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Abstract: This study proposes an advanced framework for combining renewable energy re-
sources with adaptive feeder restructuring to improve both local energy exchange and power
system resilience. Instead of conventional supply driven operation, the model emphasizes the
coordinated placement of solar photovoltaic (PV) units and wind turbines (WTs), along with
intelligently optimized grid reconfiguration using Particle Swarm Optimization (PSO), is the
best strategy for operating modern electricity microgrids. A distinctive feature of the design
is the integration of a peer-to-peer (P2P) market, which allows prosumers within the micro-
grid to negotiate power transactions in real time, thereby further increasing trading efficiency
and reducing reliance on the main grid. A multi-stage analysis method is used to compare
three different system configurations: a baseline scenario of energy distribution with PV cells
and renewable energy integration, a scenario integrating hybrid PV-W'T, and a fully integrated
PV-WT system with optimized grid reconfiguration. The Taiwan Power Company (TPC) dis-
tribution test system served as the benchmark for assessing critical indicators, such as voltage
regulation, power loss, and cost of operation. The results show that the coordinated approach
of feeder restructuring with P2P trading reduces network losses from 0.0024 to 0.002 MW and
lowers the average operating cost from 2.3729 $§/MWh to 1.954 $/MWh. This methodology pro-
vides a scalable and resilient solution for enabling secure, affordable, and sustainable electricity
exchange in future smart distribution grids.

Keywords: Distribution network reconfiguration; Energy trading; Power loss reduction;
Renewable energy integration; Smart grid

1. Introduction
1.1 Motivation

The widespread adoption of distributed energy technologies, such as solar PV panels and
wind turbines, is changing the operation of modern grids. When combined with peer-to-peer
(P2P) electricity trading frameworks, these resources enable prosumers to directly exchange
surplus generation across local networks (Huo et al., 2024). Unlike traditional centralized mar-
kets, P2P trading employs decentralized digital infrastructures, often supported by blockchain
platforms, to conduct secure and transparent transactions (Guzman-Henao et al., 2024). This
transformation enhances grid flexibility, strengthens system resilience, and increases overall mar-
ket efficiency (Mokaramian et al., 2024), (Roudnil et al., 2025a; Roudnil et al., 2025b; Roudnil
et al., 2025c¢).

To ensure the reliable operation of such decentralized microgrids, the network configura-
tion must be continually adapted. This is commonly termed topology adjustment or network
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restructuring and is often referred to as network reconfiguration (C. Zhang et al., 2021). Dis-
tribution Network Reconfiguration (DNR) is defined as a switch-based topology optimization
process in which the open/closed states of sectionalizing and tie switches are systematically
altered to obtain an optimal radial network structure. Unlike simple feeder rerouting, DNR
explicitly considers binary switch decision variables, power flow constraints, voltage limits, and
radiality conditions to minimize power losses, improve voltage profiles, and reduce operational
costs without modifying the network’s physical (Wongthongtham et al., 2021). The problem
is inherently complex, which has encouraged researchers to apply advanced metaheuristic opti-
mization techniques for determining effective switching strategies (Jogunola et al., 2024; Hafeez
et al., 2020). Nevertheless, renewable energy sources (RESs) add uncertainty due to their vari-
ability (Soto et al., 2021). This unpredictability challenges the dependability and efficiency
of P2P-based systems. Heuristic optimization approaches, particularly particle swarm—based
strategies, have been explored as promising tools for integrating renewables into decentralized
trading environments (B. Zhou et al., 2021)

1.2 Literature review

The body of work on hybrid microgrids integrating renewable energy sources has grown
extensively. Most contributions have focused on achieving cost efficiency, fair resource allocation,
and secure data handling in energy storage—based systems (Keck et al., 2019), (Roudnil et al.,
2025a; Roudnil et al., 2025b; Roudnil et al., 2025¢). Several studies have improved demand-side
management in stand-alone PV systems (Albadi and El-Saadany, 2008), developed adaptive
controllers for hybrid renewable integration (Jiang et al., 2013), designed versatile management
schemes for MGs (Serra, 2025), and introduced cooperative frameworks with shared storage for
grid-connected operation (Lv and Ai, 2016). Optimization techniques, with PSO as a popular
tool, have been used to minimize operational expenses and address demand—supply imbalances
(Chen et al., 2021).

PSO is a population-based metaheuristic algorithm inspired by the collective behavior of
social organisms, where candidate solutions (particles) iteratively update their positions in the
search space based on individual experience and global best knowledge. PSO is widely adopted
in power system optimization because of its simplicity, low computational burden, and strong
global search capability. However, classical PSO may suffer from premature convergence, limited
exploration—exploitation balance, and inadequate handling of complex constraints, particularly
in highly nonlinear and mixed-integer problems such as distribution network reconfiguration and
energy trading. Consequently, enhanced PSO variants incorporating adaptive inertia weights,
penalty-based constraint handling, and convergence improvement mechanisms have been devel-
oped to ensure solution feasibility, robustness, and faster convergence. Variants such as the
Walrus PSO have been applied to reduce voltage instability and operational risks under re-
newable intermittency (C. Wang et al., 2021; Soroudi and Amraee, 2013). Similarly, PSO has
been leveraged to optimize the configuration of hybrid PV-WT farms, resulting in lower losses
and better voltage support (Thakar et al., 2019). An improved PSO algorithm for integrating
renewable energy sources was developed by Manoz et al., 2025.

The PSO model ensures optimal planning of PV and WT farms to minimize system losses
by incorporating multiple units and inverters. Other recent research has indicated that sus-
tainability, resilience, and efficiency can be improved in multiple ways by improving energy
system operations and integrating hybrid renewable energy sources (Ergun et al., 2025). An
advanced PSO algorithm for distributed energy systems combining demand information with a
diverse generation source developed [Trinkal.l] by the authors in (W. Zhang et al., 2025), the
objectives were to reduce operating costs and energy fluctuations. Xiao et al., 2017 presented
a novel optimization algorithm to optimize the variant market conditions of distributed energy
resources, with the objectives of maximizing the incomes and improving the flexibility of the
system. A novel gray wolf-based PSO hybrid optimization was introduced by Y. Xu et al., 2020
that depends on multistage bidding strategies to enhance the performance of smart MGs and
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virtual power plant profitability.

