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Abstract

The proliferation of distributed photovoltaic (PV) generation introduces significant opera-
tional challenges for distribution networks, including voltage instability and elevated
technical losses. While modern PV inverters capable of static synchronous compen-
sator (STATCOM) functionality—forming PV-STATCOM systems—offer a promising solu-
tion, their optimal integration remains a complex mixed-integer non-linear programming
(MINLP) problem. This paper addresses this gap by proposing a novel hybrid evalua-
tor—optimizer framework for the optimal daily placement and sizing of PV-STATCOM
devices. The framework synergistically integrates the metaheuristic crow search algo-
rithm (CSA) for global exploration of discrete device locations with a high-fidelity, multi-
period optimal power flow (OPF) model—implemented efficiently in Julia with the Ipopt
solver—for continuous operational evaluation and constraint validation. The methodology
incorporates realistic 24 h load and solar irradiance profiles. Extensive validation on stan-
dard IEEE 33- and 69-bus test systems demonstrates the efficacy of the proposed approach.
The results indicate substantial reductions in daily energy losses—by up to 70.4% and
72.9% for the 33- and 69-bus systems, respectively—and corresponding operational costs,
outperforming recent state-of-the-art metaheuristic and convex optimization methods re-
ported in the literature. The CSA also exhibits robust convergence and repeatability across
multiple independent runs. This work contributes a computationally efficient, open-source
planning tool that leverages modern optimization solvers, providing a scalable and ef-
fective strategy for enhancing the power quality and economic performance of PV-rich
distribution networks.

Keywords: PV-STATCOM,; optimal placement and sizing; crow search algorithm (CSA);
mixed-integer nonlinear programming (MINLP); optimal power flow (OPF); distribution
networks; Julia
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1. Introduction
1.1. General Context

The increasing penetration of photovoltaic (PV) generation in distribution networks
has introduced new operational challenges related to voltage regulation, power losses,
and power quality [1,2], mainly due to the intermittent nature of solar irradiance and
the limited reactive power capabilities of conventional PV inverters [3,4]. As a result,
distribution systems with high PV penetration may experience voltage deviations and
reduced operational flexibility, especially under varying load and generation conditions.

Recent advancements in power electronics have enabled PV inverters to operate as
PV-STATCOMs, allowing them to provide dynamic reactive power support even during
periods of low or zero active power generation [5,6]. This dual functionality has positioned
PV-STATCOMs as a promising solution to enhance voltage stability and reduce energy
losses in modern distribution networks [7]. However, the effectiveness of PV-STATCOM in-
tegration strongly depends on their optimal placement and sizing, which directly influences
network performance and economic benefits [8,9].

Several studies have addressed the siting and sizing problem of PV-STATCOMs and
other flexible resources in distribution systems using optimization-based approaches,
including deterministic formulations and metaheuristic algorithms, such as those reported
in [10-12]. While deterministic methods offer computational efficiency, they often rely
on convex relaxations or simplifying assumptions that may limit their applicability to
highly non-linear and mixed-variable problems. In contrast, metaheuristic techniques
have demonstrated strong capabilities in handling non-convex, large-scale optimization
problems with discrete and continuous decision variables, which are inherent characteristics
of the PV-STATCOM planning problem.

Despite the extensive application of metaheuristic algorithms in distribution system
planning, the specific use of the crow search algorithm (CSA) for optimizing the opera-
tion, placement, and sizing of PV-STATCOM devices remains relatively unexplored [13].
Given the complex and non-linear nature of the optimal power flow problem, com-
bined with discrete siting decisions and continuous sizing variables, exploring alterna-
tive optimization strategies that provide robust search capabilities and effective explo-
ration—exploitation balance is well motivated.

In this context, this work aims to investigate the application of CSA for the optimal
placement and sizing of PV-STATCOMs in distribution networks, considering a multi-
period operational framework. The proposed approach seeks to minimize energy losses
and operational costs while enhancing voltage profiles, contributing to the development of
flexible and efficient planning tools for active distribution systems.

1.2. Literature Review

The dynamic compensation of active and reactive power using photovoltaic static syn-
chronous compensators (PV-STATCOM) has been extensively studied as a transformative
strategy for modern distribution networks. By enabling voltage support, loss reduction,
and improved economic operation, these systems address critical challenges arising from
high renewable energy penetration. This planning problem is inherently complex, typi-
cally formulated as an MINLP model due to the simultaneous need to determine discrete
placement and continuous sizing of devices. Consequently, recent research has increasingly
turned to metaheuristic optimization techniques to find feasible, high-quality solutions
under nonlinear operational constraints.

In a study addressing uncertainty, Ebrahimi et al. [14] applied the Teaching-Learning-
Based Optimization (TLBO) algorithm to co-optimize the placement of PV-based distributed
generation and DSTATCOM devices in IEEE 33-bus networks. Their model incorporated
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uncertainties in both load and generation, achieving a 36.8% improvement in the voltage
stability index and a notable 94.8% reduction in total power losses.

Addressing the temporal dimension of grid operation, Combita-Murcia et al. [13]
proposed a master—slave methodology using the Salp Swarm Algorithm (SSA) to opti-
mize the daily operation of PV-STATCOM devices. In their framework, the master stage
generates power injection setpoints, while the slave stage validates each solution via a
successive approximation power flow method. The results demonstrated significant im-
provements in energy losses and operational costs, confirming the efficacy of SSA for hourly
dispatch problems.

Shaheen et al. [8] employed the Hunter Prey Optimization (HPO) algorithm to de-
termine optimal PV-STATCOM placements in IEEE 33- and 69-bus networks over a 24 h
horizon. Their objective to minimize energy losses and improve voltage profiles yielded
impressive outcomes, with loss reductions above 57% and a 44% enhancement in voltage
regulation. The study further highlighted HPO'’s superior performance compared to estab-
lished algorithms such as Particle Swarm Optimization (PSO), Differential Evolution (DE),
and Artificial Rabbit Optimization (ARO).

Elshahed [10] explored the use of the Artificial Rabbit Optimization (ARO) algo-
rithm for providing ancillary services through PV-STATCOM devices in IEEE 33-bus
networks. The work focused on night-time reactive power compensation and voltage
profile enhancement, demonstrating that ARO outperforms classical techniques like DE
and Gaining-Sharing Knowledge (GSO) under static operating conditions.

From a computational reformulation perspective, Garrido-Arévalo et al. [7] ap-
proached the problem using convex optimization techniques. By reformulating voltage
constraints as second-order cone programming (SOCP) constraints, they transformed the
MINLP into a mixed-integer convex model. Applied to IEEE 33-bus networks, this method
improved computational efficiency and solution quality, particularly for both radial and
meshed system topologies.

Mahmoud et al. [6] utilized the Grey Wolf Optimizer (GWO) to coordinate the active
and reactive power operation of PV-STATCOMs in IEEE 33-bus networks with high pho-
tovoltaic penetration. While the study successfully enhanced voltage regulation, it was
limited to fixed-load conditions and did not consider time-varying operational dispatch.

Finally, Sirjani [15] implemented an Adaptive Particle Swarm Optimization (APSO)
algorithm to determine the optimal placement and capacity of PV-STATCOM devices
in IEEE 33-bus networks. Incorporating empirical load and generation data, the model
achieved measurable improvements in technical losses and voltage stability.

