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Abstract. The integration of distributed photovoltaic (PV) generation in distribution networks plays a key
role in the energy transition, yet its impact on technical losses and voltage profiles depends strongly on
optimal siting and sizing. This study proposes a rigorous methodology that combines node-specific
spatiotemporal solar data, hourly power-flow simulations and evolutionary optimization to determine the
optimal PV placement in radial distribution systems. PV generation is modeled using PVGIS, enabling
distinct hourly profiles for each network node. The IEEE 33-bus system is simulated in OpenDSS over a
representative 24-hour period, and daily energy loss minimization is formulated as the objective function.
Three metaheuristic algorithms - Genetic Algorithm (GA), Particle Swarm Optimization (PSO) and
Differential Evolution (DE) - are applied and benchmarked against an exhaustive brute-force search to
ensure global optimality and robustness. Results demonstrate that node-specific PV modeling significantly
improves accuracy and that the optimal placement yields substantial reductions in daily technical losses.

1 Introduction

The rapid growth of renewable energy in distribution
networks has become a defining element of the global
energy transition. Photovoltaic (PV) generation, in
particular, has expanded rapidly due to declining
technology costs, supportive policies and international
decarbonization targets [1]-[3]. As a result, distribution
networks originally designed for unidirectional power
flows now face significant operational changes driven
by widespread distributed generation (DG). PV
integration in medium-voltage radial networks offers
both benefits and challenges. Properly sited PV units
can reduce technical losses, improve voltage profiles
and enhance operational flexibility [3], [4], whereas
poorly located installations may cause over voltages,
reverse flows or line congestion [5]. These effects are
amplified by the strong temporal and spatial variability
of solar resources, highlighting the need for realistic,
data-driven modeling.

Optimal DG sitting and sizing is a nonlinear,
multimodal problem, making classical optimization
approaches inadequate [6]. Consequently, heuristic and
metaheuristic algorithms - such as Genetic Algorithms
(GA), Particle Swarm Optimization (PSO) or
Differential Evolution (DE) - are widely used due to
their ability to navigate complex search spaces [7], [8].
However, many studies rely on simplified PV profiles,
limiting the realism of their conclusions.

High-resolution climatic datasets such as PVGIS
provide hourly irradiance, temperature and validated PV
performance models, enabling more accurate PV
generation modeling [9]. When combined with
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time-series power-flow simulations, these data allow a
realistic assessment of PV impacts, particularly when
node-specific profiles are used. OpenDSS, developed by
EPRI, has become the reference tool for such analyses
due to its ability to model balanced / unbalanced
three-phase networks, distributed generation and
detailed inverter behavior [11].
This work proposes a rigorous methodology for
optimal PV placement in radial distribution networks,
integrating node-specific hourly PVGIS profiles, hourly
OpenDSS simulations, evolutionary optimization (GA,
PSO and DE) and exhaustive brute-force validation. By
combining real climatic data with detailed time-series
analysis and multiple optimization strategies, the study
advances current practice and provides a reproducible
framework for evaluating PV deployment.
The main contributions are:
= Integration of node-specific hourly PVGIS profiles
to capture spatial variability of solar resources.

= Comprehensive hourly power-flow analysis of the
IEEE 33-bus network using OpenDSS.

= Formulation and solution of the optimal PV
placement problem using GA, PSO or DE validated
through brute-force evaluation.

e Sensitivity analysis across a wide range of PV
capacities, demonstrating the robustness of the
optimal solution.

2 State of the art

The integration of distributed photovoltaic (PV)
generation into radial distribution networks has been

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).


mailto:andrei.cziker@enm.utcluj.ro

EPJ Web of Conferences 372, 07014 (2026)
APS 2026

https://doi.org/10.1051/epjconf/202637207014

widely studied, with early work by Baran and Wu [12]
and Ackermann et al. [6] establishing both the potential
benefits - loss reduction and voltage support - and the
operational challenges, including overvoltages and
reverse power flows. Subsequent research has shown
that well-sited PV systems can improve network
performance [3], whereas poorly located installations
may exacerbate congestion or power-quality issues [7],
[13].

Despite extensive literature, many studies rely on
simplified or spatially uniform PV profiles, often based
on monthly averages, which fail to capture the strong
temporal and spatial variability of solar resources [7, 8,
13, 14]. As a result, the real impact of PV on losses and
voltage behaviour is frequently misestimated. Only a
limited number of works incorporate high-resolution,
node-specific solar data into hourly power-flow
simulations, reducing the realism and reliability of
optimization results.

