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Abstract

Optimally positioning renewable-based distributed generation (DG) units is vital for mit-
igating technical challenges in active distribution networks (ADNs). With the goal of
achieving technical goals such as reduced losses and mitigated unstable voltage, two
available optimization methods have been combined for positioning wind-energy DGs:
grey wolf optimization (GWO) and opposition-based learning (OBL), which tries out op-
posite possibilities for each assessed population, thus addressing GWO's susceptibility
to becoming stuck in local optima. This new fusion technique enhances the algorithm’s
scrutiny of each area under consideration and reduces the likelihood of premature con-
vergence. Results show that, compared with standard GWO, the proposed OBL-GWO
reduced active power losses by up to 95.16%, improved total voltage deviation (TVD) by
99.7%, and increased the minimum bus voltage from 0.907 p.u. to 0.994 p.u. In addition,
the voltage stability index (VSI) was also enhanced by nearly 30%. The proposed method-
ology outperformed both standard GWO on the IEEE 33-bus test system and comparable
techniques reported in the literature consistently. By accounting for the uncertainty in wind
generation, load demand, and future growth, this framework offers a more reliable and
practical planning approach that better reflects real operating conditions.

Keywords: distributed generator (DG) optimization; grey wolf optimizer (GWO);
renewable energy integration; power loss minimization; voltage stability improvements

1. Introduction

Integration of renewable energy sources (RESs) into distribution networks (DNs)
are usually associated with several operational challenges, including increased power
losses, voltage fluctuations, grid congestion, and reduced flexibility in meeting variable
demand [1-5]. These challenges are made more complex by the inherent variability of
renewable generation, since changes in wind speed and solar irradiance can cause voltage
instability and further losses. To maintain reliable and efficient operation, it is crucial
to determine the optimal size and placement of distributed generation (DG) units, as
their allocation strongly influences power losses, voltage stability, and overall system
performance. Two factors are vital for meeting technical goals that address grid conditions
while causing the least power loss: strong planning strategies plus full consideration of the
effects of uncertainty and increased loads. These factors translate into elevated grid stress
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due to additional forms of energy consumption, larger populations and urban areas, and
burgeoning electric vehicle uptake.

Prior studies related to distribution network (DN) allocation/sizing of RESs and/or
electric vehicle charging stations (EVCSs) have introduced various techniques for estab-
lishing the most effective solutions [1]. Objective functions employed in most technically
focused efforts have targeted decreased voltage instability and network losses by emphasiz-
ing enhanced VSIs and diminished TVD [2]. Some researchers have employed evolutionary
algorithms: genetic algorithms (GAs) in conjunction with a novel holomorphic embedding
load-flow method (HELM) [3]; a new algorithm called chaotic student psychology based
optimization (CSPBO) [4]; and particle swarm optimization (PSO) applied for DG and
EVCS location and sizing [5]. In attempts to mitigate detrimental effects on peak loads,
power losses, voltage deviations, and thermal limit violations arising from EVCS incorpo-
ration into a DN, others have targeted the enhancement of EVCS planning by developing
coordinated charging schemes and techniques for optimizing EVCS positioning [6]. The
following subsections present details about and published reports related to DGs and
optimization methods.

Small-scale sources of electrical power with direct consumer-side DN linkage close
to load centers are known collectively as “distributed generation.” DGs can be either re-
newable (wind and solar) or non-renewable, with their labeling reflecting how they are
connected and the level of their voltage. DN-side interfaces can be low voltage (LV) or
medium voltage (MV), but consumer-side links are usually just low voltage (LV). Bidirec-
tional power flow resulting from substantial DG integration transforms passive distribution
networks (DNs) into active distribution networks (ADNs). DGs provide numerous advan-
tages: voltage reinforcement, decreased system losses, enhanced power quality, elevated
maximum capacity, balanced load distribution across DN sections, stronger grids, and
improved system stability. However, the stochastic nature of renewable energy generation
(REG) and nonlinear EV fleets necessitates additional study with respect to voltage support,
loss reduction, costly reinforcement postponements, and curtailment of greenhouse gas
(GHG) emissions [7,8]. Enhanced ADN planning and sizing must address the role of EV
loads and energy storage systems in grid stability factors such as changeable demand
and load shaving. Complicated choices related to decision variables for siting and siz-
ing time-shifting EV loads involve multiple divergent objectives. Operators who assess
objectives/criteria across planning horizons need to be mindful of updated distribution
parameters and future needs [9].

Metaheuristics are an often-used category of optimization techniques based on adapt-
able, smart algorithms that mirror nature to discover near-optimal solutions for complex
problems whose solutions are unobtainable using conventional computation. Taking less
processing time [10], these algorithms excel at unraveling optimization problems char-
acterized by nonlinearity, multimodality, and combinatoric constituents: in short, ideal
for optimal DG [11] and EVCS [12] placement. Metaheuristic methods engender superior
solutions due to their double focus on exploration and exploitation of the solution space.
The literature reports on a broad spectrum of metaheuristics [13]. Most notably efficient
and flexible are GAs, derived from natural selection, with crossover and mutation operators
to produce evolved solutions in later generations [14]; PSO, which mimics birds’ swarming
and information-sharing activities [15]; and grey wolf optimization (GWO) [16].

GWO copies gray wolves’ leadership ranking and collaborative hunting tactics [17].
This strong metaheuristic optimizer, with its simpler, more flexible approach involving
fewer control parameters also has the most rapidly expanding acceptance rate. The design
derives from a wolf pack’s social hierarchy: alpha () wolves lead hunting operations, beta
(B) and delta (5) wolves help with decisions, and omega (w) wolves follow along. This
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organization creates a dynamic equilibrium between the two GWO processes: exploration
(encircling prey), and exploitation (hunting or attacking prey). During exploration, the
wolves surround possible prey by trying out different search configurations. The ranking
of the alpha, beta, and delta wolves provides a crucial governing structure, with the alpha
wolf denoting the best solution. In the exploitation phase, the wolves converge on the prey
by modifying their locations with respect to alpha, beta, and delta wolves. An analysis
of GWO versus common heuristics, such as PSO, a gravitational search algorithm (GSA),
differential evolution (DE), expectation propagation (EP), and an envelope strategy (ES),
revealed that GWO generated comparable outcomes [17]. Relative to other methods, GWO
needs fewer parameters, is suitable for both continuous and discrete scenarios, and is a top
metaheuristic for exploring complicated multi-objective search spaces. GWQ's scalability
makes it a superb choice for dealing with the diverse sizes and dimensions of complex
power system problems [18], particularly the optimization of DG [19] and EVCS [20]
positioning since the scale or complexity can vary according to grid dimensions, number of
DGs, and multi-dimensionality frequently renders the solution space hard to navigate. The
study reported in [21] was the first to suggest GWO for locating and sizing multiple DGs in
a distributed system, based on multiple objectives: reactive power loss (Qj,ss) minimization
and voltage profile enhancement, all without violation of system limits. On the IEEE 69-bus
test system, GWO outclassed a GSA and a bat algorithm (BA). Another researcher [22]
evaluated GWO against four metaheuristics in regard to determining ideal DG placement:
PSO, GWO, a whale optimization algorithm (WOA), and a backtracking search algorithm
(BSA). Six IEEE 33-bus distribution system scenarios were tested, with GWO most often
surpassing other techniques. For the work presented here, we chose GWO as the starting
optimal allocation approach due to its formidable balancing of exploration and exploitation
search phases.

Although highly effective, GWO is also subject to deficiencies: sluggish or early con-
vergence plus sensitivity to the starting population. For multi-modal functions, standard
GWO is susceptible to becoming stuck in local optima, considerably slowing the conver-
gence rate in subsequent evolution stages [23]. GWO searches favor exploitation because
every wolf (candidate solution) is attracted to the «, 3, and & wolves, thus accelerating
convergence toward these wolves and impairing the range and variety of the search so
that it might not cover the complete solution space. These drawbacks have led to the
creation of a number of GWO variants: an evolutionary population dynamics (EPD) oper-
ator [24]; a Lévy flight operator for enhancing exploration [25]; a PSO-derived nonlinear
control parameter with an improved position-updating equation for optimizing balanced
exploration/exploitation [23]; a fuzzy hierarchical operator for mimicking hunting [26];
refraction learning for dealing with global optimization issues [27]; astrophysics principles
for directing GWO handling of numerical and engineering optimization [28]; a chaotic logis-
tic map, OBL, DE, and a disruption operator (DO) for maximizing global optimization [29];
exploration-enhanced GWO (EEGWO), with an adjusted position-updating equation [30];
and a random walk strategy for elevating global searches [31].