Collectively, these studies underscore the effectiveness of metaheuristic algorithms in
solving the PV-STATCOM planning problem. However, the application of the crow search
algorithm (CSA) to this domain—particularly under dynamic, time-varying operating
conditions—remains largely unexplored. Furthermore, while many studies rely on conven-
tional power flow solvers within the evaluation stage, the potential of high-performance,
open-source MINLP solvers available in modern computational environments like Julia has
not been fully leveraged. This gap motivates the present work, which seeks to develop a
robust hybrid methodology combining the exploratory strength of CSA with the precision
of exact MINLP solvers for the optimal daily operation of PV-STATCOM systems.

Table 1 synthesizes recent research on PV-STATCOM planning and operation, high-
lighting the employed algorithms, technical objectives, and test systems used for validation.

Several trends emerge from Table 1. First, the majority of recent studies pri-
oritize technical objectives—chiefly minimizing energy losses and enhancing voltage
profiles—whereas a smaller subset explicitly addresses economic metrics such as annual
operating costs. Second, metaheuristic algorithms inspired by biological or social behaviors
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dominate the literature, including particle swarm optimization (PSO), salp swarm algo-
rithm (SSA), hunter—prey optimization (HPO), and artificial rabbit optimization (ARO).
These methods leverage population-based search mechanisms to effectively balance explo-
ration and exploitation within high-dimensional, non-linear solution spaces characteristic
of distribution system optimization.

Table 1. Summary of metaheuristic and convex optimization approaches for PV-STATCOM integration.

Method/Algorithm Objective Test System Year Ref.
Teaching-Learning-Based Joint PV-DG and DSTATCOM :

Optimization (TLBO) integration under uncertainty IEEE 33-bus 2025 [14]

Salp Swarm Algorithm (SSA) Daily active/reactive power dispatch ~ IEEE 33/69-bus 2024  [13]

Hunter—Prey Optimization (HPO)

Energy loss minimization and

voltage enhancement IEEE 33/69-bus - 2023 [8]

Artificial Rabbit Optimization (ARO) Ancillary services via PV-STATCOMs IEEE 33-bus 2023 [10]

Convex SOCP Reformulation

Grey Wolf Optimizer (GWO)

Adaptive Particle Swarm Power loss reduction and voltage
Optimization (APSO) profile improvement

Voltage constraint relaxation for
computational efficiency
Active/reactive power coordination in
high-PV networks

IEEE 33-bus 2023 [7]
IEEE33-bus 2021  [6]

IEEE33-bus 2018 [15]

Convex reformulations, particularly second-order cone programming (SOCP), offer
an alternative pathway by relaxing non-convex constraints to improve computational
tractability. However, such approaches often rely on simplifying assumptions—such as
lossless models or fixed operating conditions—that may limit their applicability in dynamic,
multi-period scenarios. In contrast, metaheuristic algorithms provide inherent flexibility
to handle both discrete (placement) and continuous (sizing) variables, making them well-
suited for the mixed-integer non-linear programming (MINLP) formulations that arise in
practical PV-STATCOM planning.

Despite their successful application in distribution system optimization problems,
metaheuristic techniques, including population-based algorithms, are known to exhibit
certain inherent limitations. Previous studies have reported that their performance is
often sensitive to the selection of algorithm-specific parameters, such as population size,
awareness probability, or step-length factors, which may influence convergence speed and
solution quality depending on the problem structure. Additionally, due to their stochastic
nature, metaheuristic methods may present variability in convergence behavior across
different executions, which motivates the use of multiple runs and statistical performance
indicators to assess robustness. Nevertheless, their flexibility and ability to handle non-
convex, mixed-integer formulations have led to their widespread adoption in complex
planning problems involving PV-STATCOM integration, where exact or convex approaches
may face modeling or scalability challenges.

Within this landscape, the crow search algorithm (CSA) remains notably underex-
plored for PV-STATCOM applications, despite its demonstrated robustness in both continu-
ous and discrete optimization domains. This work aims to address that gap by proposing a
hybrid evaluator—optimizer architecture that integrates CSA’s exploratory strength with
the numerical precision of modern MINLP solvers available in Julia. The proposed method-
ology targets the dual objectives of reducing energy losses and operational costs in distribu-
tion networks with high photovoltaic penetration, offering a scalable and computationally
efficient alternative to existing planning frameworks.
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1.3. Contributions and Scope

This work develops and validates a mathematical model for the optimal sizing and
placement of photovoltaic static synchronous compensators (PV-STATCOMs) in electrical
distribution networks. The primary objectives are to minimize energy losses and reduce
operational and maintenance costs. The anticipated impacts of the proposed approach
span technical, economic, social, and methodological dimensions.

From a technical perspective, the methodology integrates the metaheuristic crow
search algorithm (CSA) with modern MINLP solvers. This hybrid framework aims to
enhance voltage regulation, reduce technical losses, and improve the dynamic stability of
distribution systems with high photovoltaic penetration. By co-optimizing the placement
and capacity of PV-STATCOM devices, the model directly addresses critical operational
challenges such as reverse power flows, overvoltage conditions, and inefficient reactive
power dispatch. The outcome is a more robust and reliable grid operation that can better
accommodate increasing levels of distributed renewable generation.

Economically, the model facilitates efficient capital and operational resource allocation.
Through optimal siting and sizing, it reduces both energy losses and the need for costly
network upgrades, thereby improving the financial viability of distributed solar projects.
This is particularly significant in operational contexts where high marginal energy costs
and substantial technical losses impose considerable financial burdens on utilities and
project developers.

On a social and environmental level, the proposed planning framework supports
the expansion of reliable electricity access in underserved or remote communities.
Decentralized PV-STATCOM systems offer a viable pathway to enhance power quality
without requiring extensive and expensive grid reinforcement. Furthermore, by enabling
greater integration of clean energy sources, the methodology contributes directly to de-
carbonization goals and supports the global energy transition, aligning with broader
sustainability targets.

Beyond these direct grid impacts, the implementation of the complete model in the
Julia programming environment yields significant secondary benefits. The use of open-
source, high-performance solvers promotes transparency, reproducibility, and accessibility
in power system research. The developed computational framework also serves as a
valuable educational resource for training power engineers in advanced optimization
techniques and modern software practices.

Finally, the proposed methodology is designed with modularity and adaptability
in mind. Its structure allows for straightforward extension to other network topologies,
additional operational constraints, or more complex hybrid energy system configurations.
This inherent flexibility opens promising avenues for future research in areas such as multi-
period optimal dispatch, planning under uncertainty, and the integrated control of diverse
distributed energy resources.

1.4. Document Structure

In this article, Section 2 presents the mathematical formulation associated with the
problem of optimal placement and sizing of PV-STATCOM devices in distribution networks,
considering objective functions aimed at minimizing energy losses and operating costs.
Section 3 describes the methodology implemented in Julia, based on a evaluator-optimizer
architecture that combines the crow search algorithm in the optimizer stage with MINLP
solvers in the evaluator stage. Section 4 outlines the main characteristics of the IEEE 33- and
69-node test systems, together with the demand and solar irradiance curves used for model
validation. Section 5 analyzes the results obtained and the evaluation of the proposed
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methodology’s performance. Finally, Section 6 presents the conclusions and future research
directions derived from this work.

2. Mathematical Formulation

This section outlines the mathematical model for the optimal placement and sizing of
photovoltaic static synchronous compensators (PV-STATCOMs) in distribution networks.
The formulation addresses the problem of dynamic active and reactive power compensation
over a daily operational horizon, with the objective of minimizing electrical losses and
operational costs. The model structure, including objective functions and operational
constraints, is adapted from established frameworks presented in [16].

