems.

3.2.2 Node voltage constraint
The node voltage constraint formula is used as (Eq. (13)):

Vo SV < Vs (13)

where v . andv__ represent the lower and upper limits of

the system node voltage, respectively.

3.2.3 Energy storage power constraint
The energy storage power constraint formula is used

as (Eq. (14)):
P,<E<F_, (14)

where P, P
the ESS power, respectively.

represent the lower and upper limits of

3.2.4 Energy storage energy balance constraint

The Energy storage energy balance constraint formula is
used as (Eq. (15)):

Pl S P (1)< P

E . (1)=E 1(1-5)

P (1)1.A1(p,, (1) <0)

E, . (t)=E,, (t-1)(1-9)
m, (t (Pszk (’)>O)

0.2<80C, (1)<0.9(SOC, (0)=0.5)

T
Z{pﬂk am, +po, (t )n2 }At 0
d

t=1

store,k (

(15)

v

Atk

min max

where pi, pii denote the upper charging power limit
and lower discharging power limit of the £-th energy storage

unit, respectively; E () represents the capacity of energy

stk
storage k at time ¢; J indicates the self-discharge rate; 7, and
1, are the charging efficiency and discharging efficiency
of the ESS and SOCJ.(t) notes the state of charge of energy
storage at time ¢. To prevent lifespan degradation caused by
overcharging or over discharging, its value is constrained to
the range 0.2-0.9, and it is initialized and terminated at 0.5

at the start and end of each operational cycle, respectively.

In Eq. (15) a, and a, are binary charging/discharging
state variables:
* when the power p (?) < 0 (charging mode), a, = 1,
a,= 0;

* whenp  (©)> 0, (discharging mode), a, =0, a,= 1.

4 Solution strategy for multi-objective optimization
model driven by non-cooperative game theory

PV prosumers in SDNs prioritize generation revenue max-
imization. This economic driver incentivizes high-capac-
ity PV installations at network nodes with optimal solar
irradiance conditions. However, this strategy risks exac-
erbating local voltage violations due to intermittent power
injection. Energy storage operators seek to maximize the
net benefit of peak-shaving revenue minus investment
costs, typically deploying storage systems at nodes with
significant load fluctuations. While effective for load bal-
ancing, their charging-discharging behaviors may inadver-
tently increase network losses. Grid operators, prioritizing
minimization of comprehensive costs (including network
losses, system vulnerability, and carbon emissions), must
regulate the location and capacity of PV and energy storage
deployments to balance these conflicting objectives.

4.1 Game elements

A non-cooperative game-theoretic framework is employed
to model this multi-agent interaction. Through iterative
optimization of individual strategies, all stakeholders are
driven to converge to a Nash equilibrium, where no party
can unilaterally improve its payoff. This equilibrium rep-
resents a globally optimal compromise that balances eco-
nomic incentives with grid stability and efficiency.

SDN planning inherently involves game-theoretic
dynamics. Strategic interactions between PV systems and
ESS emerge during siting-sizing optimization processes,
driving the system toward competitive equilibrium states.
The non-cooperative game-theoretic strategies between
PV and ESS, driven by their conflicting operational objec-
tives, are formulated as follows:

R={G;S;X}. (16)

The specific description is as follows:

» Player G in the game-theoretic framework, each par-
ticipant with independent decision-making authority
is termed a player (denoted as G). Within smart dis-
tribution networks, the players are categorized as
distributed PV systems (G, ) and ESS (G ). These
players collectively form the set of strategic agents
G={G

PV?> GESS}'



» Strategy set S: in game-theoretic interactions,
the feasible strategies adopted by players during
decision-making are defined as their actionable

plans. In this context, the strategies for PV (S, ) and

)

PV-
energy storage (S, ) Systems involve their siting
locations and capacity allocations. The strategy set
§is formalized as: § = {S,,, Sy}

» Payoff X: the payoff function quantifies the bene-
fits obtained by both players during their interactive
decision-making processes and is utilized to adjust
their subsequent strategies. The mathematical for-

mulation is detailed in Eq. (17):