Opposition-based learning (OBL) is an inventive machine learning methodology
inspired by diametrically opposed interrelationships among elements. The basic idea
is for each possibility (guess) under consideration to be assessed at the same time as
its corresponding opposite in order to expedite the discovery of the best solution. OBL
accelerates the convergence of a metaheuristic algorithm because the opposite location for
each entity in the population is computed both as a starting determinant during the first
algorithm stage and also for every iteration. Opposite possibilities are estimated for each
population solution and are then merged with the initial suggested solutions. From the
entire population, the top solutions whose size equals that of the population are chosen.
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Since OBL can elevate the GWO search process, it appears in newly developed tech-
niques, such as opposition-based GWO (OGWO) [32], which combines OBL and a jump-
ing rate to facilitate the algorithm’s exit from a local optimum with no added computa-
tion intricacy. A nonlinear function also progressively modifies parameter a for explo-
ration/exploitation congruence relative to varied restrictions and objectives. In [33], the
researchers employed an explorative equation, which established capacity of OBL for im-
proving the convergence precision and global search efficacy of GWO. The authors of [34]
tackled feature choice and global optimization by introducing a hybrid method based
on merging a harmony search (HS) algorithm with GWO coupled with OBL. A further
concept was to adjust parameter vector “C” in the exploration phase to harmonize GWO
exploration and exploitation while integrating an innovative random OPL methodology in
order to assist the population in escaping from local optima [35]. Studies were conducted
using 23 popular disparate benchmark test functions and 30 benchmark problems: results
indicated that the proposed technique enhanced global optimization outcomes. OBL has
thus demonstrated potential for alleviating the stagnation in local optima that undermines
GWO efficacy. For this DG positioning study, we selected OBL to enhance GWO due to its
verified power to boost algorithm execution [33,36].

Recent research continues to point out the difficulties in building models that stay
reliable when operating conditions change. For instance, the limitations of conventional
methods have been emphasized by the reliability studies when confronted with uncertain
environments and system complexity [37,38]. Similarly, work on intelligent fault diagnosis
demonstrates how domain shifts caused by changing operating states can undermine
the generalization of data-driven approaches, necessitating adaptive transfer learning
strategies [39,40]. While these studies originate from fields such as machinery diagnostics,
acoustics, and reliability engineering, the underlying research gaps of uncertainty, robust-
ness, and adaptability to real-world variability are directly relevant to ADN. These gaps
form the motivation for the present work, which tackles them by applying OBL-GWO to
achieve optimal DG allocation under seasonal and stochastic conditions.

The above scrutiny of published work identifies gaps in previously reported research
for tackling the distribution of DG sizes and locations in DNs. The metaheuristic techniques
that predominate in most explorations of DG placement issues exhibit the deficiencies
described for GWO. While OBL-GWO has proven effective in allocating PV-DGs, wind-
based DGs involve distinct technical and stochastic characteristics. This study evaluates
the adaptability and performance of OBL-GWO for optimal wind DG allocation under
probabilistic and seasonal conditions. The proposed augmentation of GWO with OBL
for wind turbine generation (WTG) positioning addressed the main research gap. While
not ensuring a global optimum solution, the developed methodology generates outcomes
superior to reported results obtained from recognized optimization methods. An additional
notable gap was uncovered: lack of real-world weather or demand data included in
prior modeling, which failed to encapsulate important dimensions related to seasonal
variability, a factor that should be examined in analyzing the stochasticity and uncertainty
associated with both generation and demand. The aim was to fill these gaps by optimizing
multiple technical objectives: minimized power losses (Poss) and TVD, improved VSI,
and voltage profiles kept within +5% of allowable limits. Figure 1 outlines the primary
stages of the developed framework and optimization methodology. Real-world operational
variations often cause domain shifts that reduce the performance of data-driven diagnostic
or optimization models, highlighting the need for adaptive techniques under uncertain
conditions [40].
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Figure 1. Stages of the developed framework and resultant benefits.

Unlike prior OBL-GWO variants that evaluate on deterministic benchmark functions
or generic engineering tests, this work is the first to deploy OBL-GWO for WT siting /sizing
in a radial ADN under seasonal stochasticity and multi-year growth. As summarized
in Table 1, we build a 5-year Riyadh wind-and-load database, model seasonal wind via
Weibull and stochastic load noise, incorporate demand growth (5.48%/yr over 20 years)
into the planning baseline, and validate it on IEEE-33 with multi-objective technical metrics
(Pross, TVD, VSI, and Vyip). Furthermore, the proposed approach has been benchmarked
against the standard GWO as well as several widely recognized metaheuristic techniques
reported in the literature. The combination of OBL-GWO using real seasonal data and
considering load growth in the planning of ADN is, to our knowledge, absent from prior
OBL-GWO literature.

The work presented in this paper offers several key contributions, including:

e  Execution of the OBL-GWO method for optimal allocation of WIG-based DGs in a
radial distribution network, achieving up to 95.16% reduction in active power losses
compared with the base case and 79.7-95.16% reduction compared with standard
GWO across different scenarios.

e Improvement in TVD by 96-99.7% and enhancement of the VSI by nearly 30%, with
the minimum bus voltage raised from 0.907 p.u. (base case) to 0.994 p.u. under the
proposed method.

e  Development and use of a five-year database of actual measurements of wind speed
and load profile for Riyadh, Saudi Arabia to capture seasonal variability and stochas-
ticity of both demand and generation for more realistic modeling.

e  Performance benchmarking and validation of the proposed methodology against
benchmark techniques published in the literature using the IEEE 33-bus system across
multiple WTG-DG penetration scenarios, confirming superior performance in terms
of loss reduction and voltage profile improvement.
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Table 1. Comparison of this study with related OBL-GWO variants in the literature.
s Uncertainty Load-Growth Performance Baseline Key Contribution/
Reference/Year Domain Modeling Considered Dataset Metrics Methods Limitation
Global
e 23-30 . Adds random OBL to
[35]/2019 ogtlml_zatlop None N/A benchmark best/mean/std me g ﬁz‘iﬁi tics improve exploration; no
an er;g;lseermg problems DN modeling.
Feature selec- HS, GWO Hybrid HS + GWO with
[34]/2019 tion/global None N/A Benchmark sets  accuracy/fitness variants OBL; outside
optimization DG/ ADN context.
Generic global Only Introduces OGWO with
[32]/2021 optimization deterministic N/A Stfaﬁrilgatgg;sst bif)z‘%ia;{cséd’ PSO/eDt]CE/GSA OBL; not
(benchmarks) functions 8 . power-system specific.
Global Performance-enhanced
optimization Engineering . OBL-GWO; not
[36]/2023 and engineering None N/A design sets best/mean/std ~ Many heuristics DN/uncertainty fo-
design cused.
Seasonal >year Standard GWO; WD altoeation.
P . . . tandar ; - allocation
WTG-DG siting sto chastlgty for dYes. mglh yea; measured wind Ploss, TVD, VSI, plus, under real seasonal
[P]/2025 and sizing in an wind (Weibull) + emand growt and load (for 55 Y GA/PSO/SCA variability + erowth:
g stochastic load (5.48%/yr over Riyadh) min/ ’ y+e 4
ADN (IEEE-33) . AeorY! Y . convergence etc., from validates on IEEE-33 and
noise; 5-year 20y) seasonal 96 h e ;
real data y blocks literature benchmarks against

published methods.

[P]—the proposed method presented in this study.

2. Modeling REG and Demand Uncertainty

Planning for and generating anticipated power can be markedly undermined by the
stochastic nature and rapid variations in wind speed. This study explored probabilistic
load modeling that mimics the unpredictability of generation vis-a-vis demand by factoring
in random seasonal changeability, thereby improving the accuracy of planning strategies.

2.1. Wind Turbine Generation Modeling

Simulation criteria for determining appropriate WTG locations included notable
seasonal fluctuations in wind patterns and significant differences between summer and
winter wind speeds. Based on these criteria, Riyadh, Saudi Arabia, was chosen as the
study location.