Predictive models of COs emissions and carbon allocation systems utilizing PSO-enhanced
neural networks are also part of the effort to match power grids with peak carbon targets (Fei-
joo and Das, 2015). Additionally, a hybrid optimization model integrating deep learning and an
enhanced PSO algorithm is suggested to address multi-objective problems in distributed power
generation systems, emphasizing reliability, environmental benefits, and economic efficiency (W.
Zhang et al., 2025). A model for integrated bidding and battery scheduling was proposed to
enable sealed-bid double auction power trading with peer microgrids, effectively handling uncer-
tainty (Zubin et al., 2025). Another study focused on an uncertainty-aware day-ahead scheduling
approach for microgrids that accounts for response fatigue using an IGDT method (Tostado-
Véliz et al., 2022). The use of uncertainty-aware model predictive control for residential buildings
participating in intraday markets was also investigated to optimize energy usage (Tarnate et al.,
2022). Research has been conducted on the uncertainty-aware deployment of mobile energy
storage systems, which involves network reconfiguration, to ensure distribution grid resilience
(Nazemi et al., 2021). Separately, a forecasting method was developed using stacking-ensemble
feature selection and self-supervised learning for precision and uncertainty-aware steam flow
(H. Zhou et al., 2025; F. Zhou and Yu, 2025). A hybrid stochastic-robust optimization model
was introduced for resiliency-oriented scheduling for multi-microgrids, which includes network
reconfiguration and uncertainty management (Zare et al., 2024), (Roudnil et al., 2025a; Roudnil
et al., 2025b; Roudnil et al., 2025c¢).

An uncertainty-aware critic augmentation technique was proposed for hierarchical multi-
agent EV charging control, specifically addressing distribution network constraints (Pang et
al., 2024). Additionally, a deep learning-based demand response framework was developed
for the short-term operation of renewable-based microgrids under uncertainty (Gharehveran
et al., 2024). Moving edge concept was introduced in an uncertainty-aware approach for on-
demand edge computing, which can be interpreted as a form of optimal scheduling with net-
work constraints and reconfiguration (F. Zhou and Yu, 2025). For distribution networks, the
uncertainty-aware optimal placement of capacitors and DSTATCOM to reduce losses and volt-
age deviations has been the focus of research (Alanazi et al., 2025). An uncertainty-aware
multi-agent deep reinforcement learning approach was presented for robust active voltage con-
trol, aiming to maintain voltage profiles and mitigate network violations (Liu et al., 2025). An
uncertainty-aware economic dispatch model for integrated energy systems, considering demand
response and carbon-emission costs (Y) was also proposed. (W. Zhang et al., 2025; Y. Zhang
et al., 2025). A data-driven stochastic planning method was developed to address uncertainty to
enable network-constrained energy sharing in microgrids (X. Zhang et al., 2024). The optimal
scheduling of multi-use battery storage systems under uncertainty has also been investigated
(Lechl et al., 2025), as has the coordinated dispatch of electric, thermal, and hydrogen vectors
in microgrids under uncertainty using a constrained optimization method (C. Xu and Abdalla,
2026). An uncertainty-aware optimal dispatch framework was created for a multi-energy hub, fo-
cusing on emissions and managing uncertainty from renewable sources and load demand (Sharma
and Pindoriya, 2024). The stochastic allocation and management of soft open points have also
been explored to reduce harmonic distortion, voltage deviations, and losses in distribution net-
works under uncertainty, which is a form of reconfiguration (Ebrahimi et al., 2025). A novel
method using uncertainty-aware knowledge transformers and multi-agent reinforcement learning
was proposed for peer-to-peer energy trading (Ibad et al., 2025). For energy optimization in mi-
crogrids, a deep deterministic policy gradient method was introduced to handle the uncertainty
from renewable energy generation and load forecasting (T. Wang et al., 2025). Furthermore, an
uncertainty-aware optimal energy management model was developed for smart distribution net-
works to ensure voltage stability (Gangil et al., 2025), and an energy management strategy was
proposed for microgrids with integrated electric bicycle charging stations and a green certificate
market, considering uncertainty and network constraints (Shayeghi and Faraji Davoudkhani,
2025).
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1.3 Problem statement

Despite notable advancements in distributed energy systems and peer-to-peer (P2P) trad-
ing, several challenges remain unresolved. Although various energy management strategies have
been developed to integrate renewable energy sources (RESs), such as photovoltaic (PV) and
wind power (WT), most approaches struggle to address the uncertainty inherent in these re-
sources. Optimization techniques, including particle swarm optimization (PSO) and its variants,
have been applied to mitigate uncertainty and reduce costs; however, such methods often rely
on worst-case assumptions, leading to overly conservative decisions that are not always practical
in real-world contexts. In addition, current P2P trading models frequently neglect the distri-
bution network’s physical constraints. While some studies examine network reconfiguration for
system stability and others focus on P2P market design, integrated solutions that account for
both remain limited. This lack of coordination can result in impractical scheduling and trading
outcomes, thereby undermining the efficiency and resilience of the system. The literature clearly
points to a gap in research that simultaneously addresses P2P energy trading, DNR, and the
uncertainty associated with RES integration.

Most studies have investigated these aspects in isolation or only partially. Although P2P
energy trading enhances market efficiency and local energy utilization, neglecting physical power
system constraints can lead to unsafe operating conditions. To ensure electrical feasibility, prac-
tical P2P trading models must explicitly incorporate network constraints such as bus voltage
limits, line current (thermal) limits, and power flow equations. Without these constraints, trad-
ing decisions may result in voltage violations, line overloading, and unrealistic energy exchanges
that cannot be realized in actual distribution networks. Therefore, coupling P2P market mecha-
nisms with power system—aware optimization is essential to guarantee energy trading outcomes
that are secure, reliable, and physically implementable. Therefore, a holistic framework that
optimizes trading strategies, ensures physical feasibility through dynamic network reconfigura-
tion, and effectively manages the operational and economic impacts of renewable uncertainty is
needed. This study aims to fill this gap by proposing an integrated optimization framework.

1.4 Research contribution

This study provides several key contributions to decentralized energy management and
distribution network optimization, directly addressing the research gaps identified in the litera-
ture: (1) Development of a Novel PSO-Based Optimization Framework for P2P Energy Trading:
This study introduces a PSO-driven optimization framework specifically designed for electricity
distribution networks engaged in P2P energy trading among interconnected microgrids. This
framework is designed to holistically address operational and economic objectives within a de-
centralized energy paradigm. (2) Comprehensive Scenario-Based Analysis on the TPC Network:
This research conducts a rigorous, multi-scenario operational analysis using real-world data
from the TPC electricity distribution network for P2P trading. This includes establishing a
crucial baseline scenario representing the TPC networks with PV integration operation and us-
ing optimization techniques to find the best power lines and locations for PV, against which all
subsequent advancements are quantitatively compared. (3) Optimal RE integration and grid
reconfiguration: This research aims to study the impact of integrating RE sources into electricity
grids using different approaches. The TPC grid operation will be modeled with PV and WT.
Then, with the help of the dynamic grid reconfiguration, we will employ the proposed PSO
optimization algorithm to determine the optimum locations of the grid switch. (4) The Impact
of Reconfiguration on Peer-to-Peer Energy Trading: A 24-hour P2P energy trading operation
will be comprehensively modeled for the hybrid renewable energy integrated TPC grid. The
performance of energy trading (with and without reconfiguration) will be compared.