The optimal siting and sizing of distributed
generation is a nonlinear, nonconvex and multimodal
problem, motivating the widespread use of heuristic and
metaheuristic methods. Genetic Algorithms (GA),
Particle Swarm Optimization (PSO), Differential
Evolution (DE) and multi-objective evolutionary
approaches have been applied to minimize losses and
enhance voltage profiles [7, 8, 13, 14]. While these
methods are effective, most studies still employ
oversimplified PV models, limiting the validity of their
conclusions.

Recent advances in PV modeling leverage real
climatic datasets such as PVGIS, NSRDB and
Meteonorm.  PVGIS, in  particular, provides
high-resolution irradiance and temperature data
validated across Europe and Africa [9]. However, most
studies still apply a single PV profile to the entire
network, and only a few incorporate node-specific
hourly PV generation into full time-series simulations.

OpenDSS has become a reference tool for
distribution network analysis and though widely used in
PV integration studies, many works still rely on static
PV profiles or short simulation windows, limiting their
ability to capture realistic operating conditions.

In summary, significant gaps remain: spatial
variability of solar resources is often neglected;
high-resolution climatic data are rarely combined with
hourly power-flow simulations; and heuristic
optimization results are seldom validated against
exhaustive search benchmarks. These gaps motivate the
methodology proposed in this work, which integrates
node-specific PVGIS profiles, hourly OpenDSS
simulations and evolutionary optimization using GA,
PSO and DE, validated through brute-force evaluation.

3 Methodology

This section  presents  the comprehensive
methodological framework developed to model the
distribution network, generate high-resolution PV
production profiles, perform hourly power-flow
simulations, and solve the optimal PV placement and

sizing problem. The optimization task is addressed using
three heuristic and metaheuristic techniques: a Genetic
Algorithm (GA), Particle Swarm Optimization (PSO),
and Differential Evolution (DE). These algorithms are
selected for their proven ability to handle non-linear,
non-convex, and multimodal search  spaces
characteristic of distribution system optimization.

The methodology ensures full reproducibility,
integrates spatiotemporally resolved solar irradiance
data to obtain realistic PV generation profiles, and
employs a detailed 24-hour simulation framework to
capture the operational variability of the network. To
validate the robustness of the heuristic optimization
results, the solutions obtained through GA, PSO, and
DE are benchmarked against an exhaustive brute-force
evaluation of all candidate buses. This multi-layered
approach provides a rigorous foundation for assessing
the reliability, consistency, and practical relevance of
the optimal PV placement strategy.

3.1 Distribution network modeling

The radial distribution system considered in this study is
based on the IEEE 33-bus test feeder, widely used as a
benchmark in distribution system analysis due to its
balanced loads and radial structure (Figure 1). The
network comprises 33 nodes and 32 lines, with line
parameters and load distributions given in the standard
dataset. Power flow simulations are conducted using
OpenDSS, an open-source distribution system simulator
developed by the Electric Power Research Institute
(EPRI). OpenDSS enables detailed steady-state analysis
of three-phase balanced systems with distributed
generation, including time-series simulations with
hourly resolution.
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Fig. 1. IEEE 33 bus — radial distribution system

The hourly load profile used in the simulations
corresponds to the characteristic daily demand curve of
the IEEE 33-bus system, ensuring a realistic
representation of temporal load variability throughout
the 24-hour analysis.

3.2 PV generation modeling with PVGIS

Accurate PV generation modeling is essential for
realistic assessment of distributed PV integration. This
study employs node-specific hourly irradiance and
temperature data from the PVGIS database, which
provides high-resolution solar resource information and
experimentally validated PV performance models. For
each bus, PVGIS delivers an hourly AC power profile



EPJ Web of Conferences 372, 07014 (2026)
APS 2026

https://doi.org/10.1051/epjconf/202637207014

normalized to 1 kWp, which is subsequently scaled to
the installed PV capacity. This approach ensures that
both temporal variability and spatial differences in solar
resource availability are explicitly captured in the
power-flow simulations.

3.3 Hourly power flow simulations

To capture the temporal variability of loads and PV
injection, hourly power flow simulations are performed
over a 24 - hour period. At each hour =1, 2, ..., 24:

1. The PV injection at node b is updated according
to the scaled PVGIS profile:

Pinj(b,t) = Ppy (b, t) (1)

with unity power factor assumed to focus on active
power effects.