2.1.1. Wind Speed Modeling

Riyadh’s desert environment features enormous seasonal wind speed fluctuations,
caused primarily by substantial seasonal differences in temperature and atmospheric
pressure. Precise, strategic REG project planning calls for incorporation of these kinds of
variations into wind energy modeling. Accurate and realistic WTG modeling that produces
more realistic results that align with very low or very high speeds is therefore critical and
requires consideration of the impact of seasonal wind speed changes on energy generation,
economic viability, and system stability. One of the most effective and commonly used
published methodologies for modeling these stochastic wind speeds is a Weibull function.
Weibull modeling of wind speed data entails the following steps:

e Step 1: To provide enhanced five years of historical wind speed data for Riyadh at
100 m height (the mean hub height of most wind turbines) were collected from [41].
The data were averaged so that each 24 h profile represents a typical day for a specific
season, resulting in 96 hourly profiles across the four seasons. Figure 2 illustrates the
five-year averaged seasonal variations in wind speed over 96 h.

e  Step 2: Use the five years of historical data to calculate hourly means for each season.
Table 2 presents the results, which reveal seasonal variations in wind speed averages.
For each season, compute hourly averaged mean and standard deviations and also
record those values in the table for use in modeling the Weibull function parameters.



Sustainability 2025, 17, 8819

7 of 33

e  Step 3: Apply the seasonal mean and standard deviation values from Table 2, along
with Equations (1) and (2), to estimate the Weibull function parameters k and c, respec-
tively, for each season [42].

. (g)—1.086, 0
0
- r(l + %) ' (2)

where k is the distribution’s shape parameter, c is the distribution’s scale pa-
rameter, and I' is the Gamma function that extends the factorial function to
non-integer numbers.

The Weibull function parameters k and ¢ were defined for each season:

O For SPringi kspring and Cspring-

O For summer: ksymmer and Csummer-
O For autumn: kautumn and Cautumn-
0O For winter: kyinter and Cyinter-

e  Step 4: Using a Weibull PDEF, apply the previously defined Weibull distribution param-
eters for generating random wind speed data for each season, with the parameters
substituted into the Weibull PDF equation as given in Equation (3) [42]:

flo) = £(5) e, @)

cC\C

where v represents the input random wind speed variable (v > 0).

Historical Seasonal Wind Speed Variations

Spring Autumn
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Figure 2. Historical variations in seasonal wind speeds across four seasons.

Figure 3 displays the Weibull distribution functions that represent wind speed varia-
tions across four seasons. Observable fluctuations and sharp spikes in wind speed data
reflect actual wind speed variations during a typical day. Spring and summer clearly ex-
hibit the greatest wind speed peaks and variations due to their higher means and standard
deviations: wind speeds reach between 10 m/s and 11 m/s. In contrast, the lower means
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and standard deviations of autumn and winter translate into slower wind speeds and less
variation, with peak levels between 7 m/s and 8 m/s, except for occasional winter spikes.

Table 2. Averaged wind speeds across four seasons.

Hour Spring Summer Autumn Winter
0.00 6.29 5.74 5.03 6.05
1.00 6.18 5.57 4.84 5.93
2.00 6.08 5.40 471 5.83
3.00 5.93 5.25 4.61 5.71
4.00 5.66 5.00 4.52 5.61
5.00 5.12 447 423 5.40
6.00 521 4.39 3.74 4.88
7.00 5.62 4.93 4.17 4.90
8.00 5.64 5.09 441 5.15
9.00 5.46 5.09 4.30 5.14
10.00 5.16 5.20 4.25 5.05
11.00 5.01 5.35 423 4.90
12.00 495 5.55 4.26 4.84
13.00 498 5.76 4.36 4.89
14.00 5.13 6.00 4.64 513
15.00 5.55 6.10 518 5.73
16.00 6.32 6.31 5.71 6.35
17.00 6.96 6.58 6.07 6.80
18.00 7.33 6.72 6.23 7.00
19.00 7.46 6.70 6.20 6.99
20.00 7.37 6.55 6.06 6.85

21.00 7.15 6.37 5.87 6.66
22.00 6.73 6.17 5.56 6.45
23.00 6.46 5.93 528 6.25

Mean 5.99 5.67 494 5.77

Std dev (0) 2.52 241 2.12 2.28

Seasonal Wind Speed Variations Over 96 Hours

1 Spring Autumn Winter -

10 -

Wind Speed (m/s)

\
\
\
\
\
\
|
\
|
\
70 |
\
|
\
|
\
|
\

\ |
0 12 24 36 48 60 72 84 96

Time (hours)

Figure 3. Modeling results indicating wind speed variations across four seasons.

The corresponding Weibull distribution parameters have been estimated to capture
the statistical nature of wind variability. Table 3 shows the final shape and scale parameter
(k & c) for each season, along with their 95% confidence intervals. These results show that
the Weibull model provides a consistent and reliable fit across all seasons, with the parame-
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ter changes clearly reflecting seasonal shifts in wind behavior. Including the confidence
intervals adds robustness to the modeling, ensuring that the estimated parameters account
for uncertainty in the wind data and provide a solid foundation for the subsequent WTG
allocation analysis.

Table 3. Seasonal Weibull parameters for wind speed modeling.

Season k (Shape) 95% CI (k) ¢ (Scale) 95% CI (c)
Spring 1.8764 [1.3757-2.5591] 5.4763 [4.3689-6.8643]
Summer 2.7687 [2.0379-3.7614] 6.654 [5.7101-7.7539]
Autumn 3.0124 [2.1682-4.1854] 5.3766 [4.6765-6.1816]
Winter 3.1054 [2.2651-4.2573] 6.3097 [5.5078-7.2284]

2.1.2. WTG Modeling

In this study, the wind turbine is modeled using a standard piecewise linear power
curve that represents the behavior of modern Doubly-Fed Induction Generators (DFIGs),
it has been implemented using Equation (4) to model the WTG [43]. Specifically, the GE
1.5sle unit was adopted, with cut-in, rated, and cut-out wind speeds of 3 m/s, 12 m/s, and
25 m/s, respectively, and a rated power of 1.5 MW [44]. This turbine was chosen because
its operating range aligns closely with the measured wind statistics in Riyadh, where most
seasonal wind speeds fall within the 3-12 m/s band. This makes it suitable for reliable
energy capture while remaining compatible with distribution system operational limits.

0 for (v < Ui )&(V > Vgpo)
Pug(0) = § Pur (55585 )  for (v <0 S vwr) @
Py for (var < v < Vo)

where ng(v) = output power, Py, = rated power, v,,; = cut-in speed, vy, = cut-out speed,
and vy, = rated speed.

2.2. Load Modeling

Since Riyadh’s climate features intense heat and since temperature alters electricity
usage, power demand and load profiles are heavily impacted by seasonal shifts [45],
including by extended or shortened daylight hours that can affect day-to-day load timing.
To obtain a precise reflection of actual conditions, load modeling must therefore include
consideration of seasonal changeability.

Computation of the Base Load

The most recent two years’” worth of hourly use statistics for Riyadh were obtained,
analyzed, and cleaned. The hourly electricity consumption data for Riyadh were obtained
in collaboration with the Saudi Electricity Company (SEC) and cannot be shared publicly
due to confidentiality agreements. Appropriate corresponding time stamps were assigned,
and the data were sorted: spring (March, April, May), summer (June, July, August), autumn
(September, October, November), and winter (December, January, February). Employing
Equation (5), seasonal hourly usage statistics were normalized to the absolute hourly peak
load value. The resultant scaled seasonal usage was then mapped as shown in Figure 4.

average load profile (t)

Normalized Load Profile (t) = [Peak Load| ’ ®)
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Normalized 24-Hour Base Load Profiles for Each Season

1.1 T T T T T T T T T T T T T T T T T T T T T

Load
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Hour of the day

Figure 4. Normalized hourly demand profiles for a sample day in each season.

Conversion of these normalized base load profiles into real-life values that mirror the
24 h IEEE 33-bus test system demand was followed by the scaling of each profile to be in
line with the peak load of the IEEE 33-bus system (3.715 MW).

2.3. Yearly Load Increases

Yearly load increases constitute a critical factor in power system design that has
nonetheless been overlooked in most literature reports [46]. Any modeling that exclusively
features fixed loads throughout the system life fails to accord with actual conditions.
Prior design investigations such as [46] have been targeted at examining multi-year load
expansion. Because electricity projects are expected to last longer than 20 years, taking
yearly increases in demand into account is vital for guaranteeing long-term reliability and
sufficiency. Historical Riyadh data had already been analyzed to reveal the approximate
yearly demand growth: 5.48% [45]. For this study, the subsequent modeling phase was to
apply the basic load growth equation to establish the growth factor for multiplication by
the seasonal base load. This baseline is projected over a 20-year planning horizon using
Equation (6).