The remainder of this paper is organized as follows: Section 2 outlines the simulation design
and case study scenarios. Section 3 introduces the methods, including system modeling, PSO
algorithm, and IEEE 84-bus TPC network representation. Section 4 presents the results and
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discussion. Section 5 discusses the findings in a broader context and, concludes and points to
future research opportunities.

2. Methods
2.1 Mathematical formulation

The optimization framework is designed to achieve two interdependent goals: reducing op-
erational expenditure and ensuring efficient PEPTs. The formulation integrates a penalty on
variability to account for uncertainty in renewable energy generation, thereby encouraging solu-
tions that are not only economical but also resilient to fluctuations in solar and wind production.
The overall objective function can be expressed as follows:

N
min <Z Ci(x;) + A Var(APRE)> (1)

i=1
Where C;(x;): Total Operational Cost (Generation Cost, Switching Cost, and grid power
purchase) for each microgrid or participant, A: Weight factor for the uncertainty variance
penalty, and Var(APgg): Variance of the uncertainty in renewable energy. The renewable
output is modeled as a nominal forecast plus a stochastic deviation:

Prp = PRE + APRrg (2)

2.1.1 Adding renewable energy to the MMG
The power generated by a solar PV system is given by the following:

PPV =npv - A . G . COS(O) (3)

The power output of a wind turbine is expressed as follows:

1
Pwind=§-p'A~v3-Cp (4)
The mathematical formalism employed to simulate the operational characteristics of PV
and W'T generation units are of paramount importance in elucidating the functional role of
distributed RE resources within the operational context of microgrids and MMG systems.

2.1.2 Constraints Imposed on Reconfiguration

The power balance, voltage limits, power flows, and radiality requirements constrain the
reconfiguration problem, which are characterized by the following key equations:

2.1.3 Net power balance equations

Active power balance:
net _ pb L L.drp fe el L,shadded
Pry =P+ Py + P07 — Py + Py — Py (5)
Reactive power balance:
net _ L L,drp L,shadded
kt = Qe+ @y — @l (6)

1. Power flow constraints

For the active power:

PS> Py — > Py — [1 = ying) - M (7)
JjeT
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PP < Py — > Py + [1 = ying) - M (8)
JjeJ
For reactive power:
Qet > Qe — Y Qiny — [L—viny) - M 9)
JjeT
R < Qikg — > Qikg + [1— Yingl - M (10)
JjeJ

2. Voltage Constraints
The voltage magnitude at bus k:

Tik Pkt + ik Qik

Uk =2 Uiy — U — [ =y - M (11)
1t
TikPikg + i Qi
Uk7t < Ui,t _ Tiktikt lezk,t + [1 N 'Yk,t] M (12)
Ui
Voltage limits:
U < Usg < UP (13)
3. Flow Line Constraints
Active power flow:
—Yirt - P < Py < Yige - Pip™ (14)
Reactive power flow:
—Yies - Qi < Qi < Yigt - Q™ (15)
4. Radial operation constraints
Spanning tree approach:
Bik,t + Bikt = Yikt (16)
> Brog =0 (17)
k

D Brip <1 (18)
k
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2.1.4 Power flow analysis

The solution of nonlinear equations in MMG networks relies on iterative techniques. For a
general System, f(z) = 0, Newton-Raphson updates are applied as follows:

) = 20 _ g7 Ry L () (19)

The power flow problem in MMGs involves solving the following nonlinear equations for
active (P) and reactive (@) power balances:

N

P, =Y, Z Vj(Gij cos 0;; + Bjj sin 6;;) (20)
J
N

Qi =V Z V}(Gm sin ei]’ - Bi]’ COSs 9”) (21)

J
2.1.5 Application of MMG optimization techniques

The optimization metric combines operating cost and resilience to account for renewable
uncertainty in MMGs:

Fitness(z) = w - Cost(z) + (1 — w) - Resilience(z) (22)

The fitness function used in an optimization technique for MMGs with the PSO approach.
This function is designed to account for uncertainty by combining two objectives: minimizing
cost (z) and maximizing resilience (z), with a weighting factor w to adjust their relative im-
portance. In this study, the resilience criterion represents the microgrid’s ability to maintain
performance under the uncertainty of renewable energy generation. Resilience is quantified using
a penalty-based formula that considers the buses’ unconsumed energy resulting from load shed-
ding and voltage range violations during the planning horizon. Therefore, higher values of load
shedding and result in larger resilience penalties, indicating a decrease in system robustness. By
including this criterion in Equation 22, the optimization process explicitly prefers solutions that
minimize operational disturbances and constraint violations, thereby improving the distribution
network’s resilience under uncertain PV and wind generation.

The location of each new particle is determined by adding its velocity to its current location,
which changes with each step. This method causes the particles to move around and search for
the solution everywhere. Each particle determines its location based on its best finding and the
best finding of all the other particles in the group. Each particle adjusts its location based on
its velocity as follows:

2D — 50 4 ) (23)

7 7
In search algorithms, velocity evolves as a weighted combination of three factors: inertia,
self-learning (cognitive term), and collective knowledge (social term), leveraging the collective’s
findings:

best

'U,L(t+1) — 2w - Ui(t) Ty (pz (t) best

e ey ra- (g 2\ (24)

This mechanism balances exploration and exploitation, enabling efficient convergence to-
ward optimal scheduling solutions.
2.1.6 Cost Equations and Integration into Optimization Functions

To maintain the viability of decentralized energy trading, total operational expenses must
be minimized while guaranteeing demand-supply equilibrium. Each microgrid’s cost has three
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primary components: generation, trading, and penalties. The generation cost model can be
written as follows:

G MT, MT |, \BS, BSC , .BD | 1.TS,77TSC TSD
Cit" =N Dy APty tkC(Hy T+ Higo) (25)

2.1.7 Peer-to-Peer

The energy balance equation plays a significant role in controlling energy requests and
provision when considering P2P processes. In microgrid designs, the energy balance equation
for electrical and thermal power in a multi-energy network given by the following:

Ref _ pD MT RES BSC BSD
Py =F,—-PF —Py°+ Py — By (26)
Ref D MT TSC BSD
H;¥ =H;y — Hy' + Hip~ — Hiy (27)
The power balance equation for microgrid i under scenario s at time t is

P, + PYs, 4+ Py + P = P+ P (28)

7, 1,8,

2.1.8 PSO Optimization Function for P2P

The optimization function minimizes the total cost while satisfying supply-demand con-
straints. The optimization problem is solved using a distributed approach that combines ADMM
and ATC.

min F" = (C® + C% 4 C'*) (29)

The P2P energy trading algorithm’s parameters include important factors that determine
the system’s energy management and costs. The following are the key variables and their
interactions: - The total energy supplied by a microgrid i. Represents the energy generated by
local sources (e.g., renewable energy, microturbines, and battery storage) within microgrid i.

Si _ PZI?QIT _I_PZI}ES + PZ{E;SC _ Pi]iSD <30)

Total energy demand of microgrid i. Represents the total energy required to meet the load
demand of microgrid i.

