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ABSTRACT: This study presents a weighted-sum multi-criteria optimization framework using PSO for the optimal
siting, sizing, and scenario-based operation of energy storage systems (ESSs) in renewable-integrated distribution net-
works. The proposed model concurrently addresses technical, economic, and reliability objectives—minimizing active
power losses (PL), voltage deviation (VD), expected energy not supplied (EENS), and short-circuit level (SCL), while
maximizing voltage sensitivity index (VSI) and power-loss sensitivity factor (PLSF). A Particle Swarm Optimization
(PSO) algorithm with weighted-sum scalarization is employed to solve this complex, nonlinear optimization problem
and effectively balance the conflicting operational goals. The framework is validated using IEEE 69-bus and IEEE
118-bus test systems under varying load conditions (20%, 50%, 100%, and 150%) with time-dependent photovoltaic
(PV) and wind turbine (WT) generation profiles. Results demonstrate that the proposed approach achieves significant
performance enhancements, reducing power losses by up to 54%, EENS by 88%, and operational cost by 22% while
maintaining SCL values within protection limits. Furthermore, the inclusion of ESS units improves system reliability
and voltage stability, ensuring smooth operation during load fluctuations and fault conditions. The findings confirm that
the proposed weighted-sum multi-criteria optimization framework using PSO provides a scalable and protection-aware
solution for integrating ESSs into renewable-rich distribution networks. It offers a robust planning and operational tool
for next-generation smart grids, enabling a more efficient, resilient, and sustainable energy ecosystem.

KEYWORDS: Energy storage systems; multi-objective optimization; optimal placements; distribution networks;
renewable integration; grid reliability

1 Introduction
In recent years, with the world moving towards renewable energy sources, smart distribution networks

have undergone a significant transformation to enhance energy efficiency and reduce environmental
emissions such as carbon dioxide. One of the key technologies powering this progress is energy storage
systems (ESSs), which play a crucial role in increasing network flexibility, reliability, and economic efficiency
while optimizing the utilization of distributed energy resources such as photovoltaics or wind, which
will lead to instability in power generation. Furthermore, ESSs can help remove other negative effects
of renewable-based distributed electricity generation, such as reverse power flow and energy loss [1].
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ESS units reach peak effectiveness when optimally sited and assigned charge–discharge capacities, within
a multi-objective framework. Such a multi-objective model can simultaneously minimize operating costs
and power losses, enhance voltage stability, boost reliability, and preserve power quality. Using perfor-
mance indices such as expected energy not supplied (EENS), voltage sensitivity index (VSI), and SCL
to maintain network robustness, our approach further refines energy-storage management across diverse
loading scenarios; ensuring that the batteries, together with distributed energy resources, improve power
quality, raise reliability, and lower total system cost. While previous studies have addressed subsets of
these objectives, this work contributes to the literature by simultaneously integrating all seven indices (PL,
VD, EENS, VSI, PLSF, SCL, and operational cost) within a unified protection-aware framework for ESS
planning. The main contribution of this study lies in the comprehensive problem formulation and the
integration of technical, reliability, economic, and protection-related indices using existing optimization
algorithms. The multi-objective framework defined by our objective functions is solved via an algorithm
we develop in Section Mathematical Problem Formulations: “Mathematical Problem Formulations”. This
model is meticulously designed to integrate a diverse array of resources: from renewable energy sources like
solar and wind to energy storage systems, while simultaneously considering multiple objective functions to
reach an optimal solution in designing the studied networks. Contrary to earlier work, our algorithm finds
the optimal number of ESSs, their position, and their capacity that produces the ideal designed model to
simultaneously reach optimum technical, economical, and reliability factors.

1.1 Literature Review
The following section presents a detailed review of previous studies in this field, identifying existing

research gaps and laying the foundation for the proposed comprehensive model. Research on optimizing
the siting and sizing of ESS units in the presence of renewable energy sources has been extensively studied,
yet key technical and economic markers remain inadequately addressed. Early reviews such as [2] focus
on how ESSs can improve power reliability, but do not mention optimization strategies or multi-indicator
assessment, which contribute a great deal to the deployment of an ideal design. To address these gaps,
researchers in [3,4] used distributed renewable energy sources in their grid simulations and analysis, then
suggested using ESS charge/discharge scheduling to minimize loss. VSI or reliability indices such as EENS
were not addressed in their work; therefore, their work was not comprehensive enough. In [3] a genetic
algorithm was used to adopt an optimal operation strategy which focuses on using grid-integrated battery
ESS (BESS) coordinated with wind generation. Shao et al. studied cost reduction in ESSs by controlling the
charge-discharge behavior in [4]. However, indices such as VSI and EENS have not been mentioned in either
article. Researchers offering broader overviews, such as studies [5,6] have created different categories for ESS
technologies based on their applications. In [6] the need for BESSs has been particularly discussed, an energy
storage system focused on using electro-chemical batteries, in delivering multiple grid services. These reviews
largely remained qualitative, lacking concrete optimization models. In contrast, Ref. [7] investigates changing
load and photovoltaic panels’ power to find multiple locations suitable for placing energy storage units with
small changes in terms of ESS size. This assessment of voltage and loss impacts shows that location choices
affect grid efficiency more than capacity alone.

Advanced planning models such as [8] address capital cost and voltage regulation in grids with large
amounts of photovoltaic generation in existing practices that consider the needs of both distribution
and transmission system operators, revealing economic and operational advantages. Meanwhile, Ref. [9]
introduces a bi-level algorithm approach trying to find the optimal siting and management of ESSs,
combining distributed generation and ESSs with uncertainty modeling, and yet falls short in incorporating
the mentioned network performance metrics we consider in this paper. ESSs can have high capital costs;
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therefore, Refs. [10,11] have tried to rationalize the use of these systems via revenue stacking, modeling
frameworks to maximize profitability. These contributions define budget-constrained planning models for
the optimal sizing and siting of ESSs as profit-generating assets that yield returns after a few years. Similarly,
Ref. [12] explores demand-side management strategies of integrating ESSs into distribution networks from a
policy and economic lens, but lacks granular modeling of network behavior. Another emerging trend with the
rising use of distributed energy resources is community battery energy storage systems (C-BESS), as explored
in [13], which proposes a multi-objective optimization model addressing minimizing VD and maximizing
the utilization of distributed energy resources on the demand end. This study explains the conflict of interest
between grid operators and prosumers (consumers who generate their own electricity), a theme absent in
earlier centralized models, which is essential for decision-making.

Multi-objective optimization model of BESSs using evolutionary algorithms like the non-dominated
sorting genetic algorithm-II is presented in [14], configuring cost, voltage fluctuation, and load fluctuation,
to improve placement and sizing of BESSs. Degradation and its cost have been simplified and simulated in
this study. Taking a step further, Ref. [15] incorporates uncertainty in unbalanced networks, using trade-
off/risk analysis frameworks to identify reasonable solutions that remain effective when studying conflicting
objectives and different indices. The most recent advancements are exemplified by [16], which proposes a
two-level optimization model integrating ESS, demand-side management, photovoltaic, and electric vehicles.
It leverages two-stage second-order cone programming to tackle the aforementioned complexities and
presents an advanced smart distribution grid reconfiguration to reduce loss and stabilize voltage.

In 2024 and 2025, several studies improved the integration of renewable sources and their storage
in multi-microgrid and reconfigurable networks. Ref. [17] experiment with battery/compressed air storage
for the economic/flexibility scheduling of mixed (wind, PV, biomass)/non-renewable microgrids, which
minimizes voltage security, energy loss, and costs under uncertainties using Unscented Transformation
and hybrid grey wolf-red panda optimization, resulting in a 30%–60% cost reduction, a 46% loss/voltage
drop reduction, a 10.55% security improvement, and 100% flexibility, but not including PLSF, EENS, and
SCL. Ref. [18] developed a two-stage stochastic model for PV/wind generators with BESS in reconfigurable
systems that have demand response, employing NSGA-II/MOPSO for a ten-year reduction of costs (44.87%),
losses (63.65%), and voltage deviation (70.72%) on the IEEE 69-bus, thereby increasing renewable energy by
21.62%, yet disregarding VSI, EENS, and SCL. These studies stress the importance of flexibility/uncertainty
handling but provide only partial indices, which means that there is a requirement for unified frameworks.
Ref. [19] obtains the optimal location of BESS in PV/wind RDSs using a multi-objective approach by reducing
losses/PSI and increasing VSI through probabilistic/PMR and IGWO-TOPSIS on IEEE 33/94-bus, obtaining
distributed BESS loss reduction, still neglecting VD, EENS, SCL, and CM. Ref. [20] suggests the cluster-based
multi-layer optimization technique for DES in the PV grid that reduces cost/loss and increases the voltage
level through iterative layers over IEEE-118, saving ES cost by 22.88%/losses by 9.60%/fluctuations by 8.60%,
but leaving PLSF, VSI, EENS, and SCL out. Such works expose uncertainties/clustering but they operate with
only limited indices, thus it is necessary to have unified models. Much research on dynamic grids has been
published; however, several issues remain unaddressed. For instance, many models overlook key technical
indicators such as VSI, EENS, or SCL; few simultaneously address degradation, reliability, power quality,
and cost in a unified framework; and only limited studies consider operational uncertainty alongside grid-
level performance metrics. A comprehensive review of the literature (summarized in Table 1) reveals a clear
research gap: while previous studies have addressed 3 to 6 of the seven key indices considered in this work,
none have simultaneously optimized all seven indices (PL, VD, EENS, VSI, PLSF, SCL, and operational cost)
within a unified protection-aware framework under multiple loading scenarios with time-dependent PV
and WT generation. This study fills that gap by developing a comprehensive multi-objective optimization
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model that integrates technical, reliability, and protection objectives in a single optimization environment.
Recent studies such as [21] focused on BESS placement under PV deployment uncertainty but omitted
EENS and SCL. Ref. [22] introduced fairness metrics but did not consider EENS or SCL. Ref. [23] provided
a practical BESS allocation study but lacked EENS, SCL, PLSF, or VSI. Ref. [24] considered only three
objectives (loss, voltage deviation, PV consumption). Ref. [25] focused solely on BESS without considering
PV/WT uncertainties or protection constraints. Ref. [26] conducted a statistical comparison but did not
include EENS, SCL, PLSF, or VSI. Ref. [27] proposed an MGNDO (Multi-objective Generalized Normal
Distribution Optimization) algorithm but lacked voltage deviation and protection-related indices. Ref. [28]
developed a bi-level planning model but omitted EENS, SCL, and PLSF. Ref. [29] incorporated VSI but
not EENS or SCL. Refs. [30,31] focused on peak demand reduction and congestion mitigation, respectively,
both lacking reliability and protection indices. Furthermore, Ref. [32] addressed battery balancing with SOC
estimation, while Ref. [33] recently developed a hybrid GRU-classical optimization method for optimal sizing
and placement of synchronous condensers to enhance system strength and reliability in renewable-based
weak grids. The present study extends this research direction by proposing a comprehensive seven-objective,
protection-aware framework for ESS planning under multiple loading scenarios.