Total growth factor = (1 + annual growth rate)Y®'s ©
= (1+0.0548)%° = 2.91 ’

2.4. Modeling Seasonal Patterns and Stochasticity

For spring, summer, autumn, and winter, we generated a noise with a normal (Gaus-
sian) distribution. To replicate random changes in demand, the historical data were used
for computing a discrete mean and standard deviation for each season’s noise. To discover
how noise varies across seasons when seasonal elements are taken out, each hourly time
stamp was compared against the average seasonal load profile, and the results were applied
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to compute the average hourly mean and standard deviation of each season’s noise, as
expressed in Equation (7):

Noise(t) = Historical Load () — Seasonal Average Load (h), (7)

Simulation of the stochasticity of the seasonal data was achieved through two steps:
deriving a Gaussian noise from the computed mean and standard deviation of the noise PDF,
followed by producing a Gaussian noise with a normal distribution using Equation (8) [47]:

fa(l) = 1eXP<—(l_y")2), (8)

where f, (1) denotes the value of the noise PDF; I indicates the load, which stands for a
random variable; y, signifies the average noise distribution mean; ¢, is the sum of the
noise distribution standard deviations; and ¢;,2 represents the distribution noise variance.
As Figure 5 indicates, the modeling of the Riyadh seasonal profile was organized in the
following order: spring covers the first 24 h and summer stands for the second 24 h (24th
to 48th hours), followed by the third and fourth 24 h, which, respectively, denote autumn
and winter.

96-hour Seasonal Load Profile for Riyadh
T T ‘ T T | T T

Autumn Winter

10 -

|
|
|
|
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|
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|

Load (MW)
.

|
|
|
|
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| | |
0 8 16 24 32 40 48 56 64 72 80 88 96
Time (hours)

Figure 5. Post-modeling 96 h Riyadh seasonal load profile.

The seasonal load baseline was obtained from normalized 24 h profiles of the IEEE-33
bus system, scaled by the system peak demand (3.715 MW) and projected over a 20-year
horizon using a 5.48% annual growth rate. For clarity, the 96 h block was constructed
sequentially: hours 1-24 represent Spring, hours 25-48 represent Summer, hours 49-72
represent Autumn, and hours 73-96 represent Winter. Gaussian noise with independent
random seeds was applied to each 24 h segment. To represent short-term stochastic
variability, zero-mean Gaussian noise was superimposed on the baseline profile, with the
standard deviation set to 6% of the hourly load and values clipped at £30 to prevent
unrealistic extremes; all loads were constrained to be non-negative. To confirm robustness,
the seasonal profiles were regenerated under five independent random seeds (1, 11, 21, 31,
41). Across these runs, both peak demand and total energy showed very small variations
(coefficients of variation < 2%), confirming stability with respect to random initialization.
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Stress tests were conducted by uniformly scaling the entire stochastic profile by +20% to
represent typical rare operating conditions which has been discussed further in stability
analysis Section 7.5.

The seasonal load profile was implemented as a 96 h dataset, obtained by linking four
representative 24 h blocks (Spring, Summer, Autumn, Winter). This inevitably introduces
artificial discontinuities at the seasonal boundaries; however, these do not influence the
results, since each hour is simulated as an independent steady-state operating point in the
load-flow analysis. The purpose of 96 h linking is to captures seasonal variability while
reducing framework complexity and computational cost, compared to simulating a full
year of hourly data.

3. Problem Formulations

To improve system performance, effective DG positioning in an ADN necessitates
analysis of multiple objectives: minimized power losses, viable voltage regulation, adher-
ence to system restrictions, and attention to randomness. The following subsections discuss
the problem formulation.

3.1. Objective Functions

The principal aim of the framework proposed for this research was to satisfy four
primary technical objective functions, for which equations were implemented in MAT-
LAB code, as detailed in this section: reduced Pj,ss and Qy,es, minimized TVD, and im-
proved VSL

3.1.1. Active Power Loss Reduction (Pjss)

Real power losses attributable to distribution losses and inferior system efficiency are
indicated by the Rp; measure computed according to Equation (9). The calculation of the
objective function for minimizing reactive power loss is set out in Equation (10) [48]:

N,
Rpr =) " PLikkry, )
OFy = min (Prss), (10)
where k represents the bus number, and N, denotes the total number of branches.

3.1.2. Reactive Power Loss Reduction (Qjss)

In Equation (11), Qpy. stands for the dissipated reactive power, and the objective
function for minimizing reactive power loss is expressed in Equation (12) [48]:

Qpr = 211(\1:,,,1 QL (kk11) (11

OF, = min (QLoss)/ (12)

3.1.3. TVD Minimization

A measure of the amount by which each load bus deviates from the others, the TVD
points to voltage level fluctuations and departures from the preferred norm, which can
undermine performance [49]. Minimizing the TVD safeguards voltage supply quality.
Equation (13) spells out the TVD calculations, and Equation (14) presents the objective
function for TVD minimization [50]:

VD =Y (Vi- Vref)Z, (13)

OF3 = min (VD), (14)
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where V; indicates the actual voltage, V,, f is set at 1.0 p.u., a denotes the bus number, and
n specifies the number of buses.

3.1.4. VSI Enhancement

When bus voltages cannot be determined with surety, the results destabilize voltages
and create havoc in DNs. As a pivotal indicator of stability, the VSI acts as a vital barometer
of network security, and curbing VSI values for all buses can forestall instability. Deter-
mining the most effective DN positions for DG units promotes a healthy VSI, thus keeping
appropriate voltage levels at each bus. For this study, Equation (15) was used for computing
the VSI at each bus. A near-zero value means imminent collapse of a bus voltage. The goal
is to optimize the minimum VSI by making sure that VS q) stays as close to 1 as possible,
thereby improving voltage stability and total performance. Equation (16) sets out the
objective function for maximizing the VSI for each branch k to (k + 1) [50]. In Equation (17),
the VSI objective was reformulated as minimizing 1/min (VSI). This is mathematically
equivalent to maximizing the weakest bus VSI. Since the values of VSI remain strictly
positive for all feasible power flow solutions, numerical instability near VSI — 0 does
not occur. Moreover, collapse states with near-zero VSI are inherently prevented by the
voltage magnitude and current constraints already embedded in the optimization, ensuring
bounded and consistent evaluations across runs.

VSIki) = Vi —4(Per1Rps1 + Qes1Xirr1) X VE — 4(Pega Xigks1 — Qk+1Riks1) (15)

OF, = max (min(VSI(k,kH))) , (16)

1
OF,; = min - , 17
! <mm (VSI(k,k+1))> a7

4. Multi-Objective Function Formulation

Optimizing the technical benefits of WTG placement in ADNs involved four technical
parameters: Pjogs, Qloss, TVD, and the VSI. These factors are evaluated simultaneously,
alongside compliance with relevant operational constraints, as outlined in the following
subsection. The mathematical formulation of the multi-objective function (MOF) is defined
in Equation (18) with each factor normalized using the Weighted Sum Method (WSM).
Each parameter is divided by its base value for harmonious and viable optimization that
enables technical factors to be compared at identical scales, with equal weights assigned,
and with balanced compromises among objective functions. This process also keeps the
algorithm from being dominated by objectives with higher absolute values.

OFl OFZ OF3 OF4
OFT =W (PIEODG > + w2 <Q£10DG > +ws <TVDn0DG +wy VSInoDG 4 (18)

where OFr stands for the MOF, and wi, wy, w3, and wy are weighting coefficients for
each optimization factor such that the sum of the absolute coefficient values equals 1.
Most verification and standardization research has involved WSM in which the weighting
coefficients are divided equally. The four weights were thus fixed at 0.25 each, to be later
modified according to decision-maker or planner preferences. To verify robustness, we
have tested additional weight samples, such as (0.40, 0.40, 0.10, 0.10) and (0.10, 0.10, 0.40,
0.40) to emphasize loss reduction and voltage stability, respectively. As shown in Table 4,
varying the weights did not change the scenario ranking or optimal locations. It only shows
marginal shifts in objective values, confirming robustness of the default equal weighting.
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Table 4. Tested weight sets for the multi-objective function.
Weight Set (Ploss, Qloss, TVD, VSI) Main Observation
Equal (default) (0.25,0.25, 0.25, 0.25) Balanced trade-off; used in all main results
Loss-focused (0.40, 0.40, 0.10, 0.10) Slightly lower losses, but same optimal buses
Stability-focused (0.10, 0.10, 0.40, 0.40) Slightly higher VSI, but unchanged scenario ranking

The set values PROPS, QnoPS TyDroPC and VSIMOPS designate the system perfor-
mance metrics of the IEEE 33-bus base case. OF;, OF,, OF3, and OF; respectively denote
the objective functions for Pyoss, Qjoss, TVD, and VSI, which are detailed below.