D= P+ HY, (31)

Energy exchanged between microgrid i and microgrid j. Represents the energy traded
between microgrids and balance supply and demand.
eny + ey =0 (32)
Total costs of producing, selling, and purchasing electricity, plus any fines related to micro-
grids. The economic performance of microgrid i is evaluated by considering generation costs,
trading costs, and penalties for unmet demand. The cost function for each agent participating
in P2P energy trading is as follows:

C; = Z (Ci(ien + Cg?tﬂl + Cﬁisc + Cif,)tZP> + CEEP (33)
teNp
The cost function for microgrid i under uncertainty is as follows:

1

min F™ = (1—p;) Y > Y mis(Cle+C+ O+ CE+CFs) +pi (6 + T N mislis)
s€Q; je(My)\i tE€T v seQy
(34)
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The fitness function is a measure we use in computer programs (such as PSO and ADMM)
to evaluate a solution’s quality. Its function is to help us find the best solution that minimizes
overall costs while ensuring that the system’s energy is properly balanced. The optimization
problem is expressed using the NBT.

max IV, (C; — C;)MP (35)

Objective function:

Dopwd | 2O+ DG+ 2 Ot + DO (i = wie-1) = D Mg - Pigt
t | i i ij i#]

(36)

The peer-to-peer energy trading problem is expressed using the Nash bargaining theory to

ensure fair allocation of costs among microgrids. Although the formulation is compatible with

distributed solution techniques such as ADMM and ATC, this study employs PSO as the main

optimization engine to solve the integrated problem in a centralized simulation framework. The

reference to ADMM/ATC reflects the potential for decentralized implementation rather than an
additional solution layer.

2.2 Proposed model

The abovementioned market-clearing problem is inherently nonlinear and mixed-integer
due to network constraints and reconfiguration decisions. In this study, PSO is employed as
the primary solution method to solve the integrated problem using TPC system data. While
the formulation is compatible with distributed solution techniques such as the ADMM, PSO is
adopted for centralized simulation to ensure computational tractability and reproducibility. In a
distributed implementation, ADMM iterations would decompose the problem across microgrids
with local subproblems and coordination variables, terminated when primal and dual residuals
satisfy predefined tolerance thresholds. This study adopts a simulation-driven approach to
evaluate the integration and dynamic restructuring of hybrid renewable energy units within the
TPC distribution framework (Y. Wang et al., 2020). PSO optimization algorithm (Perez-Flores
et al., 2021a, Y. Zhang et al., 2015) is employed to coordinate peer-to-peer (P2P) energy trading
Click or tap here to enter text.(Z. Wang et al., 2020), while accommodating the intermittent
nature of PV and WT resources (De and Mandal, 2022; Deng and Lv, 2020; Konneh et al., 2019).
Figure 1 illustrates the overall workflow. The following key assumptions are adopted to ensure
computational tractability and consistency of the simulation framework. All electrical loads are
modeled as balanced, three-phase equivalent static loads with constant power characteristics
over each scheduling interval. The load and renewable generation profiles are assumed to be
known within the 24-hour horizon and updated at hourly resolution. Power balance is enforced
at every bus, ensuring that total generation, storage dispatch, and P2P energy exchanges exactly
match local demand and network losses. The distribution network is assumed to operate under
quasi-steady-state conditions, where dynamic transients are neglected and steady-state analysis
is used to evaluate power flow constraints. The voltage magnitude and line current limits are
strictly enforced to guarantee a feasible and secure operation in all simulated scenarios.

2.2.1 Case Data: IEEE 84-Bus TPC Network

The TPC distribution system provides a comprehensive test environment for reconfiguration
analysis under decentralized trading. Its IEEE 84-bus representation captures detailed feeder
layouts, switching nodes, and reconfiguration opportunities (Chuang et al., 2019; Liou, 2010). A
novel presentation for the IEEE 84-bus topological layout of the TPC represents the following:
the points that can be critically used for network reconfiguration, the transmission/distribution
line infrastructure, and switching elements. The IEEE 84-bus topology will be the core for
our analysis, providing reliable information for assessing the MG reconfiguration optimization
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algorithms and decentralized P2P energy trading (Sadeghi et al., 2024; Soto et al., 2021; C.
Zhang et al., 2021). The benchmark includes the following: (1) Switch status and detailed oper-
ational information of switches numbered 1 through 58 (Table 1), (2) Electrical characteristics
of feeders such as resistance/reactance (Table 2), and (3) Initial injection parameters for load
and generation nodes, enabling computation of secondary parameters and optimized power flow.
Line impedance is crucial for optimizing and quantifying energy losses. Tables 3 and 4 show
comprehensive tabulations of input power parameters and impedance characteristics, respec-
tively. Table 4 provides a structured compendium of identified open-circuit pathways, offering
an overview of network connectivity and electrical properties. This comprehensive dataset is
fundamental for accurate power flow calculations and network analysis. Table 3 shows the inven-
tories of potential network reconfiguration pathways based on the current open state of specific
switching devices. These latent topological alternatives, defined by line paths and critical open
switches, underscore the inherent design flexibility of the distribution network. They serve as
crucial assets for advanced power system strategies, including load balancing, fault isolation,
and alternative supply routes, facilitating deliberate modification of power flow patterns and
enhancing network resilience.

Figure 1 Workflow of the proposed PV-WT integration and adaptive reconfiguration strategy
for the thermoplastic cell system

2.2.2 PSO model for network optimization

This section details the sequential application of the PSO algorithm, conceptually depicted
in Figure 2, across distinct stages to achieve optimal system configuration and operational pa-
rameters. The overarching objective is to minimize power costs and reduce losses within the
network, considering various RES integration scenarios (Parvin et al., 2023). The process begins
with a careful definition of decision variables, search intervals, and a cost function benchmarked
against the IEEE 84-bus system. Algorithm-specific hyperparameters, such as swarm size, max-
imum generations, inertia factor with damping, and learning constants, are tuned to maintain
the balance between exploration and exploitation (Perez-Flores et al., 2021b). Each particle is
randomly initialized and iteratively updated according to its own best record and the global best
of the swarm. The search converges toward an optimal configuration that specifies switch states,
injection levels, and power flow solutions with inertia weight decaying over time. These outputs
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form the basis for improved reconfiguration strategies. The number of particles and iterations in
the PSO algorithm were selected based on a trade-off between convergence reliability and com-
putational efficiency. A swarm size of 10 agents was sufficient to ensure adequate exploration
of the solution space, given the moderate dimensionality of the optimization problem and the
decision variables’ structured nature.