2. Hourly losses are aggregated to compute daily
energy losses for each candidate configuration:

Eloss(b) = 1231 Pioss(b,t) 2)

where Eiu(b) represents the total daily technical losses
when a PV system of capacity Paq is connected at node
b.

3.4 Problem formulation

The objective of the PV placement problem is to
minimize the daily energy losses in the distribution
network while respecting operational constraints.

1. Objective Function

The optimization task is formulated as a discrete
minimization problem:

pmin Ejoss(b) 3)

where N=33 represents the total number of candidate
buses.
2. Operational Constraints

The optimization is subject to typical technical
constraints:
1. Voltage limits at each bus i and each hour t:

0.90 < V;(b,t) < 1.10 @)
2. Thermal limits on line currents:

Ijj(b, t) < ITF%* (%)
3. PV injection limits:

0 < Ppy(b,t) < Prgtea (6)

These constraints are enforced within the simulation
and optimization framework.

3.5 Metaheuristic optimization framework

Given the discrete, nonlinear and multimodal nature of
the optimal PV placement and sizing problem, classical
gradient-based optimization methods are unsuitable.
The search space is highly nonconvex, the objective
function requires full 24-hour power-flow simulations,
and the decision variables interact in complex ways with
network constraints. Metaheuristic algorithms—robust,
derivative-free and capable of escaping local minima—
are therefore well suited to this task. In this study, three
representative methods are employed: Genetic
Algorithm (GA), Particle Swarm Optimization (PSO)
and Differential Evolution (DE), all applied to the same
search space and fitness function to enable a rigorous
comparative evaluation.

1. Genetic Algorithm (GA)

The Genetic Algorithm is a population-based
evolutionary method inspired by natural selection. It is
well suited for discrete or mixed-integer problems and
has been widely applied in distribution system
optimization due to its ability to navigate irregular and
multimodal landscapes without requiring gradient
information.

Representation of Individuals

Each individual encodes a candidate solution
consisting of:
= abus index (discrete variable), and
= a PV capacity (continuous variable within [0.5..5]

MW.

This mixed representation allows GA to explore both
the topological and sizing dimensions of the problem.
Fitness Evaluation

The fitness of each individual is defined as the total
active energy losses over 24 hours, computed through
OpenDSS simulations:

Fitness(b, Ppy) = Ejoss(b, Ppv) (7

Lower values indicate better solutions.

Genetic Operators
To balance exploration and exploitation, the

following operators were implemented:

e Tournament selection, which probabilistically
favors high-quality individuals while preserving
population diversity.

e  Uniform crossover, enabling flexible
recombination of parental traits.

e Random mutation, applied to both bus index and
PV capacity, preventing premature convergence.

e FElitism, ensuring that the best individual is
preserved across generations.

These operators collectively enable GA to explore
the discrete—continuous search space -effectively,
although convergence to boundary values (e.g., exactly
5.0 MW) may require additional discretization or
tuning.

2. Particle Swarm Optimization (PSO)

PSO is a swarm-intelligence method in which
candidate solutions move through a continuous search
space by updating their velocities toward both their
personal best and the global best position. Each particle
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encodes a pair (b’ Ppy), later mapped to a valid bus
index. This mechanism enables rapid convergence
toward promising regions and makes PSO particularly
effective for sizing problems. In this study, PSO
consistently converged to the global optimum identified
by the exhaustive search.

3. Differential Evolution (DE)

Differential Evolution (DE) is a continuous
evolutionary algorithm that generates new candidate
solutions by combining scaled vector differences with
crossover and selection, providing strong global search
capability. In this study, each DE vector encodes the pair
(b’ Ppy), identical to the PSO formulation. The
mutation—crossover ~ mechanism  enables  broad
exploration,  while  selection ensures steady
improvement of the population. DE demonstrated high
robustness and consistently reproduced the global
optimum identified through exhaustive enumeration.

4 Simulation results

This section presents the results of the simulations, all
results are organized to provide clear comparisons
between scenarios, and to validate the proposed
optimization methodology.

4.1 Reference scenario (no PV)

In the first step of the analysis, the network's operation
was evaluated in the absence of any photovoltaic (PV)
sources to establish a baseline reference against which
all subsequent scenarios could be compared. This
baseline scenario facilitates the identification of the
natural levels of energy losses, voltage variations, and
line loading over the 24-hour period. The results
obtained are critical, as any improvement or degradation
observed following the integration of PV systems is
directly referenced against this initial network behavior.
Table 1 presents the hourly losses, voltage limits, and
the minimum and maximum line loadings under
operating conditions without distributed generation.