Results showed that only marginal shifts in optimal locations and sizes, with all cases
preserving the same ranking of scenarios and significant improvements over the base case.
This indicates that the chosen equal weighting does not bias the conclusions. It should
be noted that weighted-sum formulations automatically turn multiple objectives into a
single scalar value. This can make it difficult to see the whole Pareto front and miss out on
trade-off solutions. However, in this study the objectives were found to be largely aligned,
making the equal-weight WSM formulation adequate for practical ADN planning.

4.1. System Constraints

For the best DN operation and planning, several constraints must be in force to guaran-
tee that the system provides reliability and stability within physical and operational limits.
These restrictions are essential for specifying the feasible solution space for optimization
problems, especially for DG positioning and sizing. The main system constraints examined
in this study are detailed below: power balance, voltage, current, DG capacity, DG location,
and DG power factor. The methodology for confirming the system’s operational viability
through power flow calculations is also described.

4.1.1. Power Balance Constraint

Power flow analysis requires that a mandatory equality constraint termed power
balance be fulfilled as a means of ascertaining that demand power plus power losses equate
to total generation. This balance must be satisfied for both active and reactive power
elements, as detailed in Equation (19) and Equation (20), respectively, [51]:

NDG NB NBR
P + Zk:l PDG,k = Zi:l PDemand, i p—1 PLoss, i k=1...NDG, (19)

NDG NB NBR
Qe + Zk:l Qpci = Zi:l QDemand, i h=1 Qross, i k=1...NDG, (20)
where k denotes the number of DGs; i and b represent bus and branch numbers; Qg and
P; indicate the respective reactive and active power injected by the main substation; and
Qpc,k and Ppg  stand for the reactive and active power, respectively, produced by the
ki, DG.

4.1.2. Voltage Constraints

The purpose of voltage constraints is to verify that voltage magnitude V; at any bus i is
within £5% of the RDN rated voltage. As set out in Equation (21), in per unit calculations,
this figure falls between a Vi,in value of 0.95 p.u. and a Vinax value of 1.05 p.u.; Voltage
deviations outside 0.95-1.05 p.u. are penalized using a quadratic penalty function. A soft
violation within 0.90-0.95 or 1.05-1.10 p.u. incurs a moderate penalty (10?), while violations
beyond 0.90-1.10 p.u. incur a large penalty (10%), effectively restoring feasibility.

Vmin S Vi,i+1 S Vmax/ (21)
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4.1.3. Branch Current Constraints

Line overloads were penalized proportionally to the overload percentage. Exceeding
the thermal limit by 1% incurred a linear penalty scaled by 10, which grows with the
severity of the violation. To fulfill current or thermal limits, the branch current [;; between

nodes i and j cannot be greater than that branch’s maximum capacity ( I :'1,1]‘” ) , as stipulated
in Equation (22):
L < I, (22)

4.1.4. DG Capacity Constraints

Starting DG capacity is specified according to explicit minimum and maximum ac-
tive and reactive power output capacities, respectively, as detailed in Equations (23) and
(24) [38]. The minimum-maximum generation bounds for each DG were defined such
that the total installed DG capacity does not exceed 100% of the IEEE 33-bus system base
capacity, corresponding to an upper limit of 3.715 MVA. Solutions proposing DG capacities
outside the specified min-max bounds were discarded by assigning a fixed penalty (10°),
ensuring only feasible DG sizes remained. The achieved total DG capacities per scenario
are reported in the results tables and show that the optimal solutions did not reach this
upper bound. This ensures penetration remains realistic without artificially limiting the
feasible search space.

PR&. < Ppg,i < PR, (23)
err)uél,z < QDG,i < err)laG),(i' (24)

4.1.5. DG Location Constraints

The limit expressed in Equation (25) prevents a DG unit from being installed at the
slack bus (bus #1) since it serves as the slack bus. Equation (26) allows no more than a
single DG to be placed at any individual bus, all while still adhering to the restriction on
the maximum number of buses:

2 < LDG;, (25)

LDG; # LDG;j < Npys, (26)

where LDG; and LDG; indicate the position of the iy, and jy DG, Ny, is the number
of buses.

4.1.6. DG Power Factor Constraints

When the optimal DG power factor must be established, to make certain that DG units
are operating productively, the power factor is restricted to an upper limit of 1 and a lower
limit of 0.9, as defined in Equation (27). Further, we have assumed that DGs are constrained
to operate within 0.9 < PF < 1.0, indicating unity to lagging operation. This assumption
ensures that DGs are primarily expected to inject active power while providing limited
reactive power support (Q > 0). Leading PF operation (absorbing reactive power) was not
included. The PF was assumed to be fixed during optimization rather than dynamically
scheduled on an hourly basis. Moreover, power factor violations below 0.9 were penalized
linearly with a weight of 10%, ensuring that the optimizer always converged to feasible PF
values within the 0.9-1.0 range.

0.9 < Power Factor <1, (27)

To enforce these operational limits during optimization, a penalty-based constraint
handling mechanism was adopted. For any candidate solution, violations of voltage, branch
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current, DG capacity, DG location, or DG power factor constraints were translated into
additive penalty terms. Equation (28) represents the overall penalized objective function:

OFpen = OF7 + "‘UZ (AV)2 + “IZ (AI)Z + “PFZ (APF)Z + &1oc * Noiol (28)

where OFr is our main multi-objective function, AV, Al, and APF denote the respective
violations, Ny;,; is the number of location violations, and « values (102-10°) are empirically
tuned penalty coefficients (with o = 10 for voltage, o = 103 for current, and « = 10° for
DG penetration in the reported runs). This formulation used to ensure that infeasible
solutions are assigned sufficiently large penalties to restore feasibility while preserving
search efficiency.

5. Power Flow Computation

Contrary to a transmission system, a RDN normally features a substantial reac-
tance/resistance (R/X) ratio and unbalanced loads, so that conventional power flow
techniques, e.g., the Gauss-Seidel method and Newton Raphson method (NRM), take
an extremely long time or cannot converge. For this reason, with RDNs, numerous re-
searchers opt for power flow analysis (PFA) approaches derived from Kirchhoft’s laws,
e.g., the backward/forward sweep (BFS) power flow algorithm introduced in [6], the
common choice for RDNs. Results of other work [52,53] demonstrated the utility of for-
ward/backward sweeps in RDNs, but iterative approximations prove more suitable in
meshed networks. Which PFA type is preferable is reliant on the design of the RDN. The
iterative BFS method proceeds to the point of the bus voltage converging to a stable solution
so that bus voltage shifts between repeated attempts drop below a stipulated tolerance.
Initial bus voltages are first matched to that of the reference bus (typically 1 p.u.), and the
starting branch currents are set to zero. Every iteration comprises two primary phases: a
backward sweep and a forward sweep. The backward version entails recomputing branch
currents from the end buses (leaves) in the direction of the root bus (source) according to
the power mismatch: the difference between injected and load power. On the other hand, a
forward sweep means that voltages are updated at each bus, from the slack bus through
to the end buses. The fall in voltage over each branch is then computed based on branch
currents and impedance. Figure 6 depicts an RDN scheme, with active and reactive power
flows identified and with k denoting the bus number at the iteration under scrutiny.

0 1 k-1 k k+1 n

PO’ QO Pls Ql > Pk—ll Qk—l

> > Py, Q > Pk+1.Qk+1> Py, Qn >

Pip1. Qupa Pipk-1.Qup -1 PipierQup ke Pipx+1s Qo+t Pipn Qo

Figure 6. Schematic of an RDN.

5.1. Test System

The commonly used IEEE 33-bus test configuration was chosen for assessment pur-
poses. All per-unit quantities in this study are referenced to a base of 3.715 MVA and
12.66 kV, consistent with the IEEE 33-bus system. Because it features in most reported work,
evaluating the efficacy of new methodologies is more straightforward since fresh research
results can be verified against those from prior studies. Figure 7 provides a circuit drawing
of the IEEE 33-bus radial test topology.
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Figure 7. IEEE 33-bus test system schematic.

5.2. Mathematical Formulation

Figure 8 is a line drawing of the DN radial topology. Equations (29) and (30), respec-
tively, specify the formulation of the active (P;) and reactive (Qx) power.

Vi Viera

Sending End Receiving End

Rk,k+1 + ka,k,+1 p +j0
k+1 k+1

B N asa Lo i
B B

Pipx + Qupi Pipr+1 + Qupist

Electrical
Substation

Figure 8. DN radial system schematic.

PL+Q5

Pe= Pey1+Prprt+ Rk,k+1(W)r (29)
P2, +Q?