The integration of PV-STATCOM devices is formulated as an MINLP problem. This clas-
sification arises from the simultaneous presence of discrete decision variables—such as the
placement of compensators—and continuous variables—including their rated capacities and
hourly power setpoints. non-linearity is introduced through the AC power flow equations,
which govern the network’s electrical behavior. Additionally, the model incorporates time-
varying inputs, including solar irradiance profiles and nodal load demand, alongside the
technical parameters of the distribution network, such as line impedances and voltage limits.

The complete formulation thus captures the interdependencies between device alloca-
tion, power dispatch, and network constraints, providing a comprehensive basis for the
planning and daily operation of PV-STATCOM systems in modern distribution grids.

2.1. Objective Function Formulation

The first objective function aims to minimize the total daily electrical energy losses in
the distribution network. These losses, stemming from the resistive properties of conductors
and the network’s topological configuration, are quantified using nodal voltages and the
system admittance matrix. The corresponding formulation is expressed as follows:

min Ej = 8%{ Z Z kah( Z Ykam,h> Ah} 1)

heHkeN meN

In this formulation, Ej,¢s denotes the total daily electrical energy losses [kWh], Vj ),
and V), j, represent the complex voltages at nodes k and m during period & [p.u.], Yy, is the
admittance element of the bus admittance matrix connecting nodes k and m [p.u.], A, refers
to the duration of period & [h]—typically set to one for hourly discretization—H represents
the set of time periods in the operational horizon (e.g., 24 h), and N is the set of nodes
(buses) in the distribution network. This formulation captures the impact of both network
topology and power flow patterns on resistive losses, providing a physically consistent
measure of energy efficiency across the daily operational cycle.

Equation (2) defines the second objective function, which aims to minimize the total
daily economic cost associated with active power supplied from the substation to the
distribution network. This cost is computed as the sum, over all time periods and nodes, of
the real power drawn from the substation multiplied by the energy price per kilowatt-hour,
reflecting the operational expenditure incurred by the utility.

min Ecost = Crwn - %{ Z Z Sih Ah} 2)

heHkeN

where Ecst is the daily cost of energy purchased at the substation [$], Cywn denotes the
average cost per kilowatt-hour at the substation terminals [$/kWHh], and Sf,h represents the
complex apparent power supplied by the substation at node k during period & [kVA]. As in
the previous formulation, Ay, is the duration of period 4 [h], H is the set of time periods,
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and N is the set of nodes in the network. The operator R{-} extracts the real component,
corresponding to the active power component of the supplied apparent power.

Although both technical and economic performance indicators are reported, the op-
timization problem is formulated as a single-objective problem. The objective function
explicitly minimizes the total daily electrical energy losses defined in (1). The economic cost
defined in (2) is evaluated as a derived metric by multiplying the resulting energy losses by
a constant electricity price and according to the period of the losses’ evaluation. Therefore,
minimizing energy losses inherently leads to the minimization of operating costs, and no
conflicting objectives are considered.

2.2. Model Constraints

The proposed MINLP model incorporates a set of technical constraints that ensure
feasible and stable operation of the distribution network when integrating PV-STATCOM
devices. These constraints govern power balance, device capabilities, network operating
limits, and system security, as detailed in Equations (3)—(10).

Si’; + SZ,gh'* - Szi,';; = Vi Y Y Vs Vke N, he H ?3)
meN
d dg,
S5 <8 5™, VkeN, heH (4)
P]fi <Gy’ %{SZ,%Z}, Vke N, he H )
QZ%:S{SZ%}, Vke N, he H (6)
Vih = Vnom, k =slackbus, h € H ?)
S¥y =0, k=slackbus, h € H )
%{5%} >0, k = slackbus, h € H (9)
Viin < ‘Vk,h| < Vmax, Vke N, he H (10)

Constraint (3) enforces complex power balance at each node and time period, ensuring
that generation, demand, and losses are physically consistent. Inequalities (4) and (5)
limit the apparent and active power outputs of the PV-STATCOM devices according to
their installed capacity and the available solar irradiance G/, respectively. Equation (6)
defines the reactive power injection as the imaginary component of the complex power.
Constraints (7)—(9) specify the reference (slack) bus conditions: fixed nominal voltage, zero
complex power (balanced substation injection), and non-negative active power supply to
prevent reverse power flow. Finally, inequality (10) ensures that nodal voltages remain
within permissible regulatory limits [Vinin, Vmax] at all times.

Taken together, this set of constraints guarantees operational feasibility, preserves
power quality, and maintains system stability under time-varying load and generation
profiles, thereby enabling secure integration of PV-STATCOM systems into modern distri-
bution networks.

2.3. Model Interpretation

The MINLP formulation defined by Equations (1)—(10) can be interpreted as a holistic
planning and operational framework for PV-STATCOM integration. Equation (1) defines
the primary technical objective, minimizing total daily energy losses due to resistive effects
in the distribution lines. Complementarily, Equation (2) captures the economic objective by
minimizing the cost of active power supplied from the substation. Together, these objectives
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reflect both the physical efficiency and the economic viability of network operation under
time-varying load and solar irradiance conditions.

The constraint set ensures physical and operational feasibility. Equation (3) enforces
complex power balance at each node and time period, which inherently encompasses both
active and reactive power equilibrium. Inequality (4) bounds the apparent power output of
each PV-STATCOM device according to its installed capacity, while (5) couples the active
power generation to the available solar resource G,’; ?. Equation (6) explicitly defines the
reactive power injection from the PV-STATCOM as the imaginary component of its complex
power output.

Network reference conditions are established by Constraints (7)—(9). Specifically, (7)
fixes the voltage magnitude at the slack bus to the nominal value, (8) sets the complex
power at the slack bus to zero (ensuring balanced substation injection), and (9) prevents
reverse active power flow by requiring non-negative real power supply from the substation.
Finally, Inequality (10) maintains all nodal voltages within permissible regulatory limits
[Vimin, Vmax|, thereby preserving power quality across the network.

The resulting optimization problem is inherently non-convex and highly non-linear,
stemming from the AC power flow equations and the interplay between continuous
variables (voltages, power flows) and discrete decisions (device placement). Each candidate
solution corresponds to a specific configuration of PV-STATCOM locations and sizes, which
is evaluated through an optimal power flow (OPF) routine. In the proposed methodology,
the crow search algorithm (CSA) serves as the global optimizer, iteratively generating new
configurations that are validated via the OPF in a master-slave architecture. This hybrid
approach combines the exploratory strength of metaheuristics with the mathematical
precision of non-linear programming, enabling effective solutions for dynamic, multi-
period operation of distribution networks with high photovoltaic penetration.

3. Proposed Hybrid Optimization Approach

The optimal placement and sizing of PV-STATCOM devices constitutes a complex
optimization problem characterized by non-linearity, non-convexity, and the presence of
both discrete (location) and continuous (size) decision variables. In addition, the repeated
evaluation of candidate solutions through optimal power flow calculations leads to a highly
irregular and multi-modal objective function landscape.

In this context, metaheuristic optimization techniques provide a suitable alterna-
tive to deterministic approaches, as they can effectively explore large and complex
search spaces without relying on convexity assumptions. Among them, the crow
search algorithm presents several features that make it well-suited for the addressed
problem. CSA is a population-based, memory-driven algorithm that maintains a bal-
anced exploration—exploitation mechanism, enabling it to preserve solution diversity and
escape local optima.