Table 1. Hourly losses, min / max voltages, and line min /
max loading

Min Line Max Line
H(‘:;“ Plf’blf{;/?t) Ao | AVem® | Loading | Loading

[%] [%]
1 42.32 0.58 2.63 1 25
7 41.93 0.57 2.62 1 24
8 45.07 0.61 2.82 1 26
9 58.54 0.75 3.58 1 34
10 75.39 0.89 4.35 1 41
11 92.96 1.02 5.03 1 47
12 112.27 1.15 5.67 1 54
13 128.04 1.24 6.15 1 58
14 137.17 1.3 6.39 1 61
15 141.73 1.31 6.54 1 62
16 135.35 1.28 6.34 1 61
17 128.17 1.24 6.15 1 58
18 111.55 1.14 5.65 1 53
19 95.95 1.04 5.13 1 48
20 75.17 0.89 4.34 1 41
21 58.36 0.75 3.58 1 33
22 45.29 0.61 2.84 1 26
23 42.37 0.58 2.64 1 25
24 41.44 0.57 2.57 1 24

Table 2 summarizes the baseline performance of the
reference network. The total daily energy loss is
1819.38 kWh, corresponding to an average hourly loss
of 75.81 kW and a maximum hourly loss of 141.73 kW.
These values characterize the system’s inherent
inefficiencies prior to PV integration and serve as the
benchmark for subsequent optimization analyses.

Table 2. Daily summary metrics (Reference Scenario)

Metric Value
Total daily energy 10ss Eloss.ref [kWh] 1819.38
Average hourly loss [kW] 75.81
Maximum hourly loss [kW] 141.73

4.2 Brute-force PV placement (all buses)

To identify the global optimal location of the
photovoltaic (PV) source within the network, an
exhaustive brute-force analysis was conducted, in which
the PV system was successively placed at each of the 33
buses of the system. Unlike the intuitive placements
presented in the previous section, this approach enables
a comprehensive assessment of the impact of each
potential location on energy losses, voltage levels, and
line loading. For each bus b, the total energy losses over
the 24-hour period, Ej, (b), the percentage reduction in
losses relative to the reference scenario AE . (b), the
minimum voltage V.;,(b), the maximum voltage
V.ax (D), and the maximum line loading were calculated.
The results are presented in Table 3 and allow for the
identification of the bus with the greatest energy benefit,
thereby representing the optimal solution for PV
placement.

Tabel 3. Brute-force evaluation of PV placement across all

buses.
Bus Eloss(b) AEjoss(b) AVmin(b) AVimax(b) Line
[kWh] [%] [%] [%] loading(b) [%]

Busl 1794.95 1.34 0.57 6.49 61.88
Bus2 1780.58 2.13 0.57 6.47 59.59
Bus3 1720.35 5.44 0.57 6.37 59.58
Bus4 1684.04 7.44 0.57 6.32 59.57
Bus5 1648.19 9.41 0.57 6.31 59.57
Bus6 1576.48 13.35 0.57 6.30 59.56
Bus7 1571.01 13.65 0.57 6.29 59.56
Bus8 1530.29 15.89 0.57 6.26 59.56
Bus9 1513.22 16.83 0.36 6.24 59.55
Bus10 1502.37 17.42 -0.07 6.22 59.55
Busl1 1501.51 17.47 -0.15 6.21 59.55
Bus12 1502.19 17.43 -0.33 6.20 59.55
Bus13 1516.54 16.65 -1.08 6.17 59.55
Bus14 1525.77 16.14 -1.38 6.16 59.55
Bus15 1539.63 15.38 -1.72 6.15 59.55
Busl16 1560.96 14.20 -2.16 6.15 59.55
Bus17 1604.42 11.81 -2.94 6.15 59.55
Bus18 1632.92 10.25 -3.40 6.15 59.55
Bus19 1784.35 1.93 0.57 6.47 59.59
Bus20 1828.77 -0.52 0.00 6.47 59.58
Bus21 1842.66 -1.28 -0.28 6.47 59.58
Bus22 1871.87 -2.89 -0.80 6.47 59.58
Bus23 1733.89 4.70 0.57 6.37 59.58
Bus24 1767.22 2.87 0.31 6.37 59.58
Bus25 1804.92 0.79 -0.35 6.37 59.58
Bus26 1575.86 13.38 0.57 6.30 59.56
Bus27 1577.06 13.32 0.57 6.30 59.56
Bus28 1587.19 12.76 0.57 6.29 59.55
Bus29 1598.85 12.12 0.16 6.29 59.55
Bus30 1609.98 11.51 -0.14 6.29 59.55
Bus31 1637.02 10.02 -0.75 6.29 59.54
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4.3 GA-based PV placement