Qk = Q41+ Qrpi+1 + Xkt (W) (30)

where k denotes the sending bus number, and k + 1 identifies the receiving bus number. Py
and Q; were computed in the backward direction-based Equation (31), and the receiving
bus voltage (Vj1), in the forward direction from the square root of Equation (31).

2 P2+Q2
Vs |2 = V& = 2(Rijes1 P + X1 Qi) + (R%,kJrl + X/%,kﬂ) <|kvk|zk) (31)

Equations (32) and (33) were applied for calculating the real (Rp;) and reactive (Qpr)
power losses, respectively, between the sending bus k and the receiving bus k + 1 [48]:

P2+ QZ
Rprjy ) = Rk,k+1< |ka|2k>’ (32)

_ P+Qf
QPLjsin) = Xk,k+l< vt ) (33)
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6. Optimization Methodology

The following subsections describe the approach applied for creating the new framework.

6.1. Overview of Grey Wolf Optimizer (GWO)

In the model presented here, GWO was executed for determining the best DG po-
sitioning. Unimodal and multimodal benchmark functions are usually employed for
investigations of the exploration and exploitation efficacy of an optimization algorithm.
Unimodal functions are suitable for exploitation benchmarking due to their single global
optimum [17], but for assessing exploration, multimodal functions are preferable: mul-
tiplying at an enormously fast rate based on dimension, their numerous local optima
enable them to evaluate an algorithm’s capacity for competently scrutinizing the search
space while evading local optima. The GWO mathematical modeling required two phases
involving separate core equations for each: encircling the prey and subsequently hunting
and attacking the prey.

6.1.1. Encircling the Prey

Algorithm exploration, which in GWO is called encircling the prey, means computing
how far apart the wolves and prey are. Equations (34) and (35) governed the modeling of
this stage [17]:

X(t4+1) = X,(t) —A-D, (34)
D=|C-X,(t) - X(1)), (35)

— —
where X(t) and X(t+ 1) give the locations of a gray wolf at iterations t and t + 1, respec-

— —
tively, and X, (t) designates the position vector of the prey at iteration t. Vectors A and
4)

C, computed from Equations (36) and (37), respectively, dictate wolf moves and are vital
for seeking good solutions in the search space. Vector C can be viewed as stemming from
natural hindrances that prevent wolves from quickly and easily approaching the prey. The

%
values of @ and A are adjusted to even out exploration and exploitation. When | Al >1,
gray wolves must separate from the prey to discover superior solutions, but the reverse is
true for | Al < 1: wolves have to move together in the direction of (i.e., attack) the prey [17].
- = —
a

N
A=2a-r1—a, (36)

—

C=2-7, (37)

where 71 and r, represent random vectors within the range [0, 1], and 4 is a factor that
decreases linearly from 2 to 0 over the course of the iterations, according to Equation (38).

—
a

=2(1—t/T), (38)
where f signifies the current iteration, and T stands for the maximum number of iterations.

6.1.2. Hunting and Attacking the Prey

A pivotal feature of GWO is the hunting mechanism, or exploitation. Alpha wolves
(«) can recognize and pinpoint prey, which makes them capable directors of search space
movements. Next best in executing this job are beta () and delta (§) wolves. Each time
the top three solutions are determined at any time in the search, the wolves must alter their



Sustainability 2025, 17, 8819

19 of 33

locations according to preferable positions, as established by their closeness to the prey.
Equations (39) and (40) are the mathematical equations that control this procedure [17]:

- - — =\ — - - - - - = -
X1 =Xo—Ar- (Da),Xz =Xp— Az (Dﬁ),Xa =X;—As- <Dzs), (39)

—

— - =
D,X_’nya—x

—

— - = — - = —
,Dﬁ_‘cz-xﬁ—x,D(S_‘cg,-X‘;—x, (40)

The last of these tasks is to use Equation (41) to average the three best wolf positions
in order to establish a revised gray wolf location [17]:
— — —
= X1+ Xo + X3

X(t+1) = 3 ) (41)

— —
where X; = X, indicates the position of the alpha wolf (the best solution yet discovered),

§2 = }?ﬁ signifies the position of the beta wolf (second-best solution), and §3 = ?(5 repre-
sents the position of the delta wolf (third-best solution).

Based on Equations (39) and (40), the gray wolves (search agents) continue to revise
their locations at each iteration until they have determined the optimal position yet discov-
ered. Hunting ends with the wolves attacking the prey (converging to the optimal location).

6.1.3. Proposed GWO with OBL Augmentation (OBL-GWO)

Since GWO is susceptible to stagnation in local optima, it was augmented with OBL
due to prior success with OBL in this context: it facilitates diverseness; helps the algorithm
break free of local optima; and enhances learning, searching, and optimizing.

OBL features two primary techniques for establishing an opposite solution; which one
is selected is reliant on the spatial extent of the search area for the particular problem [35]:

e  Opposite number method: This version of OBL involves an examination of the op-
posite of a real number x within the range [a,b], where a and b are the lower and
upper bounds of the solution space in the set of R. The inverse of the number x where
x € [a,b] is designated ¥ and is computed according to Equation (42):

X=a+b—x, 42)

The opposite number ¥ is replaced by its matching solution x based on the fitness
function. If x dominates x, then x = x.

e  Opposite point method: This method extends the opposition concept to encompass
multidimensional points. X can be expressed as the vector X = [x1,X1,...,Xn], where
each x; is situated within its particular bounds [a]-, b;], and its correlated opposite
point is designated X = [x1, X2, ..., X,], to be computed as in Equation (43):

X; :aj+b]-—x]-, (43)

where j=1,2, ..., n.

With this method, the opposite vector X is swapped for its matching solution X based
on the fitness function. If X dominates X, then X = X.

In this study, the standard Grey Wolf Optimizer (GWO) has been enhanced by in-
tegrating the opposite point mechanism of Opposition-Based Learning (OBL), as formu-
lated in Equation (43). This enhancement is particularly suitable for addressing the high-
dimensional nature of the optimization problem, which involves a diverse set of decision
variables, including discrete variables (bus locations) and continuous variables (active and
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reactive power ratings of distributed generators). Furthermore, the problem is governed by
multiple operational constraints and objective functions. Consequently, each search agent
or wolf in the algorithm represents a multi-dimensional solution vector rather than a single
scalar value, with each dimension corresponding to a specific decision variable.

7. Results and Discussion

For the work presented here, conventional GWO was applied but with the inclu-
sion of the new OBL-GWO algorithm for finding ideal WTG-type DG locations in RDNs.
In this study, the new approach was assessed with respect to WTG integration only.
Four placement scenarios were examined for both standard GWO alone and the new
OBL-GWO variant:

Base Case: Normal network operation with no DGs;

Scenario 1: One WTG unit with an optimal power factor (OPF);
Scenario 2: Two WTG units with an OPF;

Scenario 3: Three WTG units with an OPFE.

An OPF is assumed in all cases so that study findings can be compared to published

outcomes since most related reports suggest the use of an OPF in WTG modeling.

7.1. Assessment of the Base Case

Implementing a base case, in which the IEEE 33-bus test system was analyzed and
simulated alone with no DGs, facilitated comparison with other DG penetration configura-
tions. Table 5 lists the test system specifications: total number of buses (Nj,s) and branches
(Npr), nominal voltage, base power, and total system load (MVA).

Table 5. IEEE 33-bus test system parameters.

System Parameter Value
Number of buses (Np,;) 33
Number of branches (Nj,) 32
Nominal voltage (kV) 12.66
MVA base 100
Siond (MVA) 3.715 +{2.300

MATLAB base case simulations involving no added DG units generated the base per-
formance output shown in Table 6. Total active and reactive power losses were 210.07 kW
and 142.43 kVAr, respectively, and the TVD came to 0.1328. The simulation results align
with reported findings, with close to a £5% error margin [51,54,55].

Table 6. Base case simulation outcomes (no DG).

Performance Metric Simulated Value
Ploss (KW) 210.07
Qloss (kKVAr) 142.43
TVD (p.u.) 0.1328
VSI (p.u.) 0.705
Vimin (p-u.) 0.9072

The power flow findings illustrated in Figure 9 reveal the voltage measurements across
buses. Clearly visible in the voltage profile is a marked voltage drop located away from
the substation along the RDN, especially at buses 18 and 33, where the voltage falls to
minimum levels, with the lowest value of 0.9072 p.u. at bus 18.
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Voltage profile for the IEEE 33-bus test system for the base case
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Figure 9. Base case voltages at each bus in the test system.