Furthermore, CSA has demonstrated robust performance in mixed-variable and high-
dimensional optimization problems [17]. Based on these considerations, CSA is adopted
in this work as an appropriate optimization framework to address the PV-STATCOM
placement and sizing problem within a multi-period OPF formulation.

3.1. Methodology

This work addresses the optimal placement and sizing problem of PV-STATCOM
devices through a hybrid evaluator-optimizer framework. The proposed methodology
comprises two integrated components:

¢  Evaluation stage: A multi-period OPF model, formulated in the Julia programming
language, serves as the technical feasibility evaluator. For each candidate configura-
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tion, it verifies compliance with operational constraints and computes the objective
functions pertaining to energy losses and operating costs.

*  Optimization stage: The CSA functions as the metaheuristic optimizer. It iteratively
generates new configurations of PV-STATCOM location and capacity by leveraging
population memory and evolutionary search rules.

The interaction between these components defines the optimization cycle. Candidate
solutions, projected onto the discrete space of network nodes, are generated by the CSA
and subsequently evaluated by the OPF model. This synergistic approach allows the CSA
to effectively explore the combinatorial solution space, while the OPF ensures rigorous
validation of all technical and operational constraints.

3.2. Optimizer Stage: Crow Search Algorithm

The CSA is a metaheuristic optimization technique inspired by the collective social
behavior of crows in their natural habitat [18]. Crows are known for their remarkable intel-
ligence, spatial memory, and sophisticated strategies for food storage and theft prevention.
They observe other crows, learn behavioral patterns, and employ deceptive movements to
protect their hidden caches from pilferage [19].

This seemingly chaotic yet rational behavior can be formalized into a computational
model capable of balancing global exploration and local exploitation within the solu-
tion space [20]. In CSA, each candidate solution is represented as a crow within a flock.
Each crow retains a memory of its best-found positions and adaptively follows others
to discover new regions, while stochastic parameters govern protective behaviors and
environmental awareness.

The CSA design is underpinned by the following key behavioral traits of crows:

e Living and foraging in groups (swarms or populations).

e Ability to memorize and recall high-quality food locations.

e  Strategic pursuit of other individuals to discover better resources.

*  Protection of stored food through random movements and awareness-based evasion.

The algorithm can be adapted to combinatorial optimization problems through the
sequential steps below.

3.3. Initial Population

As a population-based metaheuristic, the CSA explores and exploits the solution space
through the iterative evolution of an initial set of candidate solutions. In this work, the
initial population is generated randomly, with each individual representing a potential
configuration for the placement of PV-STATCOM units across the distribution network.

The population consists of N; individuals, each encoded as a vector of dimension Ny,
where N, corresponds to the number of PV-STATCOM units to be installed. Each compo-
nent of the vector represents an integer bus index, with the slack bus explicitly excluded
from consideration. Mathematically, the initial population can be represented as follows:

[ X117 X120 0 Xy o Xy, Ny
Xo1  Xop -0 Xp; o0 Xo, Ny
xt— | 5 s (11)
X1 Xk2 0 Xkj o0 X Ny
[ XNs1 XNs2 oo XNsj 0 XNsNod

where each element X; ; is randomly selected from the set of admissible network buses.
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The CSA is characterized by the usage of memories, where each crow Xj ;1 has
information regarding the position of the largest food pantry during the exploration and
exploitation of the solution space. The memories of the crows take the following form:

[ My om0 omy; o oo+ my, Ny
Mpy  Mpp - Mg --- M, Ny
m=1 - : ’ ’ ' ' (12)
Mgy Mgy oo Mg - g, Ny
LMNs,1 MINs2 -+ MNsj - MNsNol

Note that initially, the memories are assigned with the values of the initial population,
since in the first iteration, every crow is starting its exploration of the solution space.

3.4. Evolution Criteria and Memory Updating

At each iteration j, the algorithm evaluates population evolution by comparing the best
objective function value obtained in the current iteration with the best value achieved so far.
In the proposed formulation, each individual represents a candidate solution defined by a
vector of integer-valued bus indices corresponding to the locations of PV-STATCOM units.

At iteration j, the position of the k — th crow is updated according to:

t t t_ gt t
1 ) Xt Sl (m = x) TEAL k120N (13)
k . . P y &y eeer INg
a random exploration is made rj < AP

The CSA position update depends on several key parameters: X! denotes the current
position of the k-th crow at iteration ¢, m]t represents the memory (best-known position)
of a randomly selected crow j, fI is the flight length parameter that controls movement
step size, r; is a uniformly distributed random number in the interval (0,1), and AP is the
awareness probability, which models the likelihood that a crow detects being followed.

Within the update rule, the term (m; — X}) defines the search direction toward promis-
ing regions of the solution space, while the product ; - fI regulates the trade-off between
global exploration and local exploitation. Larger values of fI encourage broader exploration,
whereas smaller values promote intensification around high-quality solutions. Each newly
generated candidate solution is evaluated using the OPF model. Subsequently, an elitist
memory update strategy is applied, whereby a crow’s memory is replaced only if the new
solution yields a better objective function value.

xi ! f(x M) is better thanf (m})

t
m:
]

m
]

(14)
in other case

This elitist preservation ensures that high-quality solutions are retained throughout
the iterative process, enhancing convergence reliability.

3.5. Updating the Individuals

The iterative process of the CSA is governed by a composite stopping crite-
rion designed to balance solution quality and computational efficiency. This crite-
rion integrates a maximum iteration limit with an early-stopping mechanism based on
convergence monitoring.

The maximum iteration limit ensures definitive termination under all conditions,
serving as an upper bound on execution time. However, due to the high computational
cost associated with the multi-period OPF evaluations, an additional adaptive criterion is
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introduced. This criterion tracks the evolution of the global best objective function value
over successive iterations. If no improvement is observed for a predefined number of
consecutive iterations—referred to as the patience parameter—the algorithm is halted
prematurely. This indicates that the search has converged to a stable region and further
iterations are unlikely to yield significant gains.

. ¢ t—j
StOp Zf’fbest ~ Jbest

<e (15)

This strategy significantly reduces unnecessary OPF evaluations while preserving
solution accuracy.

3.6. Pseudo-Code Application of CSA

Algorithm 1 summarizes the implementation of the CSA to solve the PV-STATCOM
generation source location problem.

Algorithm 1 Pseudo-code for the proposed CSA approach in optimization problems.

1 Data: Reading parameters of the problem under analysis;

Define the limits of the variables that make up the problem, i.e., XM and x™ax;

Define the values of Ns, Ny, tyax, fl and AP;

Create de initial population (x) randomly according to the limits of the variables

(xmin and xmux);

5 Create de initial memory (m°) randomly according to the limits of the variables
(xmin and xmux);

6 Evaluate the objective or adaptation function for each individual in the population
fOVk =1,2,..,Ns;

7 Evaluate the objective or adaptation function for each individual in memory
f(mQ)Vk =1,2,..., Ng;

8 fort =1: t;;; do

=W N

9 for k=1: N; do
10 Randonly choose a crow to follow, i.e., Xj;
11 if rp > AP then
12 ‘ xi :x,t{+rk*fl,t(*(m]f—x,t<);
13 else
1 L x,i“ = random position in the search space;
15 if f(xtt1) is better than f (m}) then
1 ]
16 ‘ mit =
17 else
1t
18 L m] — m]‘/

19 Sort the matrix m in ascending order;

20 Result: Report the best solution found, i.e., mi’”‘”

3.7. Evaluator Stage: Optimal Power Flow Formulation

The evaluator stage assesses the technical feasibility and operational performance of
each candidate solution generated by the optimizer. This evaluation is performed using a
multi-period OPF model, which simulates the steady-state operation of the distribution
network over a daily horizon under variable loading and generation conditions [21].