_ {XPV (SPV > SESS ) (17)
XESS (Spv ’SESS) ’

4.2 Existence of Nash equilibrium solutions

All participants aim to maximize X. Each participant selects
its optimal siting and sizing strategy .§ based on the strat-
egies chosen by other participants. We define the pro-
posed non-cooperative game as R = {G; S; X}, where G
denotes the set of participants, § is the strategy space,
and X represents the payoff function. The strategy vector
S" =(Spy, S} ), constitutes a Nash equilibrium if and only
if: for every participant, X* (™) > X (S}, St ) holds for
all 8" =(S8py, Sk ) €S, where X(S") is the payoff at equi-
librium, and X (S '

PV>

Siss ) is the payoff when the current
participant deviates while others maintain their strategies.

According to the Nash equilibrium existence theorem,
for a game with N players, if the pure strategy set S, of each
player i is a non-empty, compact, and convex subset of
a Euclidean space, and the payoff function X, is contin-
uous and quasi-concave with respect to S, then the game
admits at least one pure-strategy Nash equilibrium.

Hence, to prove the existence of a Nash equilibrium in
the proposed non-cooperative game model, it is necessary
to verify that the strategy set S of electricity-selling strate-
gies for all participants is a non-empty, compact, and con-
vex subset, and that the corresponding payoff function is
a continuous and quasi-concave function.

4.2.1 Prove that § is a non-empty compact convex subset
S denotes the interval of each participant's strategies span-
ning from the minimum to maximum siting capacities,
where §={S,., S.qq
moreover, a corresponding strategy necessarily exists for

} constitutes a compact convex subset;

each participant when engaging in electricity trading.
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4.2.2 Prove that the profit function X is concave

From Eq. (17), the payoff function is linear. According
to the Nash equilibrium existence theorem, it suffices to
demonstrate that the utility function X is quasi-concave with
respect to the strategy set S, which ensures the existence of
pure-strategy Nash equilibria in the proposed non-coopera-
tive game model. When S is a known strategy set, X is lin-
ear in S; as linear functions are inherently concave (and thus
quasi-concave), the region-based operation optimization
model under the non-cooperative game framework there-
fore admits a set of pure-strategy Nash equilibria.

4.3 Solving algorithm

This study proposes a non-cooperative game-driven equi-
librium strategy under heterogeneous stakeholder struc-
tures. An enhanced MOPSO algorithm is used to derive
the strategy. The methodology comprises three key steps:

1. Encoding of decision variables: the locations and
capacity configurations of PV systems and the ESS
are encoded into the optimization framework.

2. Algorithm enhancement: the conventional MOPSO
algorithm is improved by integrating crossover-mu-
tation operations and adaptive weighting mecha-
nisms to enhance convergence and diversity.

3. Multi-objective optimization: this study employs
an enhanced MOPSO algorithm to iteratively optimize
the siting and capacity allocation for all game partic-
ipants. The approach leverages equilibrium strategies
derived from a non-cooperative game model to bal-
ance conflicting objectives, including economic bene-
fits, grid stability, and operational constraints.

4.3.1 Encoding

During the optimization process, the locations and capac-
ities of PV systems and ESS are encoded as decision vari-
ables, with the initial capacity of distributed ESS also
being incorporated into the encoding framework.

Sev =[c1:CcnCyndyydy |

Sess =@ ysees @y BBy b sl | (1%
where N' is the number of PV systems; c,. denotes the
grid connection location of the N’ distributed PV system,
which is subject to rounding operation; d,. is the rated
capacity of the N' distributed PV system; M’ is the num-
ber of distributed ESS denotes the grid connection loca-
tion of the M'ESS, which is subject to rounding operation;



324 | Suetal.
Period. Polytech. Elec. Eng. Comp. Sci., 69(3), pp. 318-333, 2025

b

eM'+g

represents the real power of the g-th ESS at time
(et1) and ¢ is the time index.