7.2. Multi-Objective Optimization

Further testing involved implementing identical predefined configurations but with
varied amounts of WTG integration, first with standard GWO and then with the developed
OBL-GWO technique. For each approach, the results of the four scenarios were compared
with respect to ideal locations, optimal DG sizing, Pj,ss, and TVD and VSI findings. Stan-
dard GWO simulation was performed using MATLAB R2022a on a MacBook equipped
with an Apple M1 Pro processor and 16.0 GB of RAM, running macOS Sonoma (version
14.5). The OBL-GWO simulation features the same predefined, different WTG integration
scenarios, modeling input datasets and algorithm criteria as for standard GWO. Table 7
shows the specifications for both the GWO and OBL-GWO simulations.

Table 7. Optimization setup and reproducibility parameters.

Parameter Value/Description
Maximum iterations 200
Population size 100 search agents
Randomization policy 30 independent runs with different random seeds
Stopping criteria Maximum iterations
OBL injection policy Applied every iteration (100% rate)
DG size limits (kVA) 0 <S_DG < 3000
DG power factor limits 09<PF<1.0
Simulation environment MATLAB R2022a, Apple M1 Pro, 16 GB RAM, macOS Sonoma 14.5

The final reported runs correspond to random seeds {1, 11, 21, 31, 41}, with a stopping
criterion of 200 iterations. Subject to the same predefined specifications, simulations using
both conventional GWO and OBL-GWO generated the detailed results listed in Table 8.

Examining base case results against those for other scenarios (Table 8) makes it very
clear that incorporating DGs can substantially decrease power losses and enhance the volt-
age profile. Detailed GWO and OBL-GWO findings are discussed in the next subsections.
To ensure statistical rigor, for both GWO and OBL-GWO methods, 30 independent runs
have been executed. Results show mean = std, best, and worst values for Py, TVD, Vinin,
and VSI. These are now presented in Table 9, and the findings confirm that OBL-GWO
consistently delivers superior and more stable performance.



Sustainability 2025, 17, 8819 22 of 33
Table 8. Multi-objective GWO and OBL-GWO outcomes for all scenarios.
. Optimal Optimal Sizing %DG Power Losses TVD VSI Vin
Method Scenario  Locations P(kW) Q(kvar) Penetration p,__ (kW) p-u. p-u. p-u.
- Base Case - - - - 210.07 0.1328 0.705 0.9072 (18)
Scenario 1 8 2145 1534.50 71.6% 58.75 0.0086 0.8781 0.9671 (18)
13 850 789.33
Scenario 2 75.2% 38.9 0.0023 0.9172 0.9749 (18)
30 1300 979.50
GWO
31 1200 462.78
Scenario 3 25 821 504.73 95.4% 18.63 0.00059 0.9677 0.9727 (33)
32 940 893.39
Scenario 1 6 2317 1923.40 81.4% 42.83 0.0048 0.9135 0.9717 (18)
32 1820 1210.27
Scenario 2 99.2% 22.59 0.0017 0.9673 0.9897 (33)
OBL- 6 1250 864.23
GWO 30 92312 51323
Scenario 3 13 1378.23 620.23 94.1% 10.22 0.00031 0.9982 0.9947 (25)
25 115.24 913.56
Table 9. Statistical performance over 30 independent runs of GWO and OBL-GWO.
Method Metric Best Worst Mean =+ Std
Ploss (kW) 36.8 41.2 389 £1.5
GWO TVD (p.u.) 0.0016 0.0019 0.0017 £ 0.0001
VSI (p.u.) 0.913 0.921 0.9172 £ 0.003
Vmin (p-u.) 0.9725 0.9765 0.9749 + 0.0015
Ploss (KW) 21.9 23.5 22.6 £0.6
TVD (p.u.) 0.0022 0.0024 0.0023 + 0.0001
OBL-GWO
VSI (p.u.) 0.965 0.97 0.9673 + 0.002
Vmin (p-u.) 0.988 0.991 0.9897 + 0.0015

7.2.1. Conventional GWO Results

For the Scenario 1 simulation that entailed the use of standard GWO with 71.3%
WTG integration, power losses decreased by 72.15%, the TVD was enhanced by 93.52%,
and the VSI rose by close to 7% compared to the base case. With Scenario 2, despite the
DG penetration being 9% lower compared to Scenario 1, the added WTG units that were
optimally positioned in two ideally sized buses made the TVD substantially better by
98.72% and reduced the real power loss by 81.56% relative to the base case. With Sce-
nario 3’s three WTG units incorporated at the best placements (bus 31, bus 25, and bus
32) and sizable WTG integration of about 81.16% of system capacity, further apprecia-
ble improvements vis-s-vis the base case was apparent with respect to real power loss
(91.17%) and TVD (99.56%). Scenario findings were then mapped by season. Figure 10a—
display seasonal bus voltage profiles for GWO scenarios 1, 2, and 3, respectively, with
the divergent base case graphing lines shown in each case. Vertical axes indicate per unit
voltage quantities and horizontal axes note bus numbers. Due to the reduced wind speeds
during the summer and autumn seasons, the minimum voltage was observed during
these seasons at bus 18 for Scenarios 1 and 2, and at bus 33 for Scenario 3, with values of
0.967 p.u., 0.974 p.u., and 0.9727 p.u., respectively. This level is under the soft voltage limit of
0.95 p.u. (—5%) while still fulfilling the hard constraint of 0.9 p.u. (—10%) as the minimum
permissible voltage.
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Figure 10. Seasonal voltage profiles with GWO applied for varied numbers of DGs embedded in
the IEEE 33-bus test system shown in per-unit on a base of 3.715 MVA and 12.66 kV: (a) Scenario 1:
one WTG unit; (b) Scenario 2: two WTG units; (c) Scenario 3: three WTG units.

7.2.2. Outcomes with OBL-GWO

Figure 11 displays the IEEE 33-bus RDN scheme, with DGs embedded according
to three predefined scenarios established according to the OBL-GWO technique. The
designated network starting point is the medium-voltage (MV) substation. To highlight
which buses were allocated DGs, the scenarios were given contrasting colors, with DG
positions marked by color-coded wind turbine images. To enhance grid performance and
achieve the study goals, the scenarios were chosen to improve network performance and

accomplish the research objectives.
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Figure 11. DN scheme for use with the OBL-GWO approach.

Table 7 shows that, for every DG penetration level, the new OBL-GWO technique
unquestionably outperformed the base case in terms of power losses and voltage profiles.
Scenario 1’s 68.9% WTG penetration reduced power losses by 79.7%, markedly enhanced
TVD (by 96.39%), and raised the VSI by nearly 29.5%. The 16% step up in WTG integration
under Scenario 2, featuring WTG units optimally located at two separate buses, resulted
in a 98.27% healthier TVD and a 89.29% decrease in power losses. Scenario 3, with close
to 92% WTG penetration from installations at buses 30, 13, and 25, produced an 95.16%
decrease in power losses and a 99.7% improved voltage profile relative to the base case.

The OBL-GWO findings from the three scenarios were summarized as the seasonal
voltage profile graphs displayed in Figure 12a—c. Profiles for every bus are included for
each scenario and each season. Vertical axes designate voltage measurements (p.u.) and
horizontal axes give the bus numbers. The OBL-GWO results revealed seasonal variations,
with the lowest voltages recorded at bus 18, bus 33, and bus 25 at approximately 0.971 p.u.,
0.989 p.u., and 0.994 p.u. for Scenarios 1, 2, and 3, respectively. These voltage drops are
attributed to the reduced wind speeds during the summer and autumn seasons across
all scenarios. However, levels were still within £5% of permitted thresholds and were
considerably better than test system operating parameters under the base case. In fact, the
optimal voltage profiles for every scenario were those for spring, which are characterized
by normal loads and moderate wind speed.

Opverall, due to local load compensation resulting from DG integration, increasing the
level of WTG penetration clearly leads to corresponding improvements in power loss Pjqgq
and voltage profile, particularly at lower penetration levels.
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Figure 12. IEEE-33 test system voltage profiles for each season obtained with the OBL-GWO method
shown in per-unit on a base of 3.715 MVA and 12.66 kV: (a) Scenario 1 (one WTG unit); (b) Scenario 2
(two WTG units); (c) Scenario 3, (three WTG units).

7.2.3. Comparative Evaluation of Standard GWO and Proposed OBL-GWO

To provide a complete overview, Table 10 summarizes the final performance metrics
(P1oss, TVD, VSI, and V) for the no-DG baseline and Scenarios 1-3 under both GWO and
OBL-GWO. The table shows the further improvements of both methods relative to the base
case. It also shows the additional improvements achieved by OBL-GWO in comparison
with the standard GWO. The results highlight that OBL-GWO consistently achieves greater
reductions in losses and voltage deviations, while further enhancing VSI compared to both
the baseline and standard GWO across all scenarios.