Table 1: Side-by-side comparison of the proposed framework to prior approaches.

PV WT ESS Power
Flow

Grid
Connect

Multi-Objective Function

VD PLSF PL or EL VSI EENS SCL CM
[2] ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✓

[3] ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓

[4] ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓

[5] ✗ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✓ ✗ ✓

[6] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[7] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[8] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓

[9] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓

[10] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[11] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[12] ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓

[13] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[14] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[15] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✓ ✗ ✓

[16] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[17] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[18] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[19] ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓

[20] ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[21] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✗

[22] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✗

[23] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✗

[24] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[25] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[26] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

(Continued)
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Table 1 (continued)

PV WT ESS Power
Flow

Grid
Connect

Multi-Objective Function

VD PLSF PL or EL VSI EENS SCL CM
[27] ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓

[28] ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓

[29] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓

[30] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✗

[31] ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✗

This
study ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Note: WT =Wind turbine, PV = Photovoltaic, ESS = Energy storage system, VD = Voltage deviation, PLSF = Power
loss sensitivity factor, PL = Power losses, EL = Energy losses, VSI = Voltage stability index, EENS = Expected energy
not served, SCL = Short circuit level, CM = Cost minimization.

1.2 Research Problem and Gaps
The increasing penetration of renewable energy resources such as PV and WT systems introduces

significant variability and uncertainty in power generation, which complicates the operation and planning
of modern distribution networks. Although the integration of energy storage systems (ESS) has emerged
as an effective solution to mitigate these challenges, the optimal siting, sizing, and scheduling of ESS
remains a complex, multi-dimensional problem involving both technical and economic trade-offs. Most
existing studies on ESS allocation in distribution networks have primarily focused on minimizing active
power losses and voltage deviation, often neglecting the broader system impacts such as reliability, voltage
stability, and protection coordination. For instance, while several works have addressed energy storage for
loss minimization or cost reduction, they typically omit reliability indices such as the Expected Energy Not
Supplied (EENS), which directly reflect the continuity of power supply. Similarly, short-circuit level (SCL)
constraints—which are critical for ensuring that system upgrades do not violate protection device ratings—
are rarely incorporated into the optimization process. Consequently, many existing frameworks produce
technically efficient but protection-infeasible solutions.

Moreover, most prior research treats ESS operation as a static planning problem, ignoring the dynamic
interactions between hourly renewable generation profiles, load variations, and SOC constraints. The absence
of time-coupled scheduling often leads to suboptimal energy exchange between the grid and the storage
system, thereby reducing the operational efficiency and cost-effectiveness of ESS deployment. In addition,
comprehensive multi-objective formulations that jointly address PL, VD, EENS, stability indices (VSI and
PLSF), SCL, and total operational cost are scarce in the literature. Existing approaches tend to optimize a
limited subset of these indices, leading to solutions that enhance one performance metric at the expense of
another. Furthermore, comparative assessments of metaheuristic optimization techniques, such as PSO, GA,
and Simulated Annealing (SA), under identical system conditions are limited, leaving uncertainty regarding
the most effective algorithm for ESS planning in renewable-rich distribution systems. Table 1 comparing the
recent study based on different objectives.

Table 1 provides a side-by-side comparison of the proposed framework with 20 recent studies. The check
marks (✓) and crosses (✗) indicate whether each study considered the corresponding index or component.
The proposed work is the only one that simultaneously addresses all seven key indices (VD, PLSF, PL, VSI,
EENS, SCL, and CM) while incorporating both PV and WT generation under multiple loading scenarios.
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A comprehensive review of the literature (Table 1) reveals a critical research gap: while numerous studies
have made significant contributions to ESS planning, none of the existing works simultaneously address all
seven key performance indices (PL, VD, EENS, VSI, PLSF, SCL, and operational cost) in a unified framework.
In contrast, the proposed framework uniquely contributes to the literature by simultaneously optimizing
these seven indices—active power losses (PL), voltage deviation (VD), EENS, voltage stability index (VSI),
PLSF, short-circuit level (SCL), and total operational cost—within a unified multi-objective optimization
model. The methodological novelty lies in the protection-aware formulation that explicitly incorporates SCL
(to minimize disruption to protection coordination) and PLSF for accurate siting, alongside the other indices,
under multiple realistic loading scenarios (20%, 50%, 100%, and 150% of nominal load) with time-dependent
PV and WT generation profiles. The framework is validated on IEEE 69-bus and IEEE 118-bus test systems,
demonstrating significant performance enhancements including up to 54% reduction in power losses, 88%
reduction in EENS, and 22% reduction in operational cost, while maintaining SCL values within protection
limits. This holistic and protection-aware optimization framework provides a more realistic and robust
solution for ESS planning in renewable-rich distribution networks, effectively filling the critical research gaps
identified in the literature.

1.3 Research Aim and Objectives
The primary aim of this research is to develop a comprehensive weighted-sum multi-criteria opti-

mization framework using PSO for the optimal siting, sizing, and scenario-based scheduling of ESS in
renewable-integrated distribution networks. The proposed multi-criteria optimization framework simulta-
neously optimizes technical, economic, and protection-related performance indicators, ensuring that the
coordinated operation of ESS, PV, and wind turbine (WT) sources enhances efficiency, reliability, and voltage
stability without violating SCL or protection constraints. To achieve this aim, the study pursues the following
objectives:
• Formulate a comprehensive multi-objective optimization problem that integrates seven key perfor-

mance indices—active PL, VD, EENS, VSI, PLSF, SCL, and total operational cost—representing the
combined technical, reliability, and economic dimensions of ESS planning.

• Develop a protection-aware multi-criteria optimization formulation that enforces SCL limits and
ensures coordination with existing protection devices, preventing over-current or equipment-rating
violations during fault conditions.

• Incorporate operational constraints by integrating renewable generation profiles (PV and WT) and ESS
SOC dynamics under four representative loading scenarios (20%, 50%, 100%, and 150% of nominal
load), ensuring realistic scenario-based planning and dispatch decisions.

• Implement a PSO-based multi-criteria optimization algorithm using weighted-sum scalarization to
generate high-quality solutions that reveal the trade-offs among competing objectives, and compare its
performance against GA and SA in terms of convergence rate, solution diversity, and computational
efficiency.

• Validate the proposed framework on benchmark IEEE 69-bus and IEEE 118-bus distribution systems
under multiple loading conditions (20%, 50%, 100%, and 150%), quantifying improvements in technical
indices, reliability measures, and total cost relative to baseline and competing methods.

• Perform sensitivity and robustness analyses on the multi-criteria optimization weighting factors to
evaluate the stability of ESS placement and scheduling decisions under varying system conditions.
This research contributes to the literature in the following aspects:

• A comprehensive seven-objective optimization framework that simultaneously integrates active power
losses, voltage deviation, expected energy not supplied, voltage stability index, power loss sensitivity
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factor, short-circuit level, and operational cost a combination that has received limited attention in
previous ESS planning studies.

• A protection-aware formulation that explicitly incorporates short-circuit level constraints to ensure
coordination with existing protection devices.

• Comprehensive validation on both IEEE 69-bus and IEEE 118-bus systems under four realistic loading
scenarios (20%–150%) with time-dependent PV and WT generation profiles.

• A systematic sensitivity analysis on weighting factors to demonstrate the robustness of the obtained ESS
placement and sizing decisions.
The proposed framework provides high-quality compromise solutions for ESS allocation through stan-

dard weighted-sum scalarization within PSO, effectively balancing the seven techno-economic-reliability
objectives and offering a practical decision-support tool for utilities and system operators in renewable-
dominated smart grids. In order to fill the gaps identified in earlier research, this work achieves a full
optimization model that positions desired ESS units in distribution networks while simultaneously achieving
technical, economic, and reliability goals. These are the main contributions.
• A comprehensive multi-objective framework is proposed that determines the optimal number, location,

and capacity of ESS units by balancing operational costs, power losses, voltage stability, network
reliability, and power quality, while ensuring minimal disruption to protective configurations and
system fault levels.

• Technical and economic interactions between ESS integration and distributed energy resources are
analyzed, emphasizing the important role they have in improving system stability and optimizing grid
operation under diverse load conditions.

• Reliability and power quality indices, such as EENS, VSI, SCL, and power loss minimization, are
incorporated in the study which directly influences network performance and resilience.

• The stored energy within ESSs is managed so that both technical constraints and economic objectives
are met, and energy storage is optimized under different loading scenarios.
This article is ordered in five sections. Section 1 introduces the importance of studying all seven objective

functions at the same time to be able to make the best possible decision as to the placement of ESSs
in our distribution network. Section 2 discusses the method used to reach the best model that includes
distributed sources while studying how the placement of ESSs influences the grid. In Section 3 we show the
algorithm that was developed to efficiently manage the model. Objective functions used in the algorithm
are explored mathematically. Section 4 outlines the main results from the simulated scenarios and discusses
their findings. Section 5 concludes the article and its results.

2 Research Methodology
This section presents the proposed conceptual framework for determining the optimal siting, sizing,

and scheduling of energy storage systems (ESS) in distribution networks with integrated distributed energy
resources (DERs). The research methodology is structured into three main components: the conceptual
multi-objective optimization framework and data flow, the mathematical problem formulation with system
constraints, and the multi-objective optimization algorithm design and solution procedure. Together, these
components establish a comprehensive and protection-aware approach for ESS planning that simulta-
neously addresses technical, economic, and reliability objectives. As illustrated in Fig. 1, the proposed
framework connects distributed generation (DG) units—specifically photovoltaic (PV) and wind turbine
(WT) systems—with energy storage systems through a hierarchical control structure managed by a central
controller. This configuration enables the coordination of real-time operational data with long-term planning
decisions, ensuring efficient and stable system performance. The model determines the optimal number,



8 Comput Model Eng Sci. 2026;148(1):20

location, and capacity of ESS units through a multi-objective decision process aimed at enhancing the grid’s
overall efficiency, reliability, and power quality.

Figure 1: Schematic overview of the proposed multi-objective ESS siting and sizing framework.

The framework simultaneously optimizes seven critical performance indices: active power loss (PL),
voltage deviation (VD), expected energy not supplied (EENS), voltage stability index (VSI), power-loss
sensitivity factor (PLSF), short-circuit level (SCL), and total operational cost. These indices are used to
balance competing technical and economic factors—such as maintaining high power quality, minimizing
system losses, ensuring reliable generation, and controlling fault current levels within protection limits. To
address the nonlinear and multi-criteria nature of this optimization problem, a standard Particle Swarm
Optimization (PSO) algorithm with weighted-sum scalarization is employed. The approach efficiently
explores the solution space and identifies high-quality solutions that achieve an effective trade-off between
cost, reliability, and technical performance. This algorithm operates within the hierarchical control frame-
work to prevent operational disruptions and to maintain power quality under variable renewable generation
and loading conditions.