The OPF model is discretized into a set of time intervals that capture the diurnal varia-
tions in load demand and photovoltaic generation. For each interval, the network operating
conditions are solved independently, while the decision variables—representing the place-
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ment and sizing of PV-STATCOM units—remain constant across the entire horizon [22].
The formulation is based on a complex power balance at every bus and time step, with
nodal voltages and power injections as variables. The slack bus supplies the residual active
power required to satisfy system demand, and each PV-STATCOM unit operates within its
capacity limits to inject controllable active and reactive power. Voltage magnitudes at all
buses are constrained within statutory limits to ensure regulatory compliance.

The objective function of the OPF aggregates three cost components over the daily hori-
zon: (i) total network energy losses, (ii) energy supplied from the slack bus, and (iii) the con-
tribution from distributed PV-STATCOM generation. These components are weighted using
predefined coefficients that reflect their relative operational and economic significance.

The OPF problem is implemented in Julia using the JuMP modeling framework and
solved with the non-linear solver IPOPT, which is capable of handling the non-convex
nature of the AC power flow equations [23]. This setup enables efficient and repeatable
evaluations, making it suitable for integration within a metaheuristic optimization loop.

For every candidate configuration provided by the optimizer, the OPF returns the
corresponding objective function value, which quantifies the solution’s fitness. The model
also yields the optimal power dispatch of each PV-STATCOM unit, allowing for detailed
analysis of their utilization patterns and operational impact.

3.8. Interface Connection

Figure 1 illustrates the general architecture of the proposed framework for the optimal
placement and sizing of PV-STATCOM units in distribution networks. In this scheme,
the CSA is responsible for exploring the discrete solution space, while the OPF model
deterministically solves the continuous optimization problem associated with each candi-
date configuration.

Crow Search Algorithm (CSA) Optimal Power Flow (OPF)
Population initialization DG locations Power flow equations
Memory update < Fitness value ) Voltage constraints
Position update PV-STATCOM limits
Stopping criterion J { Objective function

Figure 1. General architecture of the proposed CSA-OPF framework.

This hierarchical structure allows for decoupling the discrete location decisions han-
dled by the metaheuristic from the continuous operational and sizing decisions solved
through non-linear programming.

Figure 2 illustrates the flowchart of the proposed CSA-OPF optimization process.
The procedure starts with the random initialization of the population and the assignment of
memory structures to each individual, where each candidate solution represents a discrete
configuration of PV-STATCOM locations within the distribution network.

Subsequently, new candidate DG location configurations are generated according
to the evolutionary rules of the crow search algorithm. Each configuration is evaluated
through the execution of the optimal power flow Model, which determines the optimal
active and reactive power dispatch of the PV-STATCOM units, verifies compliance with
system technical constraints, and computes the corresponding objective function value
related to energy losses and operating costs.

Based on the obtained fitness value, the algorithm updates the positions and memories
of the individuals following an elitist selection strategy, retaining solutions that improve
the global performance. This iterative process continues until the stopping criterion is met,
either by reaching the maximum number of iterations or by detecting a lack of improvement
over a predefined number of consecutive iterations. Finally, the algorithm reports the best
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solution found, corresponding to the optimal placement and sizing configuration of PV-
STATCOM devices.

[ Stjrt ]

[Initialize CSA population and memory]

1

[Generate DG candidate locations

1

[Run OPF model (Ipopt)]

1

[Compute fitness value

1

[Update CSA positions and memory]

1

Stopping criterion met?

e

Figure 2. Flowchart of the CSA-OPF optimization process.

4. Test Systems

To validate and benchmark the proposed optimization methodology, this section
presents the two widely recognized distribution network models employed as test systems
throughout this study. The IEEE 33-bus and IEEE 69-bus systems serve as standard bench-
marks in power system research, providing well-defined topologies, electrical parameters,
and load profiles that enable a rigorous and reproducible performance evaluation. The fol-
lowing subsections detail their main characteristics, including network configuration, base
operating conditions, and the time-varying load and generation profiles used to simulate
realistic daily operation.

4.1. IEEE 33-Bus Distribution Network

To apply the methodology of this case study, the test system operates at a nominal
voltage level of 12.66 kV and consists of 33 buses and 32 distribution lines. The total peak
load demand is 3715 kW and 2300 kvar, while the active power losses at peak operating
conditions are approximately 210.9876 kW. Bus 1 is defined as the slack node, supply-
ing the remaining active power required by the network and maintaining the reference
voltage magnitude.

The electrical parameters of the distribution lines, including resistance and reactance
values, as well as the active and reactive power demands at each bus, are summarized in
Table 2. These parameters are taken from the standard IEEE 33-bus test system and are
commonly adopted in PV-STATCOM planning studies, enabling a fair comparison with
previously reported results. Figure 3 show the electrical diagram of the IEEE 33-node test
system in its radial and meshed versions [24].
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Figure 3. Electrical diagram of 33-bus radial test system.
Table 2. Main parameters for the 33-node test system.
Nodei~j  R; ()  X;(@)  Pi(kW) Qj(kvar) Nodei-j  R;()  X;(@ P &kW  Q;(kvar)
1-2 0.0922 0.0477 100 60 17-8 0.7320 0.5740 90 40
2-3 0.4930 0.2511 90 40 2-19 0.1640 0.1565 90 40
34 0.3660 0.1864 120 80 19-20 1.5042 1.3554 90 40
4-5 0.3811 0.1941 60 30 20-21 0.4095 0.4784 90 40
5-6 0.8190 0.7070 60 20 21-22 0.7089 0.9373 90 40
6-7 0.1872 0.6188 200 100 3-23 0.4512 0.3083 90 50
7-8 1.7114 1.2351 200 100 23-24 0.8980 0.7091 420 200
89 1.0300 0.7400 60 20 24-25 0.8960 0.7011 420 200
9-10 1.0400 0.7400 60 20 6-26 0.2030 0.1034 60 25
10-11 0.1966 0.0650 45 30 26-27 0.2842 0.1447 60 25
11-12 0.3744 0.1238 60 35 27-28 1.0590 0.9337 60 20
12-3 1.4680 1.1550 60 35 28-29 0.8042 0.7006 120 70
13-14 0.5416 0.7129 120 80 29-30 0.5075 0.2585 200 600
14-15 0.5910 0.5260 60 10 30-31 0.9744 0.9630 150 70
15-16 0.7463 0.5450 60 20 31-32 0.3105 0.3619 210 100
16-17 1.2860 1.7210 60 20 32-33 0.3410 0.5302 60 40
4.2. IEEE 69-Bus Distribution Network
The network operates at a nominal voltage level of 12.66 kV and consists of 69 buses
interconnected through 68 distribution lines arranged in a radial topology. The total peak
load demand of the system is 3802.19 kW and 2694.60 kvar, while the active power losses
under base operating conditions are approximately 224.92 kW. Bus 1 is designated as
the slack bus, responsible for supplying the total power required by the network and
establishing the reference voltage magnitude for the remaining buses [25].
The electrical parameters of the distribution lines, including resistance and reactance
values, along with the active and reactive power demands at each bus, are presented in
Table 3. Figure 4 illustrates the single line diagram of the 69-bus distribution system.
Table 3. Main parameters for the 69-node test system.
Node 1—j R,‘j Q) X,']' Q) P]' (kW) Q] (kvar) Node i—j Rij ) X,']‘ Q) P]‘ (kW) Q] (kvar)
12 0.0005 000012 0.00 0.00 3-36 0.0044 0.0108 26.00 18.55
2-3 0.0005 0.0012 0.00 0.00 36-37 0.0640 0.1565 26.00 18.55
34 0.0015 0.0036 0.00 0.00 37-38 0.1053 0.1230 0.00 0.00
4-5 0.0251 0.0294 0.00 0.00 38-39 0.0304 0.0355 24.00 17.00
5-6 0.3660 0.1864 2.60 2.20 39-40 0.0018 0.0021 24.00 17.00
67 0.3810 0.1941 40.40 30.00 4041 0.7283 0.8509 1.20 1.00
7-8 0.0922 0.0470 75.00 54.00 41-42 0.3100 0.3623 0.00 0.00
89 0.0493 0.0251 30.00 22.00 42-43 0.0410 0.0478 6.00 4.30
9-10 0.8190 0.2707 28.00 19.00 43-44 0.0092 0.0116 0.00 0.00
10-11 0.1872 0.0619 145.00 104.00 44-45 0.1089 0.1373 39.22 26.30
11-12 0.7114 0.2351 145.00 104.00 45-46 0.0009 0.0012 29.22 26.30
12-13 1.0300 0.3400 8.00 5.00 4-47 0.0034 0.0084 0.00 0.00
13-14 1.0440 0.3450 8.00 5.50 47-48 0.0851 0.2083 79.00 56.40