To ensure the energy balance of the ESS, it is necessary
to adjust the power of the g-th ESS at time #:
-1

b 19)

(e—De-M'+g*
Jj=1

b

(T-De-M'+g ==

4.3.2 Improving multi objective particle swarm
optimization algorithm

In the MOPSO algorithm, crossover and mutation operations
are performed on particles' position vectors [21]. The entro-
py-weighted TOPSIS method is incorporated to enable com-
prehensive subjective and objective evaluation [22]. This
approach aims to enhance population diversity and improve
the convergence performance of the algorithm.

In the particle swarm optimization algorithm, each parti-
cle represents a candidate solution. The optimization mech-
anism dynamically updates its position in d-dimensional
solution space through dual solution guidance mechanisms.
This iterative process progressively converges toward
global optima [23]. The update strategies for velocity and
position are described by Egs. (20) and (21), respectively:

(k+1) _ (k) (k) (k) (k) (k)

Via =WV tan (pid —Xig )+Czr2 (gd —Xia ), (20)
k+D) _ (k) (k+1)

Xg  =Xg TV - (21)

Adaptive inertia weight

The difference X* between the i-th particle and the
global optimal solution of the population at the A-th itera-
tion can be calculated using Egs. (22) and (23):

) _ 1 1& w w
X = X —x_ D;|gd Xia |» (22)
wi(k) = Wstart _(Wstart - Wend)(Xi(k) _1)2 > (23)

where D is the dimension of the solution space; w'*' is the
inertia weight of the i-th particle at time k; w_and w, ,
denote the initial and final values of the inertia weight;
x_ andx_. represent the maximum and minimum values

max

of the particle's velocity variable.

Cross mutation operation

The PSO algorithm is prone to local optima during iter-
ations. To enhance population diversity, crossover and
mutation operations from genetic algorithms were incor-
porated into PSO, improving the particles' position vec-
tors. Based on this, a novel approach was proposed that
utilizes the difference vector X between the particle's

position vector and the global optimum to perform cross-
over and mutation operations.

4.3.3 Solution process
The specific steps of the game-theoretic improved PSO
algorithm are as follows:

1. Step 1: under capacity constraints, initialize the
capabilities of each participant. Each participant's
strategy S is initialized.

2. Step 2: input system-related parameters and deter-
mine the global optimal solution using the entro-
py-weighted TOPSIS method.

3. Step 3: for siting and sizing of each participant, solve
using the improved MOPSO algorithm. Based on the
concept of Nash equilibrium, each participant aims
to maximize their total profit under the (p—I)-th
strategy to derive their optimal solution for the p-th
siting and sizing plan. The mathematical expression
for the optimal siting and sizing plan of each game
participant in the p-th round is shown in Eq. (24):

_ max
spv,p =argg (SPV,p’SESS,p—l)

(24)
SESS,p = argsEssvp (SESS,p’SPV,p—l)

4. Step 4: determine whether a Nash equilibrium point
has been identified. If two consecutive strategies are
identical (i.e., the Nash equilibrium point is derived
from Eq. (25)), each participant selects an optimal
location based on their strategy and calculates their
corresponding profit. Otherwise, return to Step 3:
(S;V ’S;;ss ) = (SPV,p’SESS,p) = (SPV,p—l ’SESS,pfl ) (25)

5. Step 5: output the Nash equilibrium point (Spy , Spes )
and the profit function X. The solution flowchart for
the optimization model of distributed PV and energy
storage integration into smart distribution grids,
covering siting and sizing, is presented in Fig. 2.

5 Example analysis

5.1 IEEE-33 distribution network system

5.1.1 Data input

To validate the rationality of the proposed method,
the IEEE-33 distribution network system was adopted as
a case study. The distributed PV system can be integrated at
nodes 2 to 33, with 2 units installed at 2 MW each. The total
grid load is 3715 + j2300 kVA, operating at 12.66 kV,
and the allowable node voltage range is 0.9-1.1 p.u.
The ESS can be integrated at nodes 2 to 33, with 2 units
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and capacity solving process

installed at 2 MW each. Typical daily load and distributed
PV output curves are provided in Wu et al. [14], as shown
in Fig. 3. Differences in PV resource endowments among
nodes 233 are represented by equivalent irradiance inten-
sity weights. Supply chain carbon footprint data are refer-
enced from regional grid carbon emission factors, and trans-
portation distances are converted based on the geographical
locations of nodes relative to the regional logistics center.