Table 1 Status of Switches in the IEEE 84-Bus Distribution Network Under Normal
Operating Conditions

Conditions

Switch  Status Connecting Buses | Switch Status Connecting Buses | Switch Status Connecting Buses

Number Number Number
1 Closed  connection near S1 33 Closed 32-33 65 Closed  connection near S2
2 Closed 1-2 34 Closed 33-34 66 Closed 65-66
3 Closed 2-3 35 Closed 34-35 67 Closed 6667
4 Closed 34 36 Closed 35-36 68 Closed 67-68
5 Closed 4-5 37 Closed 36-37 69 Closed 68-69
6 Closed 5-6 38 Closed 37-38 70 Closed 69-70
7 Closed 6-7 39 Closed 38-39 71 Closed 70-71
8 Open Branching 40 Closed 39-40 72 Closed 71-72
9 Closed  Branching from 8-9 41 Closed 40-41 73 Closed  connection near S2
10 Open 9-10 42 Closed 41-42 74 Closed 73-74
11 Closed  connection near S1 43 Closed 42-43 75 Closed 74-75
12 Closed 11-12 44 Closed 43-44 76 Closed 75-76
13 Open 12-Branching 45 Closed 44-45 Y Closed 76-T7
14 Open Branching from 13 46 Closed 45-46 78 Closed 7778
15 Closed  connection near S1 47 Closed near S2 79 Closed 78-79
16 Closed 15-16 48 Closed 47-48 80 Closed 79-80
17 Closed 16-17 49 Closed 48-49 81 Closed 80-81
18 Closed 17-18 50 Closed 49-50 82 Closed 81-82
19 Closed 18-19 51 Closed 50-51 83 Closed 82-83
20 Closed 19-20 52 Closed 51-52 84 Open Multiple branching
21 Closed 20-21 53 Closed 52-53 85 Open Reconfiguration
22 Open 21-Branching 54 Closed 53-54 86 Open Reconfiguration
23 Closed  Branch from 22-23 55 Closed 54-55 87 Open Reconfiguration
24 Closed 23-24 56 Closed near S2 88 Open Reconfiguration
25 Closed  connection near S1 57 Closed 56-57 89 Open Reconfiguration
26 Closed 25-26 58 Closed 57-58 90 Open Reconfiguration
27 Closed 26-27 59 Closed 58-59 91 Open Reconfiguration
28 Closed 27-28 60 Closed 59-60 92 Open Reconfiguration
29 Closed 28-29 61 Closed 60-61 93 Open Reconfiguration
30 Closed  connection near S1 62 Closed 61-62 94 Open Reconfiguration
31 Closed 30-31 63 Closed 62-63 95 Open Reconfiguration
32 Closed 31-32 64 Closed 63-64 96 Open Reconfiguration

Increasing the swarm size beyond this value did not yield noticeable improvements in the
solution quality while significantly increasing the computational burden. Similarly, 200 itera-
tions were selected to guarantee stable convergence of the objective function, as preliminary
convergence tests showed that the algorithm consistently reached near-optimal solutions well
before the maximum iteration limit. This configuration ensures robust convergence while main-
taining a reasonable simulation time. The active and reactive power demands at each bus were
adopted from the IEEE 84-bus TPC distribution test system. All loads are modeled as constant
PQ loads. A normalized 24-hour load profile is applied to represent daily demand variation,
with peak demand occurring during the evening hours.

The same temporal profile is used for all buses, whereas individual bus loads are scaled
according to their nominal P/Q ratings. Photovoltaic generation is modeled based on a typical
daily solar irradiance profile, with peak irradiance at midday and zero output during the night.
The wind turbine generation follows a standard wind speed profile with moderate temporal
variability. We incorporate renewable uncertainty by modeling actual generation as a nominal
forecast plus a stochastic deviation. The deviation is assumed to follow a zero-mean distribution,
and its variance is used in the objective function to penalize volatile operating solutions.
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Table 2 Electrical Characteristics of TPC Distribution Network Transmission Lines

Buses Buses Buses
B B B
from to R(Q) X(Q) 3 A | from to R(Q) X(Q) 5 A | From To R(Q) X(9) 5 A
1 2 01944 06624 0 1| 33 34 0.0262 0.0538 0 1 1 6 0.0486 0.1656 0 1
2 3 0209 04304 0 1| 34 35 0.1703 03497 0 1 66 67 0.1703 0.3497 0 1
3 4 02358 04842 0 1| 35 36 0.0524 0.1076 0 1 67 68 0.1215 04114 0 1
4 5 0.0917 0.183 0 1| 36 37 04978 1.0222 0 1 68 69 0.2187 0.7452 0 1
5 6 02096 04304 0 1| 37 38 0.0393 0.0807 0 1 69 70 0.0486 0.1656 0 1
6 7 0.0393 0.0807 O 1| 38 39 0.0393 0.0807 0 1 70 71 0.0729 0.2484 0 1
7 8 0.0406 0.1380 0 1| 39 40 0.078 0.1614 0 1 71 72 0.0567 0.1932 0 1
8 9 0.1048 0.2152 0 1| 40 41 0.2096 04304 0 1 72 73 0.0262 0.0538 0 1
8 10 0.2358 04842 0 1| 39 42 0.1965 04035 0 1 1 74 03241 1.1040 0 1
8 11 0.1048 0.2152 0 1 42 43 0.2096 0.4304 0 1 74 75 0.0324 0.1104 0 1
1 12 0.0786 0.1614 0 1 1 44 0.0486 0.1656 0 1 75 76 0.0567 0.1932 0 1
12 13 0.3406 0.6944 0 1| 44 45 0.0393 0.0807 0 1 76 77 0.048 0.1656 0 1
13 14 0.0262 0.0538 0 1| 45 46 0.1310 0.2690 0 1 1 78 0.2511 0.8556 0 1
13 15 0.078 0.1614 0 1 | 46 47 0.2358 0.4842 0 1 78 79 0.1296 04416 0 1
1 16 0.1134 0384 0 1 1 48 0.2430 0.8280 0 1 79 80 0.048 0.1656 0 1
16 17 0.0524 0.1076 0 1 | 48 49 0.0655 0.1345 0 1 80 81 0.1310 0.2640 0 1
17 18 0.0524 0.1076 0 1| 49 50 0.0655 0.1345 0 1 81 82 0.1310 0.2640 0 1
18 19 0.1572 03228 0 1| 50 51 0.0393 0.0807 0 1 82 83 0.0917 0.1883 0 1
19 20 0.0393 0.0807 0O 1| 51 52 0.0786 0.1614 0 1 83 84 03144 0.6456 0 1
20 21 0.1703 0.3497 0 1| 52 53 0.0393 0.0807 0 1 6 5 0.131 0269 0 1
21 22 0.2358 04842 0 1| 53 54 0.078 0.1614 0 1 8 61 0131 0269 0 1
22 23 0.1572 03228 0 1| 54 55 0.0524 0.1076 0 1 12 44 0131 0269 0 1
22 24 0.1965 04035 0 1| 55 56 0.1310 0.2690 0 1 13 73 0.3406 0.6944 0 1
24 25 0.1310 02690 0 1 1 57 0.2268 0.7728 0 1 14 77 04585 09415 0 1
1 26 0.0567 0.1932 0 1 | 57 58 0.0531 0.1729 0 1 15 19 0.5371 1.0824 0 1
26 27 0.1048 02152 0 1| 58 59 0.0524 0.1076 0 1 17 27 0.0917 0.1883 0 1
27 28 0.2489 0.5111 0 1| 59 60 0.0405 0.1380 0 1 21 84 0.078 0.1614 0 1
28 29 0.0486 0.1656 0 1| 60 61 0.0393 0.0807 0 1 29 33 0.0524 0.1076 0 1
29 30 0.1310 02690 O 1| 61 62 0.0262 0.0538 0 1 30 40 0.0786 0.1614 0 1
1 31 0.1965 03960 0 1| 62 63 0.1048 0.2152 0 1 35 47 0.0262 0.0538 0 1
31 32 0.1310 02690 O 1| 63 64 0.2358 04842 0 1 41 43 0.1965 0.4035 0 1
32 33 0.1310 02690 O 1| 64 65 0.0243 0.0828 0 1 54 65 0.0393 0.0807 0 1