https://doi.org/10.3390/eng7030110


https://doi.org/10.3390/eng7030110

Eng 2026, 7,110 15 of 22
Table 3. Cont.

Node i—j R,‘j (Q) X,']' (Q) P]' (kW) Q] (kvar) Node i—j Rij (Q) X,']' (Q) P]' (kW) Q] (kvar)
14-15 1.0580 0.3496 0.00 0.00 48-49 0.2898 0.7091 384.70 274.50
15-16 0.1966 0.0650 45.50 30.00 49-50 0.0822 0.2011 384.70 274.50
16-17 0.3744 0.1238 60.00 35.00 8-51 0.0928 0.0473 40.50 28.30
17-18 0.0047 0.0016 60.00 35.00 51-52 0.3319 0.1114 3.60 2.70
18-19 0.3276 0.1083 0.00 0.00 9-53 0.1740 0.0886 4.35 3.50
19-20 0.2106 0.0690 1.00 0.60 53-54 0.2030 0.1034 26.40 19.00
20-21 0.3416 0.1129 114.00 81.00 54-55 0.2842 0.1447 24.00 17.20
21-22 0.0140 0.0046 5.00 3.50 55-56 0.2813 0.1433 0.00 0.00
22-23 0.1591 0.0526 0.00 0.00 56-57 1.5900 0.5337 0.00 0.00
23-24 0.3463 0.1145 28.00 20.00 57-58 0.7837 0.2630 0.00 0.00
24-25 0.7488 0.2475 0.00 0.00 58-59 0.3042 0.1006 100.00 72.00
25-26 0.3089 0.1021 14.00 10.00 59-60 0.3861 0.1172 0.00 0.00
26-27 0.1732 0.0572 14.00 10.00 60-61 0.5075 0.2585 1244.00 888.00
3-28 0.0044 0.0108 26.00 18.60 61-62 0.0974 0.0496 32.00 23.00
28-29 0.0640 0.1565 26.00 18.60 62-63 0.1450 0.0738 0.00 0.00
29-30 0.3978 0.1315 0.00 0.00 63-64 0.7105 0.3619 227.00 162.00
30-31 0.0702 0.0232 0.00 0.00 64-65 1.0410 0.5302 59.00 42.00
31-32 0.3510 0.1160 0.00 0.00 11-66 0.2012 0.0611 18.00 13.00
32-33 0.8390 0.2816 14.00 10.00 66—67 0.0470 0.0140 18.00 13.00
33-34 1.7080 0.5646 19.50 14.00 12-68 0.7394 0.2444 28.00 20.00
34-35 1.4740 0.4873 6.00 4.00 68-69 0.0047 0.0016 28.00 20.00

36 37 38 39 40 41 42 43 44 45 46
47 48 49 50 53 54 55 56 57 58 59 60 61 62 63 64 65
slack

28 29 30 31 32 33 34 35

Figure 4. Electrical diagram of 69-bus radial test system.

4.3. Load Demand and Solar Irradiance Profiles

To represent daily operating conditions, a normalized 24 h load demand curve and

1 2 3/4/5 6 7 8 9/10 1112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

a solar irradiance profile were considered, as shown in Figure 5. The load curve is used

to scale the nominal active and reactive power demands at each bus, while the irradiance

profile determines the hourly active power output of the photovoltaic units. These profiles

are applied consistently to all test systems and time periods evaluated [26].
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44

48

https:/ /doi.org/10.3390/eng7030110


https://doi.org/10.3390/eng7030110

Eng 2026, 7,110

16 of 22

5. Results

This section presents and analyzes the results obtained from the implementation of
the optimization methodology proposed in Section 3, applied to the test systems described
in Section 4. The analysis focuses on assessing the performance of CSA for the optimal
placement and sizing of PV-STATCOM units, considering relevant technical and economic
performance indicators under daily operating scenarios.

The proposed methodology was implemented using the Julia programming language
within the Visual Studio version 1.104.1, released on 19 September 2025 Code development
environment, enabling an efficient integration between the metaheuristic optimizer and the
multiperiod optimal power flow model. All simulations were carried out on a MacBook
Air equipped with an Apple M3 processor (Apple Inc., Cupertino, CA, USA, 2025) and
16 GB of RAM, running macOS, which provided a suitable computational platform for
repeated evaluations and convergence analysis of the proposed approach.

5.1. Additional Parametric Information

The main parameters used in the implementation of the CSA are listed in Table 4.
These parameters are independent of the test system and were consistently adopted for all
simulation scenarios analyzed in this work.

Table 4. Additional parametric information of the CSA.

Parameter

Symbol  Value Description

Number of PV-STATCOM units

Awareness probability

Flight length
Maximum number of iterations
Early Stopping

Time horizon
Time step duration

Ny 3 Total number of PV-STATCOM devices considered in the optimization problem.
AP 0.05 Probability that a crow becomes aware of being followed, promoting diversification in the
’ search process.
fl 35 Parameter that controls the step size of the movement toward the memory position,

’ affecting exploration capability.
tmax 1000  Stopping criterion defined as the maximum number of iterations allowed for the algorithm.
Maximum number of consecutive iterations without improvement in the best solution
before early termination.
H 48 Number of time intervals used to represent daily load and PV generation profiles.
Ah 0.5h  Duration of each time interval used in the multi-period OPF formulation.

patience 50

5.2. 33-Bus System

Table 5 summarizes the numerical results obtained for the IEEE 33-bus distribution
system by comparing the base operating condition without PV-STATCOM units and the so-
lutions derived from the proposed CSA-based optimization methodology. The table reports
the optimal and statistical performance indicators of the objective function, expressed in
terms of daily energy losses E|,s; and the associated daily operating cost Est, for different
population sizes N;.