5.1.2 Scene setting

Given the large scale of the optimization solution set,
the paper lists the top three Pareto optimal solutions in
descending order of weighted indicators. To validate the
proposed algorithm's correctness, five distinct scenarios
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Fig. 3 Daily load and distributed PV output curves
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were designed. These scenarios were subjected to com-
parative analysis under identical constraints:

1. Scenario 1: without energy storage integration, solv-
ing for grid vulnerability, network loss, and life-cy-
cle carbon emissions of PV power generation.

2. Scenario 2: incorporating distributed PV and energy
storage, the model aims to minimize network loss
and PV life-cycle carbon emissions while excluding
grid vulnerability.

3. Scenario 3: incorporating distributed PV and energy
storage, the model targets minimizing grid vulnera-
bility and network loss while excluding PV life-cycle
carbon emissions.

4. Scenario 4: incorporating distributed PV and energy
storage, the model uses a multi-objective optimiza-
tion framework integrating grid vulnerability, net-
work loss, and PV life-cycle carbon emissions, with
a traditional MOPSO algorithm employed for siting
and sizing of distributed PV and energy storage.

5. Scenario 5: incorporating distributed PV and energy
storage, the model adopts a multi-objective optimi-
zation framework integrating grid vulnerability, net-
work loss, and PV life-cycle carbon emissions, with
a non-cooperative game-driven improved MOPSO
algorithm utilized for siting and sizing of distributed
PV and energy storage.

5.1.3 Result analysis

Among these, Scenario 5 represents the method proposed in
this paper. Scenario 1 is calculated by choosing end-nodes
and without deploying energy storage. Scenarios 2 and 3
are contrasted with Scenario 5 by omitting one objective
each. Scenario 4 is used for comparison with the method
in Scenario 5. Table 1 presents the optimization results for
the IEEE-33 bus system, with the sitting outcomes shown
in Fig. 4. As indicated in Table 1, compared to Scenario 1,
Scenario 5 achieves reductions in all three objective func-
tions: the grid vulnerability index decreased by 2.43%,
network loss was reduced by 4.29%, and the life-cycle
carbon emissions of PV power generation decrease by
44.44%. Scenario 5 also demonstrated improvements in
all indicators compared to the other four scenarios to vary-
ing degrees. Scenarios 2 and 3 showed marginal system
improvements and exhibited slower convergence speeds
compared to Scenario 5. Table 2 [13, 17] shows that the
previous research methods have certain advantages.
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Table 1 Performance comparison of different scenarios of IEEE-33 bus

Scenario PV access location and capacity/ MW Energy storage access location and capacity/ MW X, X, X,
22(2)
1 - 0.3248 1.7810 240000
18(2)
11(1.4842) 14(1.7432)
0.3206 2.024 188750
15(1.6617) 30(1.9038)
25(1.2247) 8(1.3733)
0.3318 1.9411 186750
2 33(1.8878) 13(1.329)
5(1.1541) 18(1.8622)
0.3040 2.2704 120490
9(0.5241) 33(1.3013)
Average value 0.3188 2.0785 165330
31(1.569) 31(1.2462)
0.3133 1.733 179530
26(1.4232) 30(1.3790)
29(1.6331) 24(1.8290)
0.3148 1.7426 217420
3 17(1.9906) 25(1.4207)
12(0.5874) 30(1.7076)
0.3244 1.7994 104960
11(1.1574) 8(1.3227)
Average value 0.3175 1.7583 167303
15(1.7732) 10(1.5388)
0.3188 1.7308 202850
29(1.6078) 26(1.5908)
27(1.0597) 3(1.8332)
0.3118 1.7171 143430
4 7(1.3308) 32(1.9887)
13(0.7019) 4(1.5289)
0.3221 1.7706 157750
23(1.7606) 8(1.8885)
Average value 0.3176 1.7395 168010
32(1.9972) 3(1.4906)
0.3141 1.7096 161590
10(0.6959) 31(1.0457)
16(0.8885) 3(1.9619)
0.3182 1.6936 112680
5 32(0.9896) 10(1.3532)
26(1.0230) 28(1.4159)
0.3183 1.7114 125720
28(1.2389) 19(1.1622)
Average value 0.3169 1.7048 133330
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Fig. 4 IEEE-33 bus sitting results