This section investigates the use of a Genetic Algorithm
(GA) to simultaneously determine the optimal bus and
rated capacity of the photovoltaic (PV) unit. Unlike the
brute-force approach in the previous section, which
evaluates each bus for a fixed power level, the GA
explores the search space stochastically and iteratively,
enabling near-optimal solutions with far fewer
simulations. Each candidate solution is encoded as a pair
(b’ Ppy), where bdenotes the installation bus and Ppylies
within the interval [0.5:5]MW. Every individual is
evaluated through a 24-hour OpenDSS simulation, and
the fitness function is defined as the total daily energy
loss Ej,- Selection, crossover and mutation operators
guide the population toward progressively lower-loss
configurations. To assess robustness, the GA was
executed multiple times with different initial
populations. For each run, the identified optimal bus,
optimal PV size, resulting energy losses and the number
of generations to convergence were recorded. The
results are summarized in Table 4.

Table 4. GA optimization results

Run O%tﬁ:al U\l’)[};;/] [lf\;’;;] Generations CC{EV;:;%;;}%
optimum
1 Busl1 3.23 1501.51 29 yes
2 Busl1 3.23 1501.51 18 yes
3 Busl1 3.22 1501.51 21 yes
4 Busl1 3.21 1501.52 23 yes
5 Busll1 3.23 1501.51 25 yes
6 Busl1 3.23 1501.51 8 yes
10 Busl1 3.25 1501.52 25 yes

The results in Table 4 show that the Genetic
Algorithm exhibits highly robust behavior. Across all
ten independent runs, the GA consistently identified the
same optimal solution—installing the PV unit at Bus 11
with an optimal capacity very close to 3.23 MW. The
narrow variation in optimal size (3.21-3.25MW)
indicates a stable evolutionary process and a consistent
exploration of the same optimal region of the search
space. Total daily energy losses were virtually identical
in all runs (=1501.51-1501.52kWh), confirming
convergence to the same global minimum of the fitness
function. Differences appeared only in the number of
generations required for convergence (8-29), a typical
effect of stochastic initialization. The repeated
convergence to the same optimum demonstrates that the
GA avoids local minima and that the selection,
crossover and mutation operators are appropriately
configured. Overall, the algorithm proves reliable,
repeatable and effective for optimal PV siting and
sizing.

Optimization (PSO) for identifying the optimal bus and
rated capacity of the PV unit. PSO is a population-based
metaheuristic in which particles update their positions
and velocities in a continuous search space, enabling
fast and stable convergence. Each particle encodes a
candidate pair (b’ Ppy), with Ppyconstrained to 0.5—
5 MW. The objective function matches that of previous
sections: minimization of total daily energy losses
obtained from a 24-hour OpenDSS simulation. To
assess robustness, PSO was executed ten times with
different initial particle positions, recording the optimal
bus, PV size, minimum energy loss and number of
iterations to convergence. The results in Table 5
illustrate PSO’s consistency, convergence behavior and
ability to reliably identify the global optimum.

Table 5. PSO optimization results

Run Opgiglal []\lj[p\;//] [f\k’)\;}sﬂ Iterations C(;gvgelgieice
optimum
1 Busll 3.23 1501.51 24 yes
2 Busll 3.23 1501.51 23 yes
3 Busl1 3.23 1501.51 28 yes
4 Busll1 3.23 1501.51 30 yes
5 Busl1 3.23 1501.51 30 yes
9 Busll1 3.23 1501.51 14 yes
10 Busll1 323 1501.51 28 yes

The ten PSO runs exhibit exceptionally stable and
fully repeatable behavior. In every execution, the
algorithm converged to the same global optimum:
installing the PV unit at Bus 11 with an identical optimal
capacity of 3.23 MW. The resulting daily energy losses
were also identical across all runs (1501.51 kWh),
confirming that PSO consistently reaches the same
minimum of the objective function. The only variation
observed concerns the number of iterations to
convergence (14-30), a normal effect of stochastic
initialization in swarm-based methods. The repeated
convergence to an identical solution demonstrates that
PSO efficiently explores the search space, avoids local
minima and provides highly reliable results for optimal
PV siting and sizing.