Table 3 Initial Injected Power for Transmission Lines.

This table presents the initial power
injected into each transmission line

Power index Line Injection power (MW)

Power index Line Injection power (MW)
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Table 4 Potential network reconfiguration paths, identified by open switches and bus
sequences, offering operational flexibility

Line path Description

[86 11] Open switch 86 at bus 11 indicates a potential network reconfiguration point or
inactive branch near substation S1.

[89 14] Open switch 89 at bus 14 suggests an alternative connection for load balancing
or fault isolation in the central-left network.

[90 15 16] Open switch 90 across buses 15 and 16 signifies a potential bypass or alternative
route in the lower-left network, near substation S1.

[92 27 28] Open switch 92 at buses 27 and 28 suggests a possible alternative feeder or
connection in the central-left network.

[93 29 39] Open switch 93 connecting buses 29 and 39 indicates a potential tie-line or alter-
native supply route between central-left and lower-middle network sections.

[94 33 34] Open switch 94 at buses 33 and 34 suggests an alternative connection for opera-
tional flexibility in the lower middle network.

[95 40 41 42] Open switch 95 across buses 40, 41, and 42 indicates a potential network extension
or alternative connection at the lower network edge.

[84 53 54 55] Open switch 84 at buses 53, 54, and 55 suggests an alternative feeder or connec-
tion in the upper-right network, potentially branching from the S2 supply.

[96 62 63 64] Open switch 96 across buses 62, 63, and 64 indicates a potential bypass or alter-
native route in the upper-right network.

[87 67 68 69 70  Open switch 87 across buses 67—72 in the central-right section suggests a potential
71 72) tie-line or alternative supply route connecting different feeders.

[88 74 75 T6) Open switch 88 across buses 74, 75, and 76 indicates a potential bypass or alter-
native route in the lower-right network.

[91 80 81 82 83]  Open switch 91 across buses 80-83 in the lower-right section suggests a potential
tie-line or alternative supply route connecting different feeders.

[84 55 64] Open switch 85 connecting buses 55 and 64 potentially indicates a tie-line linking
the S2-fed upper-right section to another network part.

The line thermal limits are defined based on the maximum allowable current ratings derived
from the line parameters. The bus voltage magnitudes are constrained within £5% of the
nominal values. Switch operations are limited to the predefined sectionalizing and tie switches
listed in Table X, ensuring a radial network topology throughout all reconfiguration scenarios.

2.2.3 Multi-operation scenarios

Multiple case studies were designed to evaluate the methodology, focusing on the uncertainty
of renewable generation and its implications for P2P trading dynamics among MGs (Ahmed et
al., 2024; Elkadeem et al., 2019). The analysis begins with a baseline evaluation of the TPC net-
work’s integration of PV generation with PSO-based optimal switch allocation to address cost
uncertainty and voltage drop. Then, it expands to incorporate both WT and PV generation,
again using PSO for optimal switch locations (still without reconfiguration). A pivotal stage
introduces network reconfiguration along with PSO to optimize switch locations and states for
combined PV/WT integration to minimize losses and achieve optimal cost (Nguyen and Nguyen,
2025). Finally, the analysis culminates in an investigation of 24-hour energy trading dynamics
under full PV/WT capacity, comparing scenarios with and without network reconfiguration to
explicitly demonstrate its impact on P2P trading efficiency and effectiveness. A Monte Carlo
scenario-based approach is used to model renewable generation uncertainty. A total of Ny sce-
narios are generated by adding stochastic forecast errors to the nominal PV irradiance and wind
speed profiles. The forecast errors are assumed to follow a zero-mean normal distribution with
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predefined variance, consistent with the objective function’s variance-based penalty term. All
scenarios are evaluated over the 24-hour scheduling horizon, and the expected values and con-
fidence intervals of key performance metrics are computed. The reported results correspond to
the mean values across all scenarios, with 95% confidence intervals computed for power loss,
operational cost, and voltage deviation. To assess robustness, the weighting factor w was varied
within the range [0.3,0.7]. The results indicate that while the absolute cost and resilience values
change with w, the relative performance ranking of different configurations remains consistent.
Sensitivity analysis was performed with respect to the PSO parameters, including the swarm size
and maximum iteration count. The algorithm consistently converged to near-optimal solutions
with marginal performance variation, indicating low parameter tuning sensitivity. Additional
simulations conducted by varying the total installed PV and WT capacities from 20% to 60%
of the peak load. The results confirm that the proposed framework is feasible and stable across
different renewable penetration levels. All simulations and optimization procedures were per-
formed using MATLAB. The PSO algorithm and power flow calculations were developed in
the MATLAB environment, enabling flexible handling of nonlinear constraints, switch-based
network reconfiguration, and peer-to-peer (P2P) energy trading mechanisms. Using customized
scripts, steady-state power flow analysis was performed to evaluate voltage profiles, line currents,
and system losses under different operating scenarios.

Figure 2 Detailed flowchart of the PSO algorithm for distribution system optimization and
network configuration
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3. Result and Discussion
3.1 Scenario 1

The first case investigates the system operation under PV integration. The PSO algorithm
is used to determine network settings that minimize losses and operating expenses. The analysis
includes identification of the best PV locations, partitioning into local microgrids, evaluation of
system losses, convergence of the optimization, and improvements in voltage stability.

3.1.1 Optimal PV placement and microgrid structure

As shown in Figure 3, the IEEE 84-bus network is divided into two microgrids. Within
these structures, PV installations are strategically placed at optimal bus locations, identified
through the PSO algorithm: MG1 includes PVs at Buses 10, 12, 15, 18, 27, 34, 43, and 46, while
MG2 integrates units at Buses 51, 59, 71, and 78. These placements are critical for maximizing
the benefits of renewable energy, improving local voltage profiles, and reducing overall system
losses.