Table 2 Data comparison: quantitative verification of IEEE-33 bus

Evaluating The research Method of Yan Method O.f .

indicator method etal. [13] Abuduwayiti
’ etal. [17]

x, 0.3169 0.3201 0.3187

X, 1.7048 1.9234 1.8762

X 133330 150800 143578

Figs. 5 and 6 display the vulnerability indices at 12:00
noon and Node 14, respectively, selected from five scenar-
i0s. The results reveal that while Scenario 2 shows improve-
ments in certain time periods, its vulnerability increases
significantly during peak electricity consumption inter-
vals. In contrast, Scenario 5 exhibits substantially lower
grid vulnerability, with further reductions observed during
peak load periods compared to other scenarios, indicating
enhanced grid resilience under the proposed method.

Fig. 7 illustrates the life cycle carbon emissions of PV
power generation and energy storage capacity under different
scenarios. Scenario 5 exhibits to varying degrees in life-cy-
cle carbon emissions of PV power generation compared
to the other four scenarios, achieving a 44.44% reduction
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compared to Scenario 1 and 19.36%, 20.3%, and 20.64%
reductions compared to Scenarios 2, 3, and 4, respectively.
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Additionally, the energy storage capacity in Scenario 5 is
lower than that in Scenarios 2, 3, and 4. The comprehensive
analysis of life-cycle carbon emissions and energy storage
capacity indicates that Scenario 5 demonstrates lower costs,
leading to better economic benefits.

Fig. 8 illustrates the node voltage curves under each sce-
nario. By comparing Scenario 1 and Scenario 2, it is evi-
dent that the introduction of an ESS significantly mitigates
both voltage fluctuations and load variations in the system,
demonstrating the ESS's effectiveness in suppressing volt-
age and load oscillations in the power grid. When com-
paring Scenario 5 with Scenarios 2 and 3, the results indi-
cate that multi-objective siting and sizing of distributed
PV and ESS can effectively reduce system voltage fluc-
tuations. Furthermore, a comparison between Scenario 5
and Scenario 4 reveals that the improved non-cooperative
game-driven algorithm achieves more efficient solutions.

These results demonstrate that incorporating grid vul-
nerability, network loss, and life-cycle carbon emissions
of PV power generation as optimization objectives can
improve the voltage magnitude of smart distribution grids
while ensuring the economic viability of PV and ESS.

5.2 IEEE-69 distribution network system

5.2.1 Data input

To further test the scalability of the proposed method,
the IEEE-69 bus distribution network system is adopted as
a case study. The total grid load is 3802.1 + j2694.7 kVA,
with an operational voltage of 12.66 kV. The permissible
node voltage range is specified as 0.9—-1.1 p.u.

5.2.2 Result analysis

In Section 4, a comparative analysis was conducted among
Scenarios 1, 4, and 5 in the scenario settings. The optimi-
zation results for the IEEE-69 node system are presented in
Table 3, with the siting outcomes shown in Fig. 9. As indi-
catedin Table 3, compared to Scenario 1, Scenario 5 achieves
reductions in all three objective functions: the grid vulner-
ability index decreased by 3.1%, network loss was reduced
by 4.03%, and the life-cycle carbon emissions of PV power
generation decrease by 24.92%. Additionally, compared to
Scenario 4, Scenario 5 demonstrated improvements across
all indicators to varying degrees.