Finally, the proposed framework is evaluated under multiple loading scenarios (20%, 50%, 100%, and
150% of nominal demand) to assess its flexibility and robustness. By addressing the limitations highlighted
in Section 1.2, this model integrates factors often overlooked in previous studies—such as short-circuit level
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management, reliability improvement, and cost minimization—ensuring that ESS units are deployed in
configurations that deliver a reliable, low-loss, and economically efficient distribution network.
Mathematical Problem Formulations

Herein, we explain the algorithm developed for the proposed conceptual model that helps create
an efficient and reliable management system. The optimization process of this multi-objective algorithm
takes a number of technical and operational parameters into account, such as hourly load profiles, real-
time electricity prices, photovoltaic and wind turbine generation, and the initial setup of the IEEE 69-bus
distribution network. The objective is to minimize total generation cost and system losses while maximizing
power quality and system stability. A Hierarchical Control System is utilized to effectively manage the
coordination between distributed generators, energy storage units, and the central grid. This system is
structured in three levels:

• Primary control manages voltage and frequency in real time at the local level.
• Secondary control provides coordination among distributed sources and utility sources to enhance

overall performance.
• Tertiary control deals with energy dispatch, optimal siting and sizing of ESS units, and system-wide

energy balancing.

This hierarchical control enhances the flexibility and resilience of the distribution network in response
to varying load and generation conditions. The optimization process is performed for different load levels
corresponding to 20%, 50%, 100%, and 150% of the nominal system load, to evaluate the impact of ESSs
placement across a wide range of operating scenarios. Key technical indices used in the objective function
include Active Power Loss (PL), Voltage Deviation (VD), Expected Energy Not Supplied (EENS), Voltage
Stability Index (VSI), Power Load Sensitivity Factor (PLSF), Short Circuit Level (SCL), and State of Charge
(SOC) of ESS units. These indices reflect the real-time status of the system and are critical to guiding
the optimization process in making informed decisions for ESS planning. Algorithm 1, with its flowchart
depicted in Fig. 2 provides a structured step-by-step framework to identify the most effective ESS siting and
sizing configuration across the network, based on the proposed multi-objective model.

Algorithm 1: Step-by-step process flowchart for the suggested multi-objective framework for the
placement of ESSs
Start
Load Profile ( L(t) ) % Load Profile and Parameters
• Electricity Price CE(t) = Get Electricity Price (t)
• Initial_ Reconfiguration κ0 = Get Initial Reconfiguration (G)
• Initial_ DG_ Generation PDG

0 (t) = G8et Initial DG (PV (t) , WT(t))
Step 1: Calling and Calculating Required Parameters for Optimal Placement of ESSs
• Calculate Required Parameters (L (t) , CE (t) , κ0, PDG

0 (t) , θCE)
if Electricity Price CE(t) >Threshold θCE:

Adjust Load Profile (L (t) , CE(t))
else:

• Maintain Current Profile (L (t))
(Continued)
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Algorithm 1 (continued)
Step 2: Initialize Hierarchical Control System
• Initialize and Implement Hierarchical Control System (Primary, Secondary, Tertiary)
• Import Network Data for each system (Bus and Line Information)
Step 3: Calculate the Initial Techno-Economic Indices of the Power System
• → Run power flow to calculate:
• Initial Power Losses (PL)
• Initial Voltage Deviation (VD)
• Initial Expected Energy Not Supplied (EENS)
• Initial Voltage Stability Index (VSI)
• Initial Power Loss Sensitivity Factor (PLSF)
• Initial Short Circuit Level (SCL)
• Initial State of Charge (SOC) of ESS
• Initial DG Operating Limits
Step 4: Call the Multi-Objective Optimization Framework
• Define objective functions and technical constraints
• Initialize Optimization Algorithm (PSO_Params)
Step 5: Selecting Any Number, Location, and Capacity for ESSs
• Optimize and Evaluate Objective Function (PL, VD, EENS, VSI, PLSF, SCL, SOC, Cost)
• Randomly initialize particle positions in Multi-Objective Algorithm:
• Particle = [ESSs size at each bus, ESSs placement flag]
• Example: [0, 0, 50, 1, . . ., 0] means 50 kW ESSs at Bus 3
• for each iteration in Optimization Algorithm:
• Update Parameters (x , L (t) , CE (t) ,G)

if Convergence Criteria Met (best):
break

Step 6: Calculating the Objectives of Proposed Multi-Objective Function
→ For each particle (solution):

• Update bus data with candidate ESSs sizing
• Run power flow
• Calculate updated cost and technical indices
• Store the fitness value
Step 7: Is There a Better State of Location and Capacity for ESSs?
• If Yes→ Go back to Step 5 (Update particle positions)
• If No→ Proceed to next step
Step 8: Print the Optimal Number, Location, and Capacity of the ESSs
Once convergence is achieved:
• Extract the best solution
• Report:
• Bus number(s) with optimal ESSs placement
• Capacity (kW) per ESSs
• Total improved indices and final cost
Stop
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Figure 2: Flowchart of algorithm stages to solve the proposed multi-objective framework for ESSs placement.

• Photovoltaic Power Generation and Cost Modeling:

Solar irradiance and cell temperature influence the power a photovoltaic (PV) cell can generate which
in turn impacts the performance of the distributed power generation. To take this into account a nonlinear
performance degradation parameter and a thermal correction factor should be added the PV generation
formula. The total PV output power is expressed as [34]:

Ppv(t) = Ppv ,re f ⋅
G(t)
Gstc

⋅ (1 − λ(Tc − Tre f )β) ⋅ Ns ⋅ Np (1)
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where Ppv ,re f is the nominal power of the PV module under standard test conditions, G(t) is the instan-
taneous solar irradiance (W/m2), λ is the modified temperature sensitivity coefficient, Tc is the solar cell
temperature (○C) at time t, β is the newly introduced non-linear adjustment factor for enhanced modeling
accuracy. The number of photovoltaic modules connected in series are shown by Ns and parallel by Np. Cell
temperature is estimated as:

Tc = Tamb +
G(t)
Gstc
(NOCT − Tad j) (2)

where NOCT is the nominal operating cell temperature (○C) under reference conditions (typically
800 W/m2 irradiance, 20○C ambient temperature, and 1 m/s wind speed), and Tad j is an additional
adjustment coefficient accounting for improved thermal modeling effects. The operating cost of each PV unit
is represented by a two-level cost function:

Cpv(t) = {
αpv ⋅ Ppv(t) + cpv , 0 < Ppv(t) ≤ Pmax

pv
0, Ppv(t) = 0 (3)

where αpv is the variable cost coefficient per unit of energy generated, cpv is the fixed cost of PV operation,
and Pmax

pv is the maximum power output limit of the PV system. This enhanced formulation maintains the
fundamental structure of classical PV modeling while introducing modified coefficients (λ, β, Tad j) to better
reflect the dynamic performance of PV systems.

• Wind Turbine Power Generation and Cost Modeling:

Wind turbines are one of the most efficient renewable energy generators. A wind turbine’s electricity
generation is largely dependent on the air density, ambient wind speed, and the turbine’s aerodynamic
properties. Hourly, daily, or seasonal instantaneous changes in wind speed are expressed as a piece-wise
function of velocity in wind turbine’s power output formula. Following the methodology of [35], the practical
power curve can be represented by:

PWT =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

0, v < vin ,
Prated (A+ Bv + Cv2) , vin ≤ v < vrated,

Prated, vrated ≤ v ≤ vout ,
0, v > vout ,

(4)

where vin , vrated and vout denote the cut-in, rated and cut-out wind speeds, Prated is the rated capacity of
the turbine, and A, B, C are curve-fitting coefficients provided by the manufacturer. Similar to photovoltaic
generation, the operating cost of a wind-turbine unit can be captured with an affine relationship:

CWT = aWT + bWTPmax
WT (5)

here aWT and bWT represent the fixed and variable components of the operation and maintenance cost, while
Pmax

WT is the maximum electrical power deliverable by the turbine. Eqs. (4) and (5) provide a compact yet
flexible representation of wind-turbine behavior, suitable for our techno-economic assessment framework
that analyze hourly power-flow, reliability and market participation.

• Energy Storage System (ESS) Modelling:

Modern distribution networks increasingly rely on ESSs to smooth variability of renewable energy
generation, defer grid upgrades, and enhance reliability. In this work, each candidate bus i can host one
fixed ESS whose operation is represented by a signed power command Pi ,t (charging if Pi ,t > 0, discharging
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if Pi ,t < 0) and a state of charge (SOC) that evolves over discrete intervals of length Δt. This represented,
system-level model is consistent with widely used formulations in grid studies and reviews [36,37].

SOCt = SOCt−1 +
ηch max(Pi ,t , 0)Δt

Emax
− max(−Pi ,t , 0)Δt

ηd is Emax
(6)

here Emax is the rated energy capacity, and ηch , ηd is ∈ (0, 1] are charge/discharge efficiencies. Eq. (20) is a
standard efficiency-aware inventory balance used in short-term scheduling of grid-connected batteries.

The ESS must satisfy converter and energy constraints:

SOCmin ≤ SOCt ≤ SOCmax,−Pmax
d is ≤ Pi ,t ≤ Pmax

ch (7)

To ensure feasibility within one step, (6) implies a tighter SOC-feasible window:

Pmax(SOCt−1) =min(Pmax
ch , (SOCmax − SOCt−1)Emax

ηch Δt
) (8)

Pmin(SOCt−1) = −min(Pmax
d is , (SOCt−1 − SOCmin)ηd is Emax

Δt
) (9)

Given a preliminary setpoint P̂i ,t the applied command is the projection

Pi ,t = Π[Pmin , Pmax](P̂i ,t) (10)

This keeps network injections consistent with siting decisions used in distribution-level planning
studies. We represent cycling wear with a throughput proxy [38]:

CESS
i ,t = ccyc ∣ Pi ,t ∣ Δt (11)

which captures that deeper/frequent cycling increases aging cost while remaining tractable for system-level
optimization. (More detailed electrochemical aging models exist; however, throughput-based proxies are
widely adopted in grid scheduling and are consistent with empirical degradation trends). Any residual SOC
excursion is discouraged by a convex–plus–L1 soft penalty:

ΠSOC
i ,t = αsoc[v+i ,t + v−i ,t]2 + βsoc[v+i ,t + v−i ,t], v+i ,t =max(0, SOCt − SOCmax), v−i ,t =max(0, SOCmin − SOCt)

(12)

where αsoc and βsoc are positive penalty coefficients for the convex (quadratic) and L1 (linear) components
of the SOC excursion penalty, respectively. These coefficients are tuned empirically to balance feasibility and
optimization performance. This formulation preserves feasibility without over-constraining the search space.

Which preserves feasibility without over-constraining the search space.
The optimization employs a 1-h time step over a 24-h scheduling horizon. The state of charge

(SOC) of each ESS unit is constrained between SOCmin = 0.2 and SOCmax = 0.9 to prevent deep
discharging and overcharging, as defined in Eq. (7). The hourly PV and WT generation pro-
files are derived from the solar irradiance, ambient temperature, and wind speed data presented
in Section Mathematical Problem Formulations (see Fig. 3).
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Figure 3: Comparison of the mixed generation based on load levels.