Figure 3 Topological representation of the TPC distribution network with integrated PV
MGs

3.1.2 Performance analysis (power loss, cost optimization, and voltage profile)

Strategic PV integration within the TPC network resulted in substantial reductions in power
losses and operational costs, especially during the simulated 24-hour energy trading period. The
200-iteration PSO optimization, conceptually illustrated by the network configuration, converged
from an initial best cost of 5.0 USD/MWh to approximately 2.3729 USD/MWh by the 200th
iteration, demonstrating the scheme’s effectiveness in optimizing energy delivery and minimizing
financial costs. Concurrently, PV integration with PSO profoundly improved the network voltage
stability (Figure 4), yielding a remarkably stable voltage profile across the entire system.
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Figure 4 Bus voltage magnitudes for the PV optimized TPC configuration

Quantitatively, after optimized PV integration, the active power losses dramatically de-
creased from 4.924 MW to an impressively low 0.0024 MW signifying an extraordinary enhance-
ment in energy efficiency.

3.2 Scenario 2

The second case study investigates the TPC network under the simultaneous deployment of
PV and wind resources. The optimization problem becomes more complex when two inherently
variable energy sources operate in tandem. The PSO algorithm is employed to navigate this high-
dimensional search space, continuously refining dispatch strategies and ensuring stable system
operation despite variability. Subsequent analysis details the system’s performance under this
hybrid integration.

3.2.1 Optimal placement of the PV and WT

Figure 5 visually delineates the MG and initial PV and WT integrations. In this hybrid
scenario, the PSO algorithm is leveraged to identify the most advantageous bus locations for all
renewable energy sources. Thus, this precise and optimized allocation of both PV and WT units
is a critical enabler for the efficient and reliable operation of the TPC network under diversified
renewable energy’s high penetration.

3.2.2 Power loss, cost optimization, and voltage profile

As shown in Figure 6, starting at 9.0 USD/MWh, the operational cost rapidly fell to approx-
imately 5.0 USD/MWh within the first iteration and eventually stabilized at 2.1011 USD/MWh
after approximately 140 iterations. This highlights the capability of PSO to handle the larger
decision space created by integrating two intermittent sources. From a technical perspective, the
active power losses were reduced to 0.0021 MW, improving upon the PV-only result of 0.0024
MW and representing a dramatic improvement relative to the baseline value of 4.924 MW. Volt-
age magnitudes across buses also became smoother and more robust, ensuring system reliability
even under fluctuating renewable output. Overall, the hybrid PV-W'T deployment clearly out-
performs single-source integration, yielding a more efficient, stable, and environmentally aligned
distribution system.
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Figure 5 Optimized hybrid PV-WT deployment across the IEEE 84-bus TPC network for
Scenario 2 with MG1 and MG2

Figure 6 Voltage profile for the hybrid renewable integration of the TPC

3.3 Scenario 3

The third scenario introduces dynamic grid reconfiguration along with renewable integration
to push system performance beyond that of the PV-only and hybrid scenarios. The evaluation
emphasizes how reconfiguration reshapes the network layout, lowers losses, reduces operating
costs, and strengthens voltage stability.
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3.3.1 Network reconfiguration scheme and topology

The resulting optimized network topology, visually illustrating altered switch states and
delineating MG1 and MG2, is presented in Figure 7. The application of this coordinated recon-
figuration, alongside continued PV and WT integration, yielded further significant reductions
in energy losses and operational costs.

Figure 7 Topology optimization of the IEEE 84-bus network under coordinated
reconfiguration

3.3.2 Power loss, cost optimization, and voltage profile

As shown in Figure 8, the optimization process, commenced with an initial best cost of 8.0
$/MWHh, rapidly decreased to 5.2 $/MWh, and stabilized at a remarkably low 1.954 $/MWh by
iteration 120, demonstrating superior economic performance. A direct comparison with scenario
2 reveals that the total power losses were reduced from 0.0021 MW to 0.002 MW, and the best
cost was improved from 2.1011 $/MWh to 1.954 §/MWh. Compared to the baseline system
(Scenario 1), power losses drastically reduced from 0.0024 MW to an exceptional 0.002 MW,
unequivocally showcasing dramatic improvements in energy efficiency and cost-effectiveness.
Enhanced voltage stability is evident in the voltage profile across system buses, demonstrating
highly minimal fluctuations.

3.4 P2P trading in energy

When energy trading is conducted without network reconfiguration, the system experiences
several significant drawbacks. First, voltage levels are subject to sharp fluctuations, frequently
dropping below 0.975 p.u., particularly during periods of high trading activity. Second, such
conditions lead to increased power losses, which are primarily attributable to suboptimal power
distribution pathways and the inefficient utilization of available renewable energy sources. Con-
sequently, the operational costs of energy supply remain high, driven by unnecessary energy
dissipation and congestion within transmission lines. Conversely, the dynamic adjustment of
switching states, facilitated by network reconfiguration, is instrumental in establishing a more
balanced and efficient energy distribution framework. This strategic approach yields substan-
tial improvements across key performance metrics. First, the system exhibited significantly
enhanced voltage stability consistently maintaining voltage levels around 0.99 p.u. throughout
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the entire day. Second, network reconfiguration leads to a substantial reduction in power losses
by optimizing the energy flow between microgrids. Finally, the overall expense associated with
energy trading is considerably lowered, as reconfiguration mitigates the need for additional en-
ergy generation and other compensating measures that would otherwise be necessary to address
inefficiencies. Figure 9 shows the comparative voltage performance for both scenarios (with and
without reconfiguration) across each hour of the day.

Figure 8 Voltage profile of the TPC under optimized PV and WT integration with network
reconfiguration

All comparative scenarios use identical PV/WT capacities and P2P trading parameters; the
only difference is the network reconfiguration activation. PSO is compared against a GA-based
reconfiguration method commonly adopted in distribution network studies for benchmarking
purposes. Both algorithms use the same objective function, constraints, and stopping criteria,
and their computational performance is compared in Table 5.