Figs. 10 and 11 present the vulnerability indices for the
three scenarios at 12:00 noon and at Node 50, respectively.
As observed in Fig. 12, while Scenario 4 demonstrates par-
tial improvements during certain time periods, its com-
parison with Scenario 5 highlights the effectiveness of the
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non-cooperative game-driven multi-objective siting and Fig. 12 shows the life cycle carbon emissions of PV gen-

sizing method for distributed PV and ESS. The grid vul- eration and the total energy storage capacity under different
nerability in Scenario 5 is significantly lower and shows scenarios. Scenario 5 exhibits reductions in PV life cycle
further reductions during peak load periods compared carbon emissions compared to the other two scenarios.
to other scenarios. Specifically, the life cycle carbon emissions in Scenario 5
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better optimization effectiveness of the proposed method.

Scenario PV access location and capacity/ MW Energy storage access location and capacity/ MW X, X, X,
50(2)
1 - 0.5302 2.307 240000
27(2)
37(2) 23(2)
0.5206 2.2861 187600
19(1.2243) 65(1.8258)
7(1.702) 16(2)
0.52 2.2635 167090
4 45(1.0828) 26(1.3167)
23(2) 15(2)
0.5226 2.2567 205840
35(1.4307) 65(1.4426)
Average value 0.5211 2.2688 186843
67(1.8) 22(1.579)
0.513 2.2569 133390
58(0.4232) 21(1.8)
60(1.3863) 60(1.432)
0.5169 2.1919 191180
5 2(1.8) 62(1.585)
12(1.8) 27(1.631)
0.5112 2.1974 216000
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Considering both life cycle carbon emissions and energy
storage capacity, Scenario 5 achieves lower overall costs
and demonstrates superior economic performance.

As shown in Fig. 13, the node voltage profiles under
three scenarios for the IEEE-69 bus system are illustrated.

Fig. 12 IEEE-69 bus life cycle carbon emissions and energy storage
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Comparing Scenario 1 with Scenario 5, it can be observed
that both voltage fluctuations and load fluctuations are
significantly reduced with the integration of ESS system:s,
demonstrating the effectiveness of ESS in suppressing

grid voltage fluctuations and load variations. Furthermore,
a comparison between Scenario 5 and Scenario 4 reveals
that the improved non-cooperative game-driven MOPSO
algorithm effectively mitigates voltage fluctuations and
load oscillations in the power grid.

5.3 Algorithm performance comparison

Section 5.3 presents a specific comparison of the perfor-
mance between MOPSO and IMOPSO algorithms, using
external solutions and spacing metric M for evaluation.
External solutions [14] refer to the solutions in the Pareto
solution set where a certain objective component is opti-
mal during each iteration. The convergence and robust-
ness of the algorithms can be evaluated by comparing the
variation process of external solutions for a specific objec-
tive component during iterations and their values in the
final generation. The metric M is used to measure the uni-
formity of solution distribution in the Pareto solution set,
which is characterized by the mean square deviation of
particle density distances in this paper.

M:\/%Z[l(ni)—sz (26)

In Eq. (26), T denotes the average value of all parti-

cles I(n,) in the Pareto solution set. Both algorithms are
independently run 20 times, and each iteration of either
algorithm generates 20 external solutions (nfk) ) cor-
responding to the objective (x,). The objective values
(xl. (nl.(k) )) associated with these external solutions are sta-
tistically analyzed, and their average values are calculated.
Analyses are conducted with node vulnerability (x,) and
network loss (x,) as the objects, and the objective values
corresponding to the external solutions of the final gener-
ation are presented in Table 4. The convergence curves are
shown in Fig. 14. The average values of the S metric in the
final generation during the 20 runs are listed in Table 4.
As shown in the comparison of Fig. 14 and Table 4 for
external solutions, the proposed method demonstrates bet-
ter convergence characteristics and higher search accu-
racy under the non-cooperative game framework, enabled
by adaptive inertia weight, crossover, and mutation

Table 4 Performance comparison of different algorithms

External solution

Algorithm M metric
xl xZ

MOPSO 0.9001 0.2330 0.0527

Non-cooperative 07023 0.1235 0.0231

framework IMOPSO
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Fig. 14 Convergence curve of the external solution of Goal 1

operations. Moreover, the improved update strategy for
the Pareto solution set enhances its diversity and distribu-
tion characteristics, as verified by the M metric in Table 4
and the results in Fig. 14.