4.5 DE-based PV placement

This section evaluates the application of Differential
Evolution (DE) for optimal PV siting and sizing. DE is
a continuous evolutionary algorithm that generates new
candidate solutions through vector-based mutation and
recombination, offering strong global search capability
and stable convergence. Each individual represents a
continuous pair (xp,yXxp), later decoded into the
installation bus and PV capacity. The objective function
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remains the minimization of total daily energy losses
obtained from a 24-hour OpenDSS simulation. To
assess robustness, DE was executed ten times with
different initial populations, recording for each run the
optimal bus, optimal PV size, total losses and the
generation at which convergence occurred.

Table 6 — DE optimization results

. Convergence
Optimal Ppy Eoss .

Run Bus IMW] [kWh] Generations to global

optimum
1 Busll1 3.23 1501.51 38 yes
5 Busl1 3.23 1501.51 22 yes
6 Busl1 323 1501.51 40 yes
10 Busl1 3.23 1501.51 37 yes

The ten Differential Evolution (DE) runs show
highly stable and fully repeatable behavior. In every
execution, DE converged to the same global optimum—
installing the PV unit at Bus 11 with an identical optimal
capacity of 3.23 MW. The resulting daily energy losses
were also identical across all runs (1501.51 kWh),
confirming consistent convergence to the same
minimum of the objective function. The only variation
appears in the number of generations required for
convergence (22—40), a normal effect of stochastic
initialization and the dynamics governed by the DE
parameters F (scaling factor) and CR (crossover rate),
which balance exploration and exploitation. The
repeated identification of the same solution
demonstrates that DE avoids local minima and that the
chosen values of F and CR are well suited to this
problem. Overall, DE proves robust, stable and reliable
for optimal PV siting and sizing, with performance
comparable to PSO and more consistent than GA.

4.6 Comparative analysis of GA, PSO and DE

The three optimization methods - GA, PSO and DE -
were applied to the same PV siting and sizing problem
in the IEEE 33-bus network, and all converged to an
identical global optimum: installing the PV unit at
Bus 11 with an optimal capacity of approximately 3.22—
3.23 MW, yielding total daily losses of about
1501.51 kWh. This consistent convergence across
fundamentally different search mechanisms validates
both the problem formulation and the robustness of the
optimization framework. The main differences lie in
convergence behavior. GA shows slight variability in
the optimal capacity (3.21-3.25 MW) and converges in
8-29 generations. PSO provides perfectly consistent
solutions across all runs, though requiring 14-30
iterations. DE matches PSO in solution stability but
typically needs more generations (22—40), reflecting a
broader exploration phase before convergence.

All three algorithms reached the global optimum in
100% of runs, indicating an absence of significant local

minima and appropriate parameter tuning. PSO and DE
offer superior solution consistency, while GA
occasionally converges faster. Overall, each method is
suitable for PV siting and sizing, with the choice
depending on desired trade-offs between convergence
speed, stability and implementation simplicity.

5 Conclusions

This study presents a comprehensive, data-driven
framework for optimal photovoltaic (PV) siting and
sizing in radial distribution networks, advancing the
state of the art in several critical areas. By integrating
node-specific PVGIS irradiance data with hourly
OpenDSS simulations for a representative operational
day, the analysis captured the combined spatiotemporal
variability of solar resources and network loading—an
aspect that has been largely overlooked in previous
studies that relied on uniform or simplified PV profiles.
The application of three population-based optimization
methods (Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE)),
coupled with exhaustive brute-force validation, ensured
a robust evaluation of solution reliability and confirmed
convergence to the same global optimum across all
algorithms. The findings demonstrate that realistic PV
modelling, when combined with evolutionary
optimization, provides a reliable and reproducible
foundation for evaluating PV impacts and identifying
optimal deployment strategies in distribution networks.

Although the present study focused on a
representative operational day to ensure computational
efficiency and methodological clarity, the proposed
framework is inherently scalable. It can be extended to
multiple characteristic days (e.g., seasonal extremes or
peak load conditions) or even to a full annual simulation
horizon. Such an extension would enable a more
comprehensive assessment of long-term performance,
variability, and network constraints, further enhancing
the robustness and practical applicability of the
optimization results.
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