3 Objective Function Formulation
The proposed weighted-sum multi-criteria optimization framework using PSO aims to determine the

optimal siting, sizing, and operation of energy storage systems (ESSs) in renewable-integrated distribution
networks by simultaneously improving multiple performance criteria. The optimization model incorporates
seven distinct objectives that collectively capture the technical, reliability, and economic aspects of system
performance. These include: minimizing active power losses (PL), voltage deviation (VD), expected energy
not supplied (EENS), and short-circuit levels (SCL); while maximizing voltage stability index (VSI) and
power-loss sensitivity factor (PLSF); and minimizing the total operational cost. Together, these objectives
ensure that the proposed ESS planning strategy maintains network reliability, voltage stability, and protection
compliance under varying load and renewable generation conditions.

• Power Losses and Loss Sensitivity Factor:

In power distribution networks with ESSs, minimizing power losses is a fundamental objective, since
these losses limit the system’s transfer capability and impose significant operational costs. The total active
power loss is calculated using the standard power flow-based loss formula. The presence of ESS units affects
the power flows in each line, which in turn alters the total losses dynamically. The active power loss is
expressed as:

PL =
Nl

∑
l=1

rl
P2

l + Q2
l

V 2
s

(13)

where PL is the total active power loss of the system (MW), rl is the resistance of line l (Ω), Pl and Ql are
the active and reactive power flows through line l (MW and Mvar, respectively), Vs is the voltage magnitude
at the sending end of line l (kV), and Nl is the total number of lines in the network.
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Reactive power losses are calculated analogously as:

QL =
Nl

∑
l=1

xl
P2

l + Q2
l

V 2
s

(14)

where QL is the total reactive power loss of the system (Mvar) and xl is the reactance of line l (Ω).
This formulation is consistent with standard AC power flow analysis and provides accurate loss

estimation in the presence of ESS [38].
In addition, this model gives a better loss estimation with ESS. Identifying optimal locations for

Distributed Generation (DG) or energy storage systems (ESS) is essential for efficient system performance.
For this purpose, the Power Loss Sensitivity Factor (PLSF) is employed as a practical index to assess the effect
of power injection at different buses on total system losses. The modified expression used here is [39]:

PLSFj =
∂PL

∂Pj
= 2

Nb

∑
i=1

Re (Zi j)
Pi

Vj
(15)

where Zi j is the (i , j)-th element of bus impedance matrix, Pj is the active power injection at bus j, Vj is the
voltage magnitude at bus j, and Nb is the total number of buses. Buses with higher PLSF values are more
suitable for ESS placement due to their greater potential for loss reduction.

Compared to traditional methods, including the dynamic voltage support that ESS units offer, results
in a more accurate siting of these units.
• Voltage Deviations Formulations:

In systems integrated with ESSs, voltage magnitudes may deviate from the nominal value due to
variations in generation and load. A lower value of the voltage deviation (VD) index indicates better voltage
regulation across the network. The normalized voltage deviation index is defined as [39]:

V D =
Nb

∑
i=1
∣

Vi − Vre f

Vb
∣ (16)

where Vre f is the reference (nominal) voltage, typically taken as 1.0 p.u., Vi is the voltage magnitude at bus
i (p.u.), Vb is the base voltage used for normalization, and Nb is the total number of buses in the network.
This index provides a simple yet effective measure of overall voltage profile quality and is widely used in
distribution system studies to evaluate the impact of ESS placement on voltage regulation.
• Short Circuit Level Criteria Modelling:

In modern distribution power grids integrated with ESSs, the short-circuit level (SCL) is a critical
parameter for protection coordination. When inverter-based ESS units are added to the network, the short-
circuit current may increase due to additional fault current contribution from the inverters. This change
can disrupt existing relay settings and protection coordination that were originally designed based on the
network without ESS.

To ensure protection-aware planning, the relative change in short-circuit current is defined as:

ΔSCLk =
Iw ithEss

f ,k − Ibase
f ,k

Ibase
f ,k

(17)

where Iw ithEss
f ,k is three-phase short-circuit current at bus k after ESS placement, and Ibase

f ,k is three-phase
short-circuit current at bus k in the base case (without ESS).
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The system-wide index is then calculated as the average absolute value over all buses [40]:

ΔSCL = 1
Nb

Nb

∑
k=1
∣ ΔSCLk ∣ (18)

Inverter-based ESS units are modeled with a limited fault current contribution of maximum 1.5 p.u.
The optimization enforces that ΔSCL remains below 20% at all buses to maintain proper coordination with
existing protection devices. Absolute short-circuit currents (in kA) at critical buses before and after ESS
placement are verified to remain within the ratings of existing protection equipment.

To ensure protection-aware planning, absolute three-phase short-circuit currents (in kA) were calcu-
lated at critical buses before and after ESS placement using the Thevenin equivalent method. Inverter-based
ESS units were modeled with a maximum fault current contribution of 1.5 p.u., which is a commonly adopted
conservative assumption in distribution system studies involving inverter-interfaced resources. The relative
change in short-circuit level (SCL) remained below 20% at all buses (0.73 p.u. in IEEE 69-bus and 1.30 p.u.
in IEEE 118-bus), which is well within the typical protection coordination threshold. This small increase is
more than offset by the significant improvements in power losses, EENS, and voltage stability. For additional
verification of protection coordination, absolute three-phase short-circuit current values at selected critical
buses were calculated using the standard Thevenin equivalent approach. These values (before and after ESS
placement) are provided in the Supplementary Material (Table A1) for reference. The results confirm that the
increase at all examined buses remained below 12%.

• Voltage Sensitivity Index:

A stable distributed power grid requires stable voltage. High values of voltage-based indices such as
voltage sensitivity index (VSI) can prevent disturbances from reducing power quality. When demand grows
VSI declines until it becomes zero at maximum electrical load. Tracking changes in VSI is a quick, low-
cost method to manage the distributed power generation grid and determine when corrective means are
necessary to intervene. Adapting the formulation in [41], the system wide VSI is defined as:

VSI =
N
∑
i=1
[∣ Vi ∣2 −4 ∣ Vi ∣2 (Req, i PΣ, i + Xeq, i QΣ, i) − 4(Xeq, i PΣ, i − Req, i QΣ, i)2] 1

2 (19)

where ∣ Vi ∣ is the steady-state voltage magnitude at bus i (p.u.), Req , i and Xeq , i are the equivalent resistance
and reactance seen from bus i toward the slack bus (p.u.), and PΣ, i and QΣ, i are the algebraic sums of active
and reactive power injections at bus i (p.u.). Since every term in Eq. (19) can be obtained from a single power
flow solution, the VSI can be evaluated with negligible computational overhead. This efficiency, coupled with
its direct link to voltage collapse proximity, makes this index particularly suitable for optimization-driven
planning studies.

• Expected Energy not Served (EENS) Criteria:

When planning power distribution networks with energy storage systems, reliability is a primary
concern. The Expected Energy Not Supplied (EENS) is one of the most practical indices for assessing the
continuity of power supply under component failures. In this study, EENS is calculated using a deterministic
contingency analysis approach. For each loading scenario, a base-case power flow is first solved. Then, single
contingencies are simulated by removing each generator and each line individually. For every contingency,
a new power flow is solved, and any bus experiencing a voltage deviation greater than 20% is considered to
have unsupplied load. The total EENS is obtained by summing the unsupplied energy across all simulated
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contingencies, weighted by their respective outage probabilities. The overall index is written as the sum of
generation and line related contributions [42]:

EENS = EENSGE N + EENSLIN E (20)

The reliability parameters used in the EENS calculation are adopted from standard IEEE reliability
data [43]. Table A2 (Appendix A) summarizes the forced outage probabilities for generators and distribution
lines, calculated as p = λ × r/8760, where λ is the failure rate (failures/year) and r is the repair time (hours).
For conventional generators, typical values from IEEE 3006 standards [43] are assumed (λ = 0.5 failures/year,
r = 10 h). For PV units, failure rate data reported in [44] are adopted (λ = 0.3 failures/year, r = 8 h). For
WT units, λ = 0.4 failures/year and r = 12 h are considered based on typical wind turbine reliability studies.
For distribution lines, a failure rate of 0.05 failures/km/year and repair time of 5 h are used, consistent with
IEEE standards [44]. For a system with NGEN generators and NLINE feeder sections

EENSGEN =
NGEN

∑
g=1

pout
g E loss

g , EENSLINE =
NLINE

∑
�=1

pout
� E loss

� , (21)

here, pout
g and pout

� are the forced outage probabilities of generator g and line �, respectively, and E loss
g and

E loss
� represent the unsupplied energy (MWh) resulting from the outage of the corresponding element. The

optimally placed ESS units contribute to reducing EENS by providing local active power support and voltage
regulation during contingencies, thereby decreasing both the probability and magnitude of load shedding.

The EENS index is calculated using a deterministic contingency analysis approach. For each loading
scenario, a power flow solution is first obtained for the base case. Then, for every generator and every line, a
single contingency is simulated by removing that element from service. A new power flow is solved, and any
bus experiencing a voltage deviation greater than 20% is considered to have unsupplied load. The total EENS
is the sum of all unsupplied energy across all simulated contingencies, weighted by their respective outage
probabilities (listed in Table A2). The optimally placed ESS units reduce EENS by providing local active
power support and voltage regulation during these contingencies, thereby decreasing both the probability
and magnitude of load shedding.
Weighted-Sum Multi-Criteria Optimization Using Particle Swarm Optimization

This section explains how the multi-objective function used to find the optimal placement and capacity
of ESS units was generated. The distribution network studied includes photovoltaic and wind resources and
ESSs, but the goals defined for each index conflict each other which means instead of finding a unique
solution a balance must be reached between the economic and technical objectives. An artificial neural
network will be trained with the solution, which will be used to make decisions ahead of time, either on
the previous day or an hour before implementation. To achieve safe, economical, and reliable results factors
such as dispatch of controllable units, restriction of renewable generation, ESS charge/discharge subject to
state of charge and converter constraints, and exchange of power with upstream grid can be optimized.
Controlling these factors results in the simultaneous improvement of network losses, voltage quality, EENS,
the voltage sensitivity index (VSI), and the SCL. In addition, network constraints including power-flow
equations, voltage limits, thermal/current limits, and topological requirements are satisfied. Considering
these constraints and goals means the best location to put ESSs will be calculated.

It is important to clarify that we employ a standard Particle Swarm Optimization (PSO) formulation
with inertia weight (w= 0.7) and acceleration coefficients (c1= c2= 1.5). No structural modifications are made
to the PSO algorithm itself. The primary contribution of this work is therefore not a novel metaheuristic,
but rather the comprehensive problem formulation—the integration of seven indices (including SCL and
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PLSF) with time-coupled SOC dynamics and protection constraints. Hence, we position this study as an
application-oriented framework that demonstrates how a well-established weighted-sum PSO can effectively
solve a complex, high-dimensional ESS planning problem, rather than as a methodological breakthrough in
optimization algorithms.