5.4 Advantages and limitations of the study
This study demonstrates significant advantages in the field
of multi-stakeholder collaborative optimization:

1. It novelly constructs a planning framework driven
by non-cooperative game theory, transforming the
multi-objective conflicts among power grid compa-
nies, DPV owners, and ESS operators into a Nash
equilibrium problem, providing theoretical support
for complex interest coordination.

2. The proposed IMOPSO algorithm exhibits high
efficiency and robustness in solving high-dimen-
sional nonlinear optimization problems, achieving
dynamic balance between Pareto optimal solutions
and Nash equilibrium points.

3. By integrating three objectives of grid vulnerability,
network losses, and life-cycle carbon emissions of
PV, it balances grid safety, economic efficiency, and
low-carbon benefits. Validation in IEEE standard
test [13, 15] cases shows that it reduces grid vulner-
ability by 2.43%, network losses by 4.29%, and car-
bon emissions by 44.44%, while ensuring technical
feasibility through voltage quality constraints.

Despite these, the research has areas for improvement:

1. The model validation is based on idealized IEEE-33
bus and IEEE-69 bus systems, failing to fully reflect
the geographical constraints and dynamic load char-
acteristics of actual distribution networks.
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2. The non-cooperative game framework assumes per-
fect rationality and information symmetry among par-
ticipants, without considering the impacts of policies,
risk preferences, etc., on decision-making behaviors.

3. The computational efficiency and convergence of the
IMOPSO algorithm in ultra-large-scale distribution
networks need further verification, and the param-
eter sensitivity is not quantitatively analyzed. The
carbon emission model does not cover the full-life-
cycle environmental impacts of ESSs.

Subsequent research will deeply explore the above lim-
itations to enhance the engineering applicability and theo-
retical completeness of the study.

6 Conclusions

High-penetration PVs cause operational challenges due to
dispersed and disordered integration. To address these issues,
this study considers the tight planning-operation coupling
between PV and energy storage. A non-cooperative game-
driven method is proposed for optimal PV and ESS siting
and sizing in smart distribution networks. The method incor-
porates equilibrium strategies of game participants (PV and
ES units) and is solved using an improved MOPSO algo-
rithm. Simulations are conducted on IEEE-33 bus and IEEE-
69 bus distribution networks. Typical daily PV and load data
are used to achieve multi-objective siting and sizing of dis-
tributed PV and ESS. The results indicate that:

1. The proposed methodology integrates three critical
operational dimensions: grid vulnerability mitiga-
tion, network loss reduction, and PV life cycle car-
bon emissions management. This tri-objective opti-
mization framework enhances SDN security while
determining optimal distributed PV-energy storage
siting-sizing configurations. The case study demon-
strates that the proposed method achieves optimal
locations and capacities for each distributed PV and
ESS installation. It mitigates voltage vulnerability at
weak nodes in smart distribution networks, reduces
power losses and life cycle carbon emissions from
PV generation, and decreases the distribution net-
work's operational and maintenance costs.

2. The proposed non-cooperative game-driven equi-
librium strategies under heterogeneous stakeholder
frameworks are combined with an improved MOPSO
algorithm to solve multi-objective optimization
problems. This approach enhances convergence
speed and enables effective evaluation of trade-offs
between multiple objectives. As a result, it improves
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the accuracy and rationality of decision-making pro-
cesses. The algorithm demonstrates enhanced global
optimization capability. It significantly reduces grid
vulnerability, power losses, and life cycle carbon
emissions from PV generation, while effectively
improving the security and economic efficiency of
smart distribution networks.

Building upon the proposed non-cooperative game-the-
oretic framework for optimal siting and sizing of DPV and
energy storage (ES) systems in smart distribution networks,
the subsequent research phase will conduct an in-depth
exploration of planning challenges that explicitly integrate
the technical and economic ramifications of stochastic
PV generation. This extension aims to enhance the mod-
el's robustness by quantifying the impacts of fluctuating
solar irradiance and output volatility on key performance
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