Table 5 Comparison of computational performance

Method Iteration CPU time (s)
GA 200 145
PSO 200 62

A benchmarking analysis was conducted to assess the effectiveness of the proposed PSO-
based framework. First, the system performance with and without network reconfiguration was
compared under identical renewable generation and P2P trading assumptions. This comparison
isolates the impact of reconfiguration on losses, voltage stability, and operational cost. In addi-
tion, PSO was benchmarked against a representative heuristic optimization method commonly
used in DNR. Both methods used the same objective function, constraints, and termination
criteria. The convergence behavior and computational time were evaluated to assess scalability.
The results indicate that PSO converges faster and achieves superior or comparable solutions
with lower computational burden, making it suitable for large-scale, network-constrained P2P
energy trading problems.
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4. Conclusions

This study presents a comprehensive comparative analysis of various power distribution
network configurations, highlighting the significant benefits of integrating renewable energy sys-
tems with flexible grid configurations. The primary goal of this study was to optimize energy
trading within the power distribution network. The results consistently demonstrate that this
advanced configuration delivers excellent performance across key aspects, including voltage sta-
bility, reduced power loss, and overall cost reduction. A key finding of our comparative analysis
is the significant improvement in voltage stability achieved through network reconfiguration,
particularly during continuous 24-hour power trading. The multi-stage optimization process
consistently showed that energy trading augmented with network reconfiguration is the most
optimal methodology. This configuration yielded the best results in terms of cost-effectiveness,
substantial power loss reduction, and superior voltage regulation. The final optimized scenario
achieved the lowest recorded operational cost of $1.954/MWh and remarkably reduced total ac-
tive power losses to 0.002 MW. These figures represent a drastic improvement compared to the
initial baseline (Scenario 1) system (PV integration with network optimization), where power
losses were as high as 0.0024 MWh and operational costs were significantly greater (2.3729
$/MW). Through a comparative study of three distinct system configurations, we observed a
clear progression of performance enhancements: normal operation with PV only (Scenario 1),
normal operation with PV and WT (Scenario 2), and Reconfigured System with PV and WT
injection (Scenario 3). The PV and WT with Reconfiguration demonstrated the fastest con-
vergence rate and culminated in the lowest operational cost, proving to be the most efficient
and optimal solution. Figure 10 illustrates the convergence behavior of the PSO algorithm for
the three system configurations investigated: PV-only integration, combined PV and wind inte-
gration, and PV—-wind integration with network reconfiguration. As shown, all cases exhibit a
monotonic decrease in the objective function value, confirming the optimization process’s stable
convergence. However, the reconfigured PV-wind system demonstrates a significantly faster
convergence rate and the lowest final cost. This improved performance is attributed to the
additional flexibility introduced by network reconfiguration, which enlarges the feasible search
space and enables more effective loss minimization and power flow redistribution. In contrast,
the PV-only case converges more slowly and stabilizes at a higher cost level, indicating limited
optimization flexibility when reconfiguration and wind generation are not considered.

Further detailed performance evaluations of these configurations, including best cost and
total power losses, are systematically presented in Table 6 and Figure 11 and Figure 12. This
table confirms the reconfiguration approach’s superiority, as it consistently provided the mini-
mum best operational cost of $1.954/MWh and achieved the lowest total power losses of 0.0020
MW.

Table 6 Evaluation of the Comparative Performance of Key Optimal Metrics for Different
System Configurations

System with PV and

Parameter System with PV Only System with PV and WT with
(Scenario 1) WT (Scenario 2) Reconfiguration
(Scenario 3)
Best Cost ($/MWh) 2.3729 2.1011 1.954
Total power loss
(MW) 0.0024 0.0021 0.0020
Number of Search
Agents (A) 10 10 10
Iterations 200 200 200

The observed reduction in power losses and operational costs translates into tangible bene-
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fits for distribution system operators and prosumers. Lower network power losses directly reduce
unnecessary energy dissipation, leading to improved system efficiency, reduced thermal stress
on distribution lines, and extended equipment lifespan. From an economic perspective, the op-
erational cost reduction reflects decreased reliance on upstream energy procurement and more
efficient use of locally generated renewable energy through P2P trading. These savings can be
passed on to end-users as lower electricity tariffs or reinvested in grid modernization and renew-
able expansion. Moreover, improved loss performance enhances voltage regulation and network
reliability, facilitating higher penetration of distributed energy resources without violating oper-
ational constraints. Ultimately, this research firmly establishes that the synergistic combination
of optimally placed hybrid PV and wind generation with dynamic network reconfiguration is
the most effective strategy for enhancing modern distribution networks’ efficiency, reliability,
and economic viability. Network reconfiguration is an indispensable tool for achieving optimum
cost and loss reduction in energy distribution, particularly for facilitating stable and sustainable
peer-to-peer energy trading operations within evolving smart grid paradigms.

Table 7 Summary of Relevant Literature, Research Gaps, and Contribution of This Research
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Supplementary File 4: Figures and tables

List of signs and symbols

Symbol  Description Symbol  Description
() Cost function for each microgrid or Air densit
e participant p y
A We}ght factor for uncertainty v Wind speed
variance penalty
Var(APgg) ;gf;iiﬁeoiﬁzfg;ncertamty m Cp Turbine power factor
. Represent the power flow in the
net
npv Efficiency of the PV module P reconfigurable network.
A Area of the PV module P Active power flow from node i to
' node k at time t.
A binary variable (0 or 1) related to
G Solar irradiance (W/m?) Yikt the status of the connection or line
between node i and node k at time t.
0 Angle of incidence of sunlight on the net Net reactive power at node k at
panel k.t time t.
U Voltage magnitude at bus k at time 0, Reactive power flow from node i to
ke t ikt node k at time t.
Reactance of the line/branch
. . . connecting bus i to bus k. This is
Ui+ Voltage magnitude at bus i at time t Tik also typically a fixed parameter of
the line.
Resistance of the line/branch
’ connecting bus i to bus k. This is [7min Minimum permissible voltage
ik typically a fixed parameter of the i magnitude at bus i.
line.
(Gen Total generation cost for component [ymax Maximum permissible voltage
bt i at time t i magnitude at bus i.
Cost coefficient (or price) for
AMT electricity generated by a specific Hgtsc Capacity or amount related to "TS”
type of generator MT
Cost coefficient (or price) for .
)\?S buying/selling electricity from a k;rs S)o’s,"crcé?’eﬂiment (or penalty) related
specific "BS” source
H inD P,;’Isr:,a nd or discharge related to H inf Net thermal load of node i at time t
PRt Net electrical load of node i at time t PP, Electrical demand
H}?t Thermal demand P%[T Power generated by microturbines
H %T i?f;(iljibl)iz‘;\;er generated by PZ%ES Renewable energy generation
Pz%sc Battery storage charging PtSD Battery storage discharging
HPC Thermal storage charging H'PP Thermal storage discharging
. . is Power discharged from battery
mt dis
st Power generated by microturbines Py storage
w . . Total energy traded with other
st Wind power generation P, microgrids
pload Load demand e Power charged into battery storage
ok Network loss cost %T Power generated by microturbines
v Switching cost PRES Renewable energy generation
Cits Wheeling fees P-]?SC Battery storage charging
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List of signs and symbols — (Continued from previous page)

Symbol  Description Symbol  Description
. . Energy transferred from microgrid i

BSD DN
P Battery storage discharging €ijit to microgrid j at time t
Energy transferred from microgrid j .

DN )
€iit to microgrid i at time ¢ MP; Market power of agent i
C; Cost without P2P trading C; Cost with P2P trading

Di Risk weight & Value at risk

5 Difference between actual cost and
©s value at risk
el Utility bill CPie Discomfort cost
C’f P P2P trading cost

CGen Generation cost
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