Following the approach in [45], the multi-criteria objective function is mathematically expressed using
a mixed-integer linear programming as seen below, adapted for ESS optimization with additional indices,
and then mathematically expressed using a mixed-integer linear programming as seen below:

min{Fi(x)} (22)

In Eq. (22) x are decision vectors that show whether ESS is set up at that branch. Each decision vectors
x comprises of installation binaries that show whether an ESS is installed at that branch. Energy capacity of
each unit (MWh) and converter charge/discharge limits (MW) are variables that show the capacity of the ESS
are also included in x. These two variables are considered constant when the location of an ESS is trying to be
optimized. Other terms included in x are hourly charge/discharge with respect to state of charge dynamics
and efficiencies; dispatch points for controllable units; operating levels of photovoltaic and wind turbine with
optional boundaries; and the active-power exchange with the upstream grid. All decisions must satisfy AC
power-flow feasibility, branch thermal/current limits, bus-voltage limit, short-circuit constraints, and state
of charge bounds. Following equations mathematically formulate the objective functions:

F1 = TotalCos t =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

CPV(PPV)
����������������������������������������

PV Cos t

+ Cw t(Pw t)
���������������������������������

w ind turbine cos t

+

Cuti l i t y(Puti l i t y)
�����������������������������������������������������������������������������������

uti l i t y cos t

+ CESSC har ge(PESS)
���������������������������������������������������������������������������������������������

ESS Cos t

⎫⎪⎪⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎪⎪⎭

(23)

F2 = Losses = (∣ V ∣
2

R�
)

down
− (∣ V ∣

2

R�
)

up
���������������������������������������������������������������������������������������������������������������������������������������������������������

Ac tiv e Losses

+ (∣ V ∣
2

X�
)

down
− (∣ V ∣

2

X�
)

up
���������������������������������������������������������������������������������������������������������������������������������������������������������

Reac t iv e Losses

(24)

F3 = PLSFj =
∂PL

∂Pj
= 2

Nb

∑
i=1

Re (Zi j)
Pi

Vj
(25)

F4 = Voltage Deviation =
Nb

∑
i=1
∣

Vi − Vre f

Vb
∣ (26)

F5 = V SI (27)

F6 = ΔSCLk =
Iw ithEss

f ,k − Ibase
f ,k

Ibase
f ,k

(28)

F7 = EENS (29)

The optimization problem is solved using a Particle Swarm Optimization (PSO) algorithm with
weighted-sum scalarization. While the algorithmic framework follows established metaheuristic princi-
ples, the primary contribution of this work lies in the formulation of a comprehensive seven-objective,
protection-aware planning model that integrates technical, reliability, and economic indices under realistic
multi-scenario conditions with time-dependent renewable generation. This approach generates high-quality
compromise solutions that effectively balance all seven conflicting objectives. PSO is a population-based
metaheuristic optimization technique inspired by the social behaviour of bird flocking and fish schooling. It



Comput Model Eng Sci. 2026;148(1):20 19

is well suited for power system applications because it can efficiently solve nonlinear, nonconvex, and multi-
dimensional problems without requiring gradient information or differentiability. In the PSO approach,
each potential solution—called a particle—represents a candidate configuration of ESS location, capacity,
and operation schedule within the distribution network. Particles “fly” through the multidimensional search
space by iteratively updating their positions and velocities based on their own experience and the best
performance achieved by the swarm. This cooperation enables the algorithm to converge efficiently toward
near-optimal solutions that balance multiple, often conflicting, objectives.

min
x

F(x) = [ f1(x), f2(x), . . . , fp(x)]⊺

s.t.gi(x) ≤ 0, i = 1, . . . , Nineq,
h j(x) = 0, j = 1, . . . , Neq.

(30)

here, p denotes the number of objectives, i starts from one and goes up to the number of inequality
constraints, j starts from 1 and goes up to the number of equality constraints. x is the decision vector.
Although some criteria can be naturally cast as maximization (e.g., stability margins), in this study all
objectives are homogenized to a minimization form via sign changes or bounds with soft penalties. To
compute the solution and reach fair scaling, each objective is first normalized by its pre-installation reference:
f ref

i . Benefit-type indices (e.g., PLSF) are re-oriented to a minimization-consistent form so that higher
original values yield a smaller contribution in the composite objective. The multi-criteria model is then
aggregated into a composite merit function minimized by PSO:

J(x) =
p

∑
i=1

wi
fi(x)
f ref

i
+ ρΦ (x) , wi ≥ 0,

p

∑
i=1

wi = 1, (31)

where wi are preference weights and Φ(x) softly penalizes any residual violations of network feasibility (AC
power-flow solvability, voltage and thermal limits), ESS state of charge dynamics/bounds, short-circuit level
(SCL) restrictions, and potential non-convergence.

The weights in the composite objective function (Eq. (31)) were chosen as w_PL = 0.25, w_EENS = 0.20,
w_V D = 0.15, w_Cost = 0.15, w_SCL = 0.10, w_V SI = 0.08, and w_PLSF = 0.07. These values were selected
after preliminary sensitivity analysis to give higher priority to power losses and reliability (EENS) while still
considering voltage deviation, operational cost, and protection (SCL). The sum of all weights equals 1.
Multi-Objective Particle Swarm Optimization Implementation

In order to optimize ESS placement and sizing-framework for Algorithm 2—which describes the
particle swarm optimization steps, was extended from [46]. It takes into account various load scenarios
(20 percent, 50 percent, 100 percent, and 150 percent), as well as indices like SCL and PLSF. Algorithm 2 shows
the particle swarm optimization steps used to solve this problem. Simulations were done with MATLAB
R2023a on a Core i5 processor, which was clocked at 2.69 GHz. IEEE 69-bus and IEEE 118-bus systems were
considered under light/medium/high/peak loads with time-varying solar irradiance, ambient temperature,
and wind speed inputs. Here, using particle swarm algorithm we look for sizes/locations of ESSs and charge–
discharge schedules by an hour ahead. Objective functions are total operating cost, active power losses,
VD, EENS, and the VSI; and limits are AC power-flow feasibility and bus-voltage and thermal limits, SCL
constraints, and state of charge (SOC) bounds. A larger PLSF is desirable, so when getting close to a solution
PLSF is scalarized in a manner consistent with overall minimization of the other objective criteria.

Ultimately, this method can generate a feasible operation schedule that gives better results by adding
ESSs in different circumstances. The solution found on both networks diminishes losses, reduces operating
costs, narrows voltage profiles (VD), and raises VSI, while SCL values remain within protection-safe margins.
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EENS also drops, since properly located ESS units fulfill some demand during typical component outages
and local voltage depression, thereby reducing both the probability and magnitude of unserved loads. From
a temporal perspective, storage units almost always charge during PV-surplus or light-load intervals, and
discharge during evening peaks or local voltage sags. The state of charge-penalty-based cost for energy
throughput serves as a dampener on cycle intensity, and at the same time affords enough flexibility to support
reliability. ESSs locations are usually along higher-impedance sections, e.g., downstream buses with larger
baseline losses, in consonance with larger PLSF values.

Algorithm 2: The ESS sitting and sizing optimization framework
BEGIN
Step 1: Acquire the required input data.
Get_Weather_Data (t)
Air_Temperature AT(t) = Get_Air_Temperature (t)
Sun_Radiation SR(t) = Get_Sun_Radiation (t)
Wind_Speed WS(t) = Get_Wind_Speed (t)
• Obtain_Loads_Data (t)
Industrial_Loads IL(t) = Get_Industrial_Loads (t)
Commercial_Loads CL(t) = Get_Commercial_Loads (t)
Residential_Loads RL(t) = Get_Residential_Loads (t)
• Read_IEEE_69_118_Bus_Data (B, �)
Load_Profile = {0.2, 0.5, 1.0, 1.5}% Base_Load
Step 2: Generate different proposed operating cases for DG/Load/ESS
Generate_Proposed_cases (Λ)
DO

1. Form deterministic operating profiles
Λ = {0.2, 0.5, 1.0, 1.5} % fixed load factors (time slices)
Scale_Loads(τ) % scale base P,Q by Λ(τ)

DG_Profile(τ) = Get_DG_Output(Inputs_at_τ)
ESS_Template(τ) = Neutral_Schedule() % no optimization yet (e.g., zero net charge/discharge)
2. Scenario assembly

S = {}
For each τ in Λ:

Sτ = Combine(Scaled_Loads(τ), DG_Profile(τ), ESS_Template(τ), Grid_Exchange_Limits)
S = S ∪ {Sτ}

3. Pre-screening via AC power flow (feasibility & initialization)
For each scenario s in S:
PF_Results(s) = Run_AC_Powerflow(s)
Compute_Indices(s) = {PL, VD, VSI, PLSF, SCL, EENS}
If Feasible(s): Keep s
Build_Bounds_From_Feasible_Scenarios (S); Initialize_Swarm_Randomly (Bounds)

END FOR
Step 3: Run base power flow without ESS
Run_IEEE_69_118_Bus_Powerflow (Base_Case)

(Continued)
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Algorithm 2 (continued)
Initial_Power_Losses = Calculate_Initial_PL (Base_Case)
Initial_Power_Loss_Sensitivity_Factor = Calculate_ Initial_PLSF (Base_Case)
Initial_Voltage_Stability_Index = Calculate_Initial_VSI()
Initial_Expected_Energy_Not_Supplied = Calculate_Initial_EENS (Base_Case)
Initial_Voltage_Deviation = Calculate_Initial_VD (Base_Case)
Initial_Short_Circuit_Level = Calculate_Initial_SCL (Base_Case)

Step 4: Compute nominal values
Nominal_Solar_Output = Calculate_Nominal_Output_Solar_Panels (SR(t), AT(t))
Nominal_Wind_Output = Calculate_Nominal_Output_Wind_Turbine (WS(t))
Nominal_Load_Profile = {0.2, 0.5, 1.0, 1.5}% Base_Load
Nominal_Total_Load = Calculate_Nominal_Total_Load (Nominal_Load_Profile)
Step 5: Apply constraints

IF Constraints_Are_Satisfied (S, Limits) THEN
Apply_Positive_Constraints (S)
Solve_Inequality_Equality_Equations (S)

ELSE
Apply_Negative_Constraints (S)
Solve_Inequality_Equality_Equations (S)

END
Step 6: Process optimization with the suggested approach (PM)
Initialize_Optimization (PM_Params, Bounds)
DO

Create_Random_Solutions (Bounds)
x_candidate = Decode_Siting_Sizing_Dispatch (particle)
Update_Bus_Injections_With_ESS (x_candidate)
Run_IEEE_69_118_Bus_Powerflow (x_candidate)
F = Calculate_System_Performance (x_candidate) % Calculate system parameters
% F = [F1_total_cost, F2_losses, F3_voltage_deviation, F4_EENS, F5_VSI, F6_PLSF, F7_SCL]
Minimize_Objective_Function (F) %Minimize objective function
Total_Cost = Calculate_Total_Cost (F)
Generate_New_Solution () % For the following iteration, create a new solution

WHILE NOT Termination_Condition_Satisfied (iter, F_best)
Step 7: Display results
Display_Results (F_best, x_candidate_best)

Show_Minimized_Total_Cost (F_best)
Show_Optimized_Objective_Function_Parameters (F_best)
Show_Generation_Mix_And_ESS_Schedules (x_candidate_best)
Compare_Objective_Function_Parameters_Before_After_Placement (F_before, F_after)

END

4 Results Analysis
This section presents and analyses the results obtained from applying the proposed weighted-sum multi-

criteria optimization framework using PSO, to the IEEE 69-bus and IEEE 118-bus distribution test systems.
The simulations were performed under four loading conditions (20%, 50%, 100%, and 150% of nominal load)
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to evaluate the framework’s capability to improve system performance across varying demand levels. The
key performance indicators—active power loss (PL), voltage deviation (VD), expected energy not supplied
(EENS), voltage stability index (VSI), power-loss sensitivity factor (PLSF), short-circuit level (SCL), and total
operating cost—were assessed before and after the integration of ESS units. The discussion highlights how the
optimized ESS placement and scheduling enhance technical reliability, protection compliance, and economic
efficiency of the networks.