Table 5. Comparison of the base case and CSA-based optimization results for the 33-bus system.

Scenario Ns Ejoes Eloss 7 (Ejoss) Mean Iter. Time (s) Ecost
(kWh/day)  (kWh/day) (kWh/day) ) (USD/day)
Benchmark case (no PV-STATCOM) - 2309.87 - - - - 15411.46
CSA 5 684.19 691.89 18.90 111.10 2185.70 4564.89
CSA 7 684.19 691.41 18.44 101.20 2785.90 4564.89
CSA 8 684.19 689.07 15.38 93.70 2937.78 4564.89
CSA 9 684.19 685.50 2.78 110.10 3816.09 4564.89
CSA 10 684.19 690.96 15.01 92.00 14406.98 4564.89
CSA 11 684.19 684.19 0.00 90.30 3904.37 4564.89
CSA 12 684.19 684.20 0.06 96.80 4521.02 4564.89

*  According to Table 5, the results for different population sizes N; are the base case,
yielding a Ej,s; value of 2309.87 kWh/day and a Ecos of 15,411.46 USD/day. The
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best CSA solution reduces Ejygs to 684.19 kWh/day and the E.s to 4564.89 USD/day,
corresponding to an absolute reduction of 1625.68 kWh/day in the losses and a relative
decrease of 70.44% compared to the base case per day.

*  To evaluate the robustness and repeatability of the proposed approach, each popula-
tion size N; was executed independently 10 times. Table 5 reports the best, Ej,ss, and
standard deviation of Ej,s;. Ns = 9, N; = 11 and N; = 12 show low standard deviation
2.78, indicating high reproducibility across repetitions; Ns; = 5 presents higher disper-
sion 0 (Ejess) = 18.90. The early-stopping parameter (Early stopping = 50) efficiently
avoids unnecessary OPF evaluations.

¢ The average number of iterations required for convergence ranges between 90 and
111 iterations, due to the implemented early stopping criterion. Larger populations
tend to converge slightly faster in terms of effective iterations, suggesting improved
exploration of the solution space and faster identification of high-quality solutions.

*  As expected, computational time increases with population size due to the higher
number of OPF evaluations. While larger populations enhance robustness, they
also increase computational burden. Among the tested configurations, Ns = 9 pro-
vides the best compromise between solution stability, convergence reliability, and
computational efficiency.

To complement the statistical performance analysis, Table 6 presents the optimal place-
ment and sizing of PV-STATCOM units for the 33-bus distribution system. The reported
configuration corresponds to the solution achieving the minimum daily energy losses Eloss,
obtained consistently across multiple CSA population sizes. This table provides the final
planning decision derived from the proposed methodology, indicating the selected buses
and the optimal apparent power rating of each installed PV-STATCOM unit.

Table 6. Optimal placement and sizing of PV-STATCOM units for the 33-bus system.

Device Bus Location Optimal Size (kVA) Utilization (%)
PV-STATCOM 1 14 784.45 39.2
PV-STATCOM 2 24 1130.65 56.5
PV-STATCOM 3 30 1287.78 64.4

The optimal sizing results in Table 6 show a moderate-to-high utilization of the
available PV-STATCOM capacity, with the largest unit installed at bus 30, which is one
of the most heavily loaded buses in the system. This configuration enables a substantial
reduction in daily energy losses while ensuring that voltage magnitudes remain within the
prescribed operational limits.

5.3. 69-Bus System

Table 7 summarizes the comparative results between the base case and the CSA-based
solutions for different population sizes N; , including the minimum daily energy losses

Ejn't, statistical indicators, convergence characteristics, and computational effort.

e The 69-bus distribution system is first analyzed under a base operating condition,
in which no PV-STATCOM units are installed. Under this scenario, the network
exhibits high daily energy losses and elevated operating costs due to the absence of
reactive power compensation and distributed generation support. The obtained base
case results indicate daily energy losses of 2199.80 kWh/day, corresponding to an
operating cost of 14,677.08 USD/day, which highlights the essential requirement of
implementing advanced optimization strategies to improve the system performance.

*  From the results reported in Table 7, it is observed that the proposed methodol-
ogy achieves a substantial reduction in daily energy losses, decreasing Ej,s; from
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2199.80 kWh/day in the base case to 595.96 kWh/day in the optimized scenario.
This represents a reduction of approximately 72.9%, which is directly reflected in the
daily operating cost Eos, reduced from 14, 677.08 USD/day to 3976.26 USD/day.

¢ Increasing the population size leads to an improvement in statistical robustness,
as evidenced by the reduction in the standard deviation of the fitness values from
15.46 for Ns = 5 to 6.41 for Ny = 10. However, this improvement does not yield a
better optimal solution.

e  For both population sizes, the algorithm converges well before reaching the maximum
number of iterations (t,.x = 1000). The average number of iterations required to reach
convergence is 110 iterations for Ny = 5 and 118 iterations for N; = 10, confirming the
effectiveness of the adopted early stopping criterion.

¢ Increasing the population size significantly increases the computational burden. In
the 69-bus system, N5 = 5 achieves the same optimal solution as Ny = 10 while
reducing the execution time from 101,115 s to 45,018 s, thus providing the most
efficient trade-off.

Table 7. Comparison of the base case and CSA-based optimization results for the 69-bus system.

Ns  Ejoss (kWh/day) Mean Std. Dev. Mean Iter. Time (s) Ecost (USD/day)

Benchmark case (no PV-STATCOM) - 2199.80 - - - - 14,677.08
5 595.96 606.27 15.46 109.9 45,018.04 3976.26
10 595.96 598.86 6.41 118.7 101,114.97 3976.26

Overall, the obtained results confirm the effectiveness of the proposed CSA OPF
framework for large-scale distribution systems, demonstrating its capability to significantly
reduce energy losses, improve operational efficiency, and provide stable and consistent
solutions with a reasonable computational effort.

Table 8 presents the optimal placement and sizing of the PV-STATCOM units corre-
sponding to the minimum energy loss solution obtained for the 69-bus distribution system.

Table 8. Optimal placement and sizing of PV-STATCOM units for the 69-bus system.

Device Bus Location Optimal Size (kVA) Utilization (%)
PV-STATCOM 1 16 585.89 29.3
PV-STATCOM 2 60 1575.29 78.8
PV-STATCOM 3 63 750.24 37.5

Table 8 shows the results for both population sizes. The configurations N5 = 5 and
N;s = 10 converge to the same global optimal solution, identifying buses 16, 60, and 63 as the
optimal locations for PV-STATCOM installation. This result demonstrates the robustness
and consistency of the CSA algorithm, as the optimal placement and sizing remain invariant
despite changes in the population size.

5.4. Complementary Ananlysis

Table 9 presents a comparison of PV-STATCOM loss minimization methods reported
in the literature for the 33-bus distribution system. All approaches are evaluated under
operating conditions that allow for the simultaneous injection of active and reactive power,
oriented to minimizing losses in operating day.