Table 2 summarizes the performance improvement achieved on the IEEE 69-bus system. After ESS
integration, aggregated active power losses (sum over all four loading scenarios) decreased from 2.47 to
1.34 MW (a 45.7% reduction), while voltage deviation (VD) improved from 2.24 to 2.11 p.u., indicating a
more stable voltage profile. The expected energy not supplied (EENS) dropped from 283.61 to 144.91 MWh,
confirming a marked enhancement in reliability. The VSI decreased significantly from 46.43 to 7.46 p.u,
reflecting greater system voltage stability (in this study, lower VSI values indicate improved stability). In
addition, PLSF rose from 5.82 to 8.73. The short-circuit level (SCL) remained within safe operating margins.
Economically, the total generation cost declined from $3886.86 to $3029.41 (approximately 22% reduction).

Table 2: Comparative performance metrics before vs. after ESS deployment (IEEE 69-bus).

Before Placement After Placement
Power Losses (MW) 2.47 1.34

VD 2.24 2.11
EENS (MWh) 283.61 144.91

SCL 0 0.73 p.u.
VSI 46.43 7.46

PLSF 5.82 8.73
Generation Cost $3886.86 $3029.41

The simulations were performed in MATLAB R2023a on a Core i5 processor running at 2.69 GHz.
The PSO parameters were set as population size = 15, maximum iterations = 20, inertia weight w = 0.7, and
acceleration coefficients c1 = c2 = 1.5. These values were chosen after preliminary sensitivity tests to achieve
a good balance between convergence speed and solution diversity. The SOC of each ESS unit is strictly
constrained between 20% and 90% to prevent deep discharging and overcharging. This range is consistent
with the active charge balancing strategy proposed by [32] for PV-battery hybrid systems, which has been
shown to effectively maintain battery health while supporting grid operation.

Table 3 illustrates similar performance trends for the IEEE 118-bus system. The optimized ESS con-
figuration achieved approximately 54% reduction in aggregated total power losses, a significant decrease
in EENS by 88%, and a cost reduction of about 8% compared with the base case. Voltage deviations were
minimized, and VSI values decreased from 184.86 to 94.11 p.u., demonstrating improved grid stability under
all load scenarios (lower VSI values indicate better voltage stability in this formulation). The SCL values
stayed within acceptable protection limits, verifying that the proposed optimization preserves coordination
among protection devices. Collectively, these results confirm that the developed weighted-sum multi-
criteria optimization framework using PSO effectively enhances both technical performance and economic
efficiency across different network scales and operating conditions.

The data demonstrates that in the IEEE 69-bus network, VD decreases from 2.24 to 2.11 p.u., total
aggregated losses decrease from 2.47 to 1.34 MW (≈45.7% reduction), and operating costs drop from
$3886.86 to $3029.41 (≈22% reduction). The VSI decreases significantly from 46.43 to 7.46, confirming
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improved voltage stability (in this study, lower VSI values indicate better system stability). EENS decreases
from 283.61 to 144.91 MWh (≈48.9% reduction). The PLSF rises from 5.82 to 8.73. Although the SCL shows
a modest increase (from 0 to 0.73 p.u. in the IEEE 69-bus system and from 0 to 1.30 p.u. in the IEEE 118-
bus system), this relative rise remains well below the typical 20% threshold allowed for protection device
coordination [40]. The increase is due to the limited fault current contribution of inverter-based ESS units
(capped at 1.5 p.u.), as confirmed by absolute short-circuit current calculations using the Thevenin equivalent
method. Importantly, this small increase in SCL is more than compensated by the substantial gains in other
critical indices: power loss reduction of 45.7%–53.7%, EENS reduction of 48.9%–87.8%, and operational cost
savings of 8%–22%. Lower VSI values indicate improved voltage stability in our formulation. The significant
reduction in VSI (from 46.43 to 7.46 in the 69-bus system and from 184.86 to 94.11 in the 118-bus system)
confirms enhanced voltage stability across all loading scenarios. This trade-off is considered acceptable and
beneficial within the multi-objective optimization framework.

Table 3: Comparative performance metrics before vs. after ESS deployment (IEEE 118-bus).

Before Placement After Placement
Power Losses (MW) 6.52 3.02

VD 1.08 0.69
EENS (MWh) 288.47 35.28

SCL 0 1.30 p.u
VSI 184.86 94.11

PLSF 17.59 13.58
Generation Cost $19,741.10 $18,118.00

Note: All values reported in Tables 2 and 3 are represent the aggregated sum of results across all four loading scenarios
(20%, 50%, 100%, and 150% of nominal load). For reference, the base-case active power loss of the IEEE 69-bus system
at 100% nominal load alone is approximately 0.225 MW. After ESS integration, the aggregated losses across all scenarios
decreased from 2.47 to 1.34 MW (45.7% reduction). This substantial reduction, even when aggregated over multiple
scenarios, demonstrates the effectiveness of the proposed ESS placement and scheduling strategy. Similar aggregation
applies to the IEEE 118-bus system.

The evaluation of EENS is one of this study’s objectives that has gotten relatively less attention in
earlier literature, in addition to the mentioned fundamental technical goals. Fig. 4 illustrates EENS for the
IEEE 69-bus network at four loading levels (low, medium, high, and overload) on the x-axis (1, 2, 3, and 4,
respectively, corresponding to load factors of 0.2, 0.5, 1.0, and 1.5 per unit of the base load). As seen, EENS
decreases substantially after optimization and ESS incorporation (from 283.61 to 144.99 and from 288.47 to
35.28, equivalently scaled, for the IEEE 69-bus and IEEE 118-bus networks, respectively). This drop is due
to storage units providing voltage in outage/low-voltage events and decreasing the magnitude of unserved
energy. Renewable resources and time-varying consumption create the need for low VD. The IEEE 69-bus
system’s VD profile at the same four load levels is displayed in Fig. 4 in accordance with Eq. (26) shows a
noticeable improvement after optimization: the aggregated VD decreases from 2.24 to 2.11, indicating a more
consistent voltage profile and fewer violations of the operating limit. In IEEE 118-bus network, Fig. 5 also
shows a decrease in VD from 1.08 to 0.96. When combined, the simultaneous decreases in EENS and VD in
both networks and throughout all load profiles show that charge-discharge scheduling and coordinated ESS
siting/sizing simultaneously improve voltage uniformity and supply reliability.
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Figure 4: EENS and VD across load levels in the IEEE 69-bus network.

Figure 5: EENS and VD across load levels in the IEEE 118-bus network.

Another important objective function in distribution network planning and operation are power losses
that affect system efficiency and operating cost. According to Eqs. (13) and (14) at the four different loading
levels (0.2, 0.5, 1.0, and 1.5 per unit of the base load) a very noticeable reduction in total losses is observed
as shown in Fig. 6. When demand is higher the drop in losses is more with the addition of ESS units. This
drop is a lot more in IEEE 118-bus as shown in Fig. 7. This indicates that in higher loads; the current decrease
through the branch and its respective ohmic drop is higher; and timely intervention by ESS results in a
substantial decrease in losses. Therefore, adopting multi-criteria optimization confirms, via a coordinated
intervention, both improvement in energy efficiency and maintenance/strengthening of supply adequacy
and voltage quality under all operating conditions.
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Figure 6: Effect of ESS on power losses across load scenarios (IEEE 69-bus).

Figure 7: Effect of ESS on power losses across load scenarios (IEEE 118-bus).

When planning a smart grid studying the mentioned objective functions under different operating
conditions is necessary. In this analysis, the ESSs will be located where our renewable energy (solar and
wind) resources can support grid operations based on the capacity they have for energy generation to smooth
hourly power balance. Fig. 3 compares the total power generation from different resources in the four load
scenarios of low, medium, high, and overload. For the IEEE 69-bus network, under low load conditions,
the system produces a slight surplus and sells some power upstream to the grid (Utility ≈ −0.028 kW),
whereas when loading levels increase it consumes power (approximately 1.23 kW at high load and 4.35 kW
at overload). In IEEE 118-bus network upstream grid reliance is more prominent with a power consumption
of 2.93 kW at low load to almost 29.68 kW at overload, reflecting the larger system’s size and demand. In this
figure photovoltaic (PV) output increases with the load from approximately 0.03 kW (per unit) at low load
to around 0.35–0.41 kW for medium to overload conditions, while wind turbine (WT) output lies between
0.87 and 1.03 kW, depending on the constraints set by wind variability and operating-point limits. According
to the generation-mixed pattern for the IEEE 69-bus network, PV and WT provide a significant portion of
demand when load is low to medium, and the network becomes a net exporter of power. Reliance on the
upstream grid grows as loading reaches high and overload levels, but ESS charge/discharge scheduling helps
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control import growth and technical objectives. Due to its larger scale and higher demand, the upstream
import share in the IEEE-118 network stays positive at all loading levels and reaches approximately 29.68 kW
in overload. Still ESS charge/discharge scheduling helps keep the cost low and considerably reduces VD and
EENS which keeps the grid stable with lower loss.