From the energy losses, the SOCP-based OPF formulation reports daily losses of
723.02 kWh/day, achieving a reduction of 67.46% with respect to its benchmark case.
Meanwhile, metaheuristic approaches such as AROA and HPO exhibit higher remaining
loss levels, equal to 1643.77 kWh/day and 1513.70 kWh/day, respectively. Although both
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methods successfully reduce system losses compared to their corresponding base cases,
their reported reductions remain below 60%, indicating a lower effectiveness in identifying
highly efficient compensation configurations.

Table 9. Comparison of PV-STATCOM loss minimization results for the 33-bus system.

Method

PV-STATCOM Units Location Node Size (kW) Ejoss (kWh/Day) Loss Reduction (%)

AROA
HPO
s0CP

[7, 14, 31] [652, 969, 830] 1643.774 54.35
[11, 26, 30] [840, 767, 844] 1513.697 57.4
[13, 24, 30] [800, 1090, 1050] 723.02 67.46

CSA

W | W W

[14, 24, 30] [784.45,1130.65, 1287.78] 684.19 70.37

Compared to the SOCP-based approach, the proposed method reduces daily energy
losses by approximately 38.83 kWh/day. When contrasted with metaheuristic techniques
such as HPO and AROA, the reduction exceeds 800 kWh/day. In practical terms, these
differences translate directly into lower operational costs and reduced energy dissipation
throughout the network, which becomes relevant when the results are extrapolated over
long term operating horizons.

The proposed CSA-based OPF strategy achieves the lowest loss level among all
compared methods, with 684.19 kWh/day, corresponding to a loss reduction of 70.37%.
This represents an improvement of approximately 2.9% over the SOCP-based solution
and more than 13% compared to the best-performing metaheuristic method reported in
the literature.

Table 10 shows the best results obtained by other metaheuristic algorithms reported
in the literature, which are compared against those of the proposed methodology for the
69-bus test system.

Table 10. Comparison of PV-STATCOM loss minimization results for the 69-bus system.

Method

PV-STATCOM Units Location Node Size (kW) Eioss (kWh/Day) Loss Reduction (%)

AROA
HPO
SOCP

[61, 62, 64] [806, 488, 967] 1622.933 57.53
[61, 62,63 [1000, 1000, 508] 1616.61 57.69

CSA

QW W W

]
[17, 50, 61] [510, 720, 1810] 700.17 70.32
[16, 60, 63] [586.89, 1575.29, 750.24] 595.96 72.90

The SOCP-based approach reports daily losses of 700.17 kWh/day, achieving a re-
duction of 70.32% with respect to the benchmark scenario. Metaheuristic techniques such
as AROA and HPO exhibit significantly higher residual losses, with values exceeding
1600 kWh/day and loss reductions below 60%.

The proposed CSA-based OPF approach attains the lowest energy losses among all
compared methods, reaching 595.96 kWh/day, which represents a reduction of 72.90%.
This result not only surpasses all heuristic-based approaches but also improves upon
SOCP. CSA represents a reduction of approximately 104.21 kWh/day compared to the
SOCP-based method. Moreover, when compared to the AROA and HPO algorithms, the
CSA reduces energy losses by more than 1020 kWh/day on average. These reductions
highlight the effectiveness of the proposed methodology, as even moderate percentage
improvements result in substantial energy savings and, consequently, lower operational
costs when considered over extended operating periods.
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6. Conclusions and Future Work

This paper presented an optimization framework for the optimal placement and
sizing of PV-STATCOM units in radial distribution networks, formulated as a non-linear
optimal power flow problem and solved using an optimization—evaluation strategy. In this
framework, the crow search algorithm acts as the optimization engine, generating candidate
locations and sizes for PV-STATCOM units, while the OPF model operates as an evaluation
tool, computing network operating conditions, energy losses, and daily operating costs
for each candidate solution. The proposed methodology explicitly incorporates daily
load and irradiance profiles, voltage magnitude constraints, and network operational
limits, enabling a realistic and comprehensive assessment of PV-STATCOM integration in
distribution systems such as IEEE 33 and 69. According to the numerical results obtained
in these test systems, the main conclusions of this study are presented below.

*  The numerical results obtained for the 33-bus and 69-bus test systems confirm the ef-
fectiveness of the proposed OPF-CSA framework in reducing energy losses and daily
operating costs. For the 33-bus system, the base case without PV-STATCOM units ex-
hibits an energy loss of 2309.87 kWh/day and a daily operating cost of USD 15,411.46.
After optimization, the minimum energy loss is reduced to 684.19 kWh/day, corre-
sponding to a reduction of approximately 70.4%, while the daily cost decreases to
USD 4564.89. Similarly, for the 69-bus system, the base case losses of 2199.80 kWh/day
and daily cost of USD 14,677.08 are reduced to 595.96 kWh/day and USD 3976.26,
respectively, representing a loss reduction of nearly 72.9%.

*  The statistical indicators reported in Tables 5 and 7 highlight the robustness and re-
peatability of the CSA when applied to the optimal placement and sizing problem.
In both test systems, the best fitness values are consistently reached across multi-
ple independent runs, with relatively low standard deviations. For instance, in the
69-bus system, the standard deviation decreases from 15.46 for Ny = 5 to 6.41 for
N; = 10, indicating a more concentrated convergence behavior as the population
size increases. Moreover, the coincidence of the best solutions across different runs
confirms the absence of premature convergence and reinforces the reliability of the
proposed optimization framework.

e  The optimal solutions obtained for both test systems reveal consistent placement and
sizing patterns. In the 33-bus system, PV-STATCOM units are installed at electrically
weak buses located far from the slack node, where voltage drops and losses are more
pronounced. A similar behavior is observed in the 69-bus system, where the optimal
nodes [16, 60, 63] are located in downstream sections of the feeder. The optimal sizes
range between 29% and 79% of the maximum PV-STATCOM capacity, indicating that
partial utilization of the installed capacity is sufficient to achieve significant perfor-
mance improvements. These findings confirm that the proposed method effectively
captures the electrical characteristics of the network when determining both location
and size.

*  The comparative analysis conducted for the IEEE 33- and 69-bus systems demonstrates
that the proposed CSA approach is capable of achieving energy loss reductions that
are competitive and consistent to those reported by recent literature methodologies.
In both test systems, the CSA solution attains the lowest energy loss levels while
maintaining the same number of PV-STATCOM units, outperforming metaheuristic
strategies such as AROA and HPO, as well as convex optimization formulations under
comparable operating scenarios. These results confirm that the proposed methodology
not only provides high-quality solutions in terms of loss minimization but also exhibits
strong scalability and robustness when applied to distribution networks of increasing
size and complexity.
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Future research may extend this work in several complementary directions. From a
modeling perspective, the proposed framework can be expanded to incorporate addi-
tional distributed energy resources, such as battery energy storage systems and -vehicle-
charging infrastructure, enabling coordinated planning studies. Methodologically, the
adoption of stochastic, scenario-based, or robust optimization approaches would allow
for a more explicit treatment of uncertainties associated with load demand, renewable
generation, and market conditions. To better reflect real-world operating environments,
future studies may consider unbalanced three-phase distribution network models, com-
prehensive techno-economic assessments including capital investment and maintenance
costs of PV-STATCOM deployment, and the integration of planning-oriented optimization
with detailed time-domain dynamic simulations to assess transient stability and inverter
control interactions. Finally, computational enhancements through parallel computing
or surrogate modeling, together with validation using real network data and benchmark-
ing against state-of-the-art techniques, represent important steps toward large-scale and
practical applications.
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