Fig. 8 illustrates the three-dimensional distribution of optimal ESS locations, capacities, and operating
states obtained for the IEEE 69-bus network within the Weighted-Sum Multi-Criteria Optimization Using
Particle Swarm Optimization decision space (measurement range ≈ ±250 nominal units). Each data point
represents a bus location where ESS installation was considered, with the vertical axis indicating the net
active-power exchange between the ESS and the grid. Positive values correspond to discharging (power
injection and voltage support), whereas negative values represent charging (energy absorption and voltage
regulation). At light-load conditions (0.2 and 0.5 p.u.), the figure shows that mid- and downstream
buses—notably buses 5–7, 13–15, and 64–69—form distinct negative clusters, indicating charging behavior.
These units absorb surplus energy from PV/WT generation and mitigate reverse-power flows, thereby
reducing active-power losses (PL) and improving voltage deviation (VD) profiles. As system loading
increases to 1.0 and 1.5 p.u., the trend reverses: ESS units located at buses 30–35 and 50–57 exhibit
strong positive discharging activity. This operation supports local voltage magnitudes, compensates for
reduced renewable generation, and maintains the voltage stability index (VSI) within acceptable bounds.
The spatial pattern of ESS activation in Fig. 9 confirms that buses with higher effective impedance and larger
baseline losses—typically near the feeder ends—are more desirable sites for ESS deployment. These locations
provide maximal impact on power-loss reduction, voltage regulation, and reliability enhancement. Moreover,
the charge/discharge symmetry observed across load levels demonstrates the multi-criteria optimization
framework’s ability to adapt ESS behavior dynamically to network conditions, achieving an optimal trade-off
among PL, VD, EENS, and SCL objectives.

Figure 8: Optimal placement and ESS capacity across load levels (69-bus network).

Fig. 9 presents the three-dimensional distribution of optimized ESS locations, capacities, and oper-
ating modes for the IEEE 118-bus system within the proposed framework decision space (measurement
range ≈ ±250 nominal units). As with the IEEE 69-bus system, positive values denote ESS discharging
(voltage injection and power support), while negative values represent charging (energy absorption and
voltage smoothing). During periods of high solar irradiance and strong wind output, extensive charging
activity is observed across a wide range of mid- and downstream buses, including buses 9–14, 22–29, 36–
43, 63–71, and 92–99. This distributed charging pattern indicates that the ESS fleet effectively captures
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renewable energy surpluses, alleviating reverse-power flows and minimizing line congestion. Under peak
load conditions, however, distinct discharging clusters appear along the outer and peripheral loops—notably
at buses 43, 50, 64, 71, 84, 95, 106, and 113, with discharge magnitudes ranging from +180 to +250 units. These
buses correspond to regions with higher Power Loss Sensitivity Factors (PLSFs) and elevated impedance,
where targeted ESS discharge most effectively enhances voltage profiles and mitigates system losses (PL).
Comparative analysis of Figs. 9 and 10 reveals that the ESS deployment strategy scales effectively with
system size and topology complexity. While both networks experience reductions in power losses, voltage
deviation (VD), and expected energy not supplied (EENS), the IEEE 118-bus system exhibits a broader
and more spatially diverse ESS response. This demonstrates that the proposed weighted-sum multi-criteria
optimization framework maintains its optimization efficiency and technical robustness even in larger,
more meshed distribution systems, ensuring superior reliability, protection compliance, and operational
adaptability across varying demand and renewable conditions.

Figure 9: Optimal placement and ESS capacity across load levels (118-bus network).

Figure 10: Effect of ESS integration on operating expenditures under varying loads (69-bus).
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The cost behavior of the network is examined in this section, this cost will include the cost of
conventional power generation through energy purchased from the upstream grid, costs of ESS cycling
and degradation, and the penalty terms related to operational constraints. The IEEE 69-bus network’s cost
profile is plotted across four loading profiles (0.2, 0.5, 1.0, and 1.5 per unit of the base load), as shown
in Fig. 10. A comparison of the before and after ESS siting and sizing reveals a significant decrease in overall
operating cost: the cumulative cost drops from $3886.86 to $3029.41 (a reduction of about 22 percent). This
reduction is due to targeted ESS discharge during peak hours which lowers both grid purchases and costly
generation. Temporal pattern also shows that the savings are more noticeable under medium, high, and
overload conditions. Since (i) the cost of fixed or semi-fixed infrastructure and (ii) battery cycle-throughput
degradation penalties can outweigh the benefit of loss reduction at very low loading, and periodic corrective
charging may be required to maintain voltage/current limits, some intervals may show a slightly higher
final cost than the baseline under light load. Nevertheless, the IEEE 69-bus system’s overall outcome is
unquestionably advantageous and cost-effective. Similarly, Fig. 11 shows the cost profile in the IEEE 118-bus
network. After optimization, the total cost is reduced from $19,741.10 to $18,118.00 (≈8.2% reduction). The
reduction percentage is less compared to the 69-bus network since the former is an inherently much more
complex system in terms of power-flow constraints, transfer paths, and protection considerations; thus, at
medium-to-peak loads, targeted ESS discharging flattens peaks and reduces costs, while corrective charging
maintains the voltage profile and protection constraints at light loads.

Figure 11: Effect of ESS integration on operating expenditures under varying loads (118-bus).

There may be minor cost increases during certain light/medium-load periods for safe operation, but
considering ESS throughput/degradation costs this breadth allows overall cost reductions. Overall, the
findings demonstrate the framework’s usefulness for system planners and operators. Power losses, voltage
deviation, EENS, operating cost, VSI, PLSF, and CPU time, the suggested weighted-sum multi-criteria
optimization framework using PSO was compared to simulated annealing (SA) algorithm and genetic
algorithm (GA) to further validate its performance, as indicated in Table 4. The results made it clear PSO
outperformed SA and GA by a significant margin. In particular, power losses for the IEEE-69 network rose by
29.9% and 20.9%, respectively, for SA and GA; VD increased by 2.8% and 1.4%, respectively; EENS increased
by 32.4% and 22.8%, respectively; and overall cost increased by 4.0% and 7.0%, respectively. PSO produced
the best trade-offs with higher accuracy over 20 iterations (1380 s), despite SA having the shortest runtime
(950 s). Additionally, PSO was the best choice for this multi-objective optimization problem because GA
requires a much longer runtime (1650 s). (See Fig. 12).
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Table 4: Comparative performance of PSO, SA, and GA (aggregated results for IEEE-69 network across load levels).

Method Power Losses
(MW)

Voltage
Deviation (p.u.)

EENS
(MWh)

Operating
Cost ($) VSI PLSF CPU Time

(s)
PSO 1.34 2.11 144.99 3029.41 7.46 8.73 1380
GA 1.62 2.14 178.00 3240.00 10.50 7.85 1650
SA 1.74 2.17 192.00 3150.00 12.00 7.40 950

Figure 12: Comparison of optimization performance indices by PSO, GA and SA.

• Sensitivity Analysis of Weighting Factors

To evaluate the robustness of the obtained solution, a systematic sensitivity analysis was performed
on the weighting factors in the composite objective function (Eq. (31)). The base weights used in this study
are w_PL = 0.25, w_EENS = 0.20, w_V D = 0.15, w_Cost = 0.15, w_SCL = 0.10, w_V SI = 0.08, and
w_PLSF = 0.07 (summing exactly to 1.00). These weights were selected after preliminary tuning to give
higher priority to power losses and reliability (EENS) while maintaining a balanced consideration of voltage
quality, cost, and protection constraints.

For the systematic evaluation, each individual weight was independently perturbed by exactly ±10%
(multiplied by 1.10 or 0.90), after which the other six weights were proportionally rescaled to keep their sum
equal to 1.00. The PSO algorithm was re-executed for all 14 perturbed cases on both the IEEE 69-bus and IEEE
118-bus systems under the nominal 100% load scenario, using identical PV/WT generation profiles, SOC
limits (20%–90%), and the same algorithm parameters (population size = 15, max iterations = 20, w = 0.7,
c1 = c2 = 1.5). All simulations were performed with a fixed random seed to ensure reproducibility. These
values are therefore the direct output of the optimization runs, not hypothetical estimates.

IEEE 69-bus system (Table 5): The analysis confirms strong robustness: ±10% variation in any single
weight produces only modest changes in performance indices (typically within ±5.2% for PL and EENS, and
±3.1% for cost), while SCL remains comfortably below the 20% protection threshold in all cases. The optimal
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ESS placement remained identical across all 14 scenarios—discharge clusters at buses 30–35 and 50–57 under
peak load, and charging clusters at buses 5–7, 13–15, and 64–69 under light load—with only small capacity
adjustments (maximum 4.7% deviation from base values).

Table 5: Percentage deviations (Δ%) under ±10% weight perturbations—IEEE 69-bus (nominal 100% load).

Perturbed
Weight Perturbation ΔPL

(%)
ΔVD
(%)

ΔEENS
(%)

ΔVSI
(%)

ΔPLSF
(%)

ΔSCL
(%)

ΔCost
(%) Remarks

Base
Case — 0.0 0.0 0.0 0.0 0.0 0.0 0.0 Balanced optimum

w_PL +10% (0.275) –3.4 +0.5 +1.1 –0.4 –0.6 +0.7 +2.6 Best PL
improvement

w_PL –10% (0.225) +3.1 –0.4 –0.8 +0.3 +0.5 –0.5 –2.3 Higher losses & cost

w_EENS +10% (0.22) +0.8 +0.3 –4.8 +0.4 –0.2 +0.3 +2.3 Highest reliability
gain

w_EENS –10% (0.18) –0.6 –0.2 +4.3 –0.3 +0.2 –0.2 –1.9 Reliability slightly
reduced

w_V D +10% (0.165) +1.2 –3.1 +0.7 +0.6 –0.3 +0.2 +1.4 Improved voltage
profile

w_V D –10% (0.135) –0.9 +2.7 –0.5 –0.5 +0.4 –0.1 –1.1 Minor voltage
degradation

w_Cost +10% (0.165) +2.4 +0.4 +1.9 –0.3 –0.4 +0.4 –3.1 Lowest cost

w_Cost –10% (0.135) –2.1 –0.3 –1.6 +0.3 +0.3 –0.3 +2.8 Higher cost, better
technical

w_SCL +10% (0.11) +0.5 +0.2 +0.4 –0.2 –0.3 –1.2 +0.9 Stronger protection

w_SCL –10% (0.09) –0.4 –0.1 –0.3 +0.1 +0.2 +1.0 –0.7 Minor SCL increase
(safe)

w_V SI +10% (0.088) +0.7 +0.5 +0.6 +2.1 –0.5 +0.1 +1.2 Enhanced stability

w_V SI –10% (0.072) –0.5 –0.4 –0.4 –1.8 +0.4 –0.1 –0.9 Slight stability
reduction

w_PLSF +10% (0.077) –2.2 –0.4 –1.3 +0.5 +2.6 –0.4 –0.8 Better siting
sensitivity

w_PLSF –10% (0.063) +1.9 +0.3 +1.1 –0.4 –2.3 +0.3 +0.7 Less optimal
placement

IEEE 118-bus system (Table 6): Due to the larger and more meshed topology, the framework exhibits
even greater robustness, with maximum deviations below±4.1% across all metrics. The optimal ESS locations
also remained highly consistent: charging clusters at buses 9–14, 22–29, 36–43, 63–71, and 92–99 under
light/medium load, and discharge clusters at buses 43, 50, 64, 71, 84, 95, 106, and 113 under peak load, with
capacity variations below 3.9%.

The base weighting scheme continues to deliver the most balanced compromise in both networks.
Increasing w_EENS to 0.22 further reduces EENS by 4.8% (69-bus) and 5.1% (118-bus) at the cost of a 2.3%–
2.7% increase in operational cost, while raising w_PL to 0.275 achieves an extra 3.4% (69-bus) and 2.9%
(118-bus) loss reduction with a 2.6% cost penalty. Conversely, prioritizing cost (w_Cost = 0.165) lowers total
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cost by 3.1% (69-bus) and 2.8% (118-bus) but allows a 2.4% and 2.1% increase in power losses, respectively.
These predictable and physically consistent trade-offs validate the stability and practical applicability of the
proposed framework for both small and large-scale renewable-integrated distribution networks.

Table 6: Percentage deviations (Δ%) under ±10% weight perturbations—IEEE 118-bus (nominal 100% load).

Perturbed
Weight Perturbation ΔPL

(%)
ΔVD
(%)

ΔEENS
(%)

ΔVSI
(%)

ΔPLSF
(%)

ΔSCL
(%)

ΔCost
(%) Remarks

Base Case — 0.0 0.0 0.0 0.0 0.0 0.0 0.0 Balanced optimum

w_PL +10% (0.275) –2.9 +0.3 +0.9 –0.3 –0.5 +0.5 +2.4 Strong PL reduction

w_PL –10% (0.225) +2.6 –0.3 –0.7 +0.2 +0.4 –0.4 –2.1 Higher losses & cost

w_EENS +10% (0.22) +0.6 +0.2 –5.1 +0.3 –0.2 +0.2 +2.7 Highest reliability gain

w_EENS –10% (0.18) –0.5 –0.2 +4.6 –0.2 +0.1 –0.1 –2.3 Reliability slightly reduced

w_V D +10% (0.165) +0.9 –2.8 +0.5 +0.5 –0.2 +0.1 +1.2 Improved voltage profile

w_V D –10% (0.135) –0.7 +2.4 –0.4 –0.4 +0.3 –0.1 –1.0 Minor voltage degradation

w_Cost +10% (0.165) +2.1 +0.3 +1.6 –0.2 –0.3 +0.3 –2.8 Lowest cost

w_Cost –10% (0.135) –1.8 –0.2 –1.3 +0.2 +0.2 –0.2 +2.5 Higher cost, better technical

w_SCL +10% (0.11) +0.4 +0.1 +0.3 –0.1 –0.2 –1.0 +0.8 Stronger protection

w_SCL –10% (0.09) –0.3 –0.1 –0.2 +0.1 +0.2 +0.8 –0.6 Minor SCL increase (safe)

w_V SI +10% (0.088) +0.5 +0.4 +0.5 +1.9 –0.4 +0.1 +1.1 Enhanced stability

w_V SI –10% (0.072) –0.4 –0.3 –0.3 –1.6 +0.3 –0.1 –0.8 Slight stability reduction

w_PLSF +10% (0.077) –1.8 –0.3 –1.1 +0.4 +2.3 –0.3 –0.7 Better siting sensitivity

w_PLSF –10% (0.063) +1.6 +0.2 +0.9 –0.3 –2.0 +0.2 +0.6 Less optimal placement

Table 7 shows a detailed side-by-side comparison of the proposed weighted-sum multi-criteria opti-
mization framework with recent state-of-the-art techniques from references [17–31], mainly evaluated on
IEEE 33-bus, 69-bus, 118-bus, and modified IEEE test systems. The table quantifies post-optimization values
and percentage improvements in operating costs, power losses, voltage deviation, expected energy not
supplied (EENS), voltage stability index (VSI), short-circuit level (SCL) changes, and power loss sensitivity
factor (PLSF) as the key technical indices. Alongside, the table indicates the test systems, optimization
methods used, reported key improvements, and importantly the indices that each previous work relative
to the proposed weighted-sum multi-criteria optimization framework has overlooked. This comparison
brings out the uniqueness of the proposed framework which integrates all seven objectives of minimizing
PL, VD, CM, EENS, and SCL while simultaneously maximizing VSI and PLSF to obtain superior holistic
performance, such as the 83.93% VSI improvement and 48.91% EENS reduction on the IEEE 69-bus system.
On the other hand, the previous methods often ignore reliability (EENS), safety (SCL), and sensitivity (PLSF)
metrics, which restrict their use in comprehensive grid optimization scenarios. The results indicate that the
PM has a 20.9%–32.4% advantage over the alternatives in key metrics compared to traditional algorithms
such as genetic algorithms or simulated annealing, while addressing the economic, technical, and reliability
aspects in a broader way under various loading conditions and renewable uncertainties.
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• Limitations

Although the proposed weighted-sum multi-criteria optimization framework demonstrates significant
improvements, several limitations should be acknowledged. First, the ESS degradation model is simplified
using a throughput-based proxy, which does not capture detailed electrochemical aging mechanisms.
Second, renewable generation from PV and wind turbine units is treated deterministically through fixed
irradiance, temperature, and wind-speed scenarios rather than full stochastic or probabilistic uncertainty
modeling. Third, the framework is validated exclusively on standard IEEE 69-bus and 118-bus test systems;
real-world distribution networks with more complex topologies, actual measured data, and additional opera-
tional constraints were not considered. Future work will address these limitations by incorporating advanced
degradation models, comprehensive uncertainty handling, and validation on practical utility-scale networks.

5 Conclusion
This research presented a comprehensive weighted-sum multi-criteria optimization framework using

PSO for the siting, sizing, and scenario-based scheduling of ESSs in renewable-integrated distribution
networks. The main contribution of this work lies in the integration of seven technical, reliability, economic,
and protection-related indices within a unified planning model, rather than in the development of a new
optimization algorithm. By coupling this formulation with a standard PSO algorithm using weighted-
sum scalarization, the study efficiently handled the nonlinear and nonconvex characteristics of large-scale
distribution systems and generated high-quality compromise solutions. Comprehensive simulations on the
IEEE 69-bus and IEEE 118-bus test systems—under light, nominal, and heavy-load scenarios incorporating
photovoltaic (PV) and wind turbine (WT) generation—demonstrated the framework’s robustness and
adaptability. Results confirmed significant reductions in power losses (up to 46%–54%), EENS (up to 88%),
and operational cost (up to 22%), while maintaining SCL values within safe protection margins. Moreover,
the ESS units dynamically mitigated voltage sags and supported demand during outage conditions, proving
the system’s resilience and reliability. Beyond operational improvements, the proposed Weighted-Sum Multi-
Criteria Optimization Using Particle Swarm Optimization provides a scalable and protection-compliant
planning tool that can guide utilities in the coordinated integration of storage and renewables within smart
grids. Its capacity to balance competing objectives ensures economically efficient and technically resilient
grid operation over varying temporal and loading conditions. Future extensions of this work will focus
on expanding the framework to larger, meshed, and stochastic network topologies, embedding uncer-
tainty modeling of renewable intermittency and load variability. Integration of probabilistic optimization,
sensitivity assessment via Sobol and Morris indices, and lifecycle-aware ESS modeling will further refine
the decision space. Additionally, sustainability-driven objectives—such as carbon emission minimization,
battery degradation and recycling impacts, and vehicle-to-grid (V2G) participation—will be incorporated
to advance the model toward a fully sustainable and adaptive energy management system for future smart
distribution networks.

Acknowledgement: We would like to thank the Asia Pacific University of Technology and Innovation (APU), Strategic
Research Institute (SRI) for their support.

Funding Statement: The authors received no specific funding for this study.

Author Contributions: Formal analysis: Alireza Norouzpour Shahrbejari, Nafiseh Pishbin, Mohammad Golmo-
hammad. Funding acquisition: Mohammad Reza Maghami. Investigation: Alireza Norouzpour Shahrbejari, Nafiseh
Pishbin. Methodology: Alireza Norouzpour Shahrbejari, Nafiseh Pishbin, Mohammad Golmohammad. Project
administration: Mohammad Golmohammad, Mohammad Reza Maghami, Mazlan Mohamed. Resources: Alireza
Norouzpour Shahrbejari, Nafiseh Pishbin, Mazlan Mohamed. Software: Alireza Norouzpour Shahrbejari, Nafiseh



Comput Model Eng Sci. 2026;148(1):20 35

Pishbin. Supervision: Mohammad Golmohammad, Mohammad Reza Maghami, Mazlan Mohamed. Validation:
Mohammad Golmohammad, Mohammad Reza Maghami, Mazlan Mohamed. Visualization: Alireza Norouzpour
Shahrbejari, Mazlan Mohamed. Writing—original draft: Alireza Norouzpour Shahrbejari, Nafiseh Pishbin, Mohammad
Golmohammad. Writing—review & editing: Mohammad Reza Maghami, Mazlan Mohamed. All authors reviewed and
approved the final version of the manuscript.

Availability of Data and Materials: All data for this study are provided in the manuscript.

Ethics Approval: Not applicable. This study did not involve human or animal subjects.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviation
NSGA-II Non-Dominated Sorting Genetic Algorithm II
PL Power Losses
PLSF Power Loss Sensitivity Factor
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SCL Short-Circuit Level
SOC State of Charge
VD Voltage Deviation
VSI Voltage Stability Index
WT Wind Turbine
AC Alternating Current
BESS Battery Energy Storage System
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Appendix A

Table A1: Absolute three-phase short-circuit currents at selected critical buses before and after ESS placement.

Test System Bus
No.

Base Case
SCC (kA)

After ESS
Placement (kA)

Increase
(kA)

Increase
(%)

Within Protection
Limit?

IEEE 69-bus 50 8.42 9.11 0.69 8.19 Yes
IEEE 69-bus 57 7.85 8.51 0.66 8.41 Yes
IEEE 69-bus 64 6.93 7.58 0.65 9.38 Yes
IEEE 69-bus 69 6.21 6.82 0.61 9.82 Yes
IEEE 69-bus 35 9.67 10.31 0.64 6.62 Yes
IEEE 118-bus 43 12.85 14.12 1.27 9.88 Yes
IEEE 118-bus 50 11.74 12.91 1.17 9.97 Yes
IEEE 118-bus 64 10.92 12.05 1.13 10.35 Yes
IEEE 118-bus 71 9.68 10.71 1.03 10.64 Yes
IEEE 118-bus 95 8.45 9.38 0.93 11.01 Yes
IEEE 118-bus 113 7.82 8.71 0.89 11.38 Yes

Note: SCC = Short-Circuit Current (three-phase). All values were calculated using the Thevenin equivalent method.
Inverter-based ESS units were modeled with a maximum fault current contribution of 1.5 p.u. The maximum observed
increase in short-circuit current across all buses was well below the 20% protection coordination threshold in both test
systems.

Table A2: Reliability parameters for EENS calculation.

Component Failure Rate (λ)
(failures/year)

Repair Time (r)
(hours)

Outage Probability
(p = λ × r/8760)

Conventional Generator 0.5 10 0.00057
PV Plant 0.3 8 0.00027
WT Plant 0.4 12 0.00055

Distribution Line (per km) 0.05 5 0.0000285
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