Before optimization, the base case exhibited a minimum bus voltage of 0.907 p.u. (at
bus 18) and occasional branch overloads beyond rated limits. After optimization, in all OBL-
GWO and GWO scenarios, the final converged solutions were strictly feasible where all bus
voltages remained within 0.95-1.05 p.u. and no line overloads were observed. Therefore,
the penalty terms were inactive in the final solutions, confirming that the reported results
correspond to strictly feasible operating points.
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Table 10. Performance metrics comparisons for base case, GWO, and OBL-GWO under Scenarios 1-3.

Scenario Method/Improvements Ploss (KW) TVD (p.u.) VSI (p.u.) Vin (p-u.)
Base Case - 210.07 0.1328 0.705 0.9072
GWO 58.75 0.0086 0.8781 0.9671
Improvements vs. Base 72.03% 93.52% +24.55% +6.60%
Scenario 1 OBL-GWO 42.83 0.0048 0.9135 0.9717
Improvements vs. Base 79.61% 96.39% +29.57% 711%
Improvements vs. GWO 27.1% 44.19% +4.03% +0.48%
GWO 38.9 0.0023 0.9172 0.9749
Improvements vs. Base 81.48% 98.27% +30.10% +7.46%
Scenario 2 OBL-GWO 22.59 0.0017 0.9673 0.9897
Improvements vs. Base 89.25% 98.72% +37.21% +9.09%
Improvements vs. GWO 41.93% 26.09% +5.46% 1.52%
GWO 18.63 0.00059 0.9677 0.9727
Improvements vs. Base 91.13% 99.56% +37.26% +7.22%
Scenario 3 OBL-GWO 10.22 0.00031 0.9982 0.9947
Improvements vs. Base 95.13% 99.77% +41.59% +9.65%
Improvements vs. GWO 45.14% 47.46% +3.15% +2.26%

7.3. Convergence Behavior

To compare the performance of the standard GWO and the proposed OBL-GWO
algorithm further, Figure 13 presents the convergence curves across all scenarios that
clearly demonstrate the superior performance of the OBL-GWO method. In each scenario,
OBL-GWO converges faster and reaches a lower normalized objective value compared to
the standard GWO. In Scenario 1, OBL-GWO converges to a value near 0.14, whereas the
GWO settles around 0.42. In Scenario 2, OBL-GWO again outperforms at approximately
0.1, compared to GWQO's lowest value of about 0.31. Moreover, the performance further
improves in Scenario 3, where the OBL-GWO achieves a normalized objective value of
approximately 0.05, and GWO levels off at 0.2. The improvement is particularly evident
during the early iterations. OBL-GWO rapidly approaches optimal solutions, while GWO
converges more slowly and often settles at higher objective values. The performance
gap between the two methods becomes significant as the number of WTGs increases.
This indicates that OBL-GWO handles increased problem complexity more effectively.
Additionally, the stability of the OBL-GWO results in the flat convergence curves after early
iterations, suggesting that the algorithm avoids premature convergence and maintains
robustness throughout the optimization process.

To strengthen the convergence analysis, both GWO and OBL-GWO were executed
for 30 independent runs for scenario 2, and median convergence curves with interquar-
tile ranges (IQR) were plotted with shaded interquartile (25th—75th percentile) bands
(Figure 14). The results confirm that OBL-GWO converges more rapidly and with lower
variance compared to GWO. Furthermore, an ablation study was conducted to isolate the
contribution of opposition-based learning (OBL). When OBL was applied only during
injtialization, the improvement over standard GWO was marginal, whereas applying OBL
at every iteration produced substantially better convergence and final objective values. This
demonstrates that the continuous injection of opposite solutions is critical to the enhanced
performance of the proposed OBL-GWO.
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Figure 13. Convergence curves of the conventional GWO and the proposed OBL-GWO algorithm for
all scenarios.
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Figure 14. Convergence curves (median + IQR over 30 independent runs) for GWO and OBL-GWO
in Scenario 2.

7.4. Comparison with Techniques Published in the Literature

Because the OBL-augmented GWO maintains variety in the search process and pre-
vents premature algorithm convergence, with respect to optimal DG allocation, the pro-
posed OBL-GWO approach also outperformed other methods reported in published studies
conducted under similar conditions. For Scenario 1, the OBL-GWO algorithm significantly
improved the voltage profile and reduced total power losses on the IEEE 33-bus test system
by involving a single WTG unit injecting active and reactive power at the optimal power
factor (OPF), as shown in Table 11 and Figure 15. Although TVD and VSI values are not
included due to a lack of reference data in the literature, the results clearly show that
OBL-GWO outperformed conventional and advanced metaheuristic techniques such as
GA, PSO, and SCA. Across all scenarios, the proposed method consistently achieved better
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technical performance, confirming its robustness and effectiveness in solving complex
multi-objective optimization problems in active distribution networks. The accompany-
ing tables and figures offer detailed numerical and visual comparisons with benchmark
methods from the literature.

Table 11. Results using the proposed approach compared with those produced by existing methods
for Scenario 1 1.

Method/Reference Year Optimal Optimal Sizing Real Power Losses OPF Vmin (p-u.)
Locations P (kW) Q (var) Pioss kW) Qo5 (kvar)
Base Case - - - - 210.98 - 0.82 0.9038 (18)
HHO-PSO [51] 2019 6 3088 2155.43 61.36 - 0.80 0.9557 (18)
TLBO-GWO [56] 2019 30 1000 750.00 81.43 - 0.82 0.9558 (18)
SCA [57] 2021 6 2546.8 1777.68 67.86 - 0.82 0.9510 (18)
HA-SCA [57] 2021 6 2546.715 1777.62 67.86 - 0.84 -
GA [58] 2022 6 3025.1 1954.00 74.33 55.94 0.83 0.9424 (18)
PSO [58] 2022 6 2888.1 1940.80 73.14 54.86 0.84 0.9424 (18)
AGTO [59] 2025 6 2541.7 1775.2 67.87 54.81 0.82 0.9580 (18)
GWO [P] 2025 8 2420.3 1534.50 58.75 58.75 0.86 0.9671 (18)
OBL_GWO [P] 2025 6 3250.7 1923.40 42.83 42.83 0.82 0.9717 (18)

! Table Abbreviations: HHO-PSO: Harris Hawks Optimizer-Particle Swarm Optimization; TLBO-GWO: Teaching-
Learning-Based Optimization-Grey Wolf Optimizer; SCA: Sine Cosine Algorithm; HA-SCA: Hybrid Analytical
Sine Cosine Algorithm; GA: Genetic Algorithm; PSO: Particle Swarm Optimization; AGTO: Artificial Gorilla
Troops Optimizer. [P]—the proposed method presented in this study.
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Figure 15. Literature comparison of active power losses for Scenario 1. Results of the proposed
methods (OBL-GWO and GWO) are compared with other approaches reported in the literature,
including AGTO [59], PSO [58], GA [58], HA-SCA [57], SCA [57], TLBO-GWO [56], and HHO-
PSO [51].

7.5. Stability Analysis Under Random Seeds and Extreme Conditions

To confirm robustness, the optimization was repeated with several random seeds
affecting both load noise (with zero-mean variability) and algorithm initialization. The
main results (power losses, voltage profiles, and VSI values) showed only small variations,
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and the ranking of scenarios remained unchanged. In addition, stress tests with £20%
to cover rare extreme demand scenarios were performed. In all cases, the algorithm
converged successfully, and the improvements in loss reduction, voltage stability, and
VSI were consistent, confirming that the conclusions are stable under different seeds and
operating extremes. Figure 16 depicts the seasonal load profiles with different seeds, +20%
stress test cases, and zero-mean variability.

Seasonal Base Load Modelling for Riyadh
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Figure 16. Seasonal base load modeling with stability analysis used for validation.

It should be noted that this study has several limitations. The power factor was
modeled as fixed rather than time-varying, which could affect dynamic dispatch realism.
In addition, only one turbine model (GE 1.5sle) and a single test feeder (IEEE 33-bus) were
used for validation. Future work could extend the framework to time-varying PF schedules,
alternative turbine technologies, and larger or meshed distribution networks. Furthermore,
this study is limited to specific technical objectives, whereas other important aspects such
as economic costs, social acceptance, and environmental impacts are equally crucial for
comprehensive planning.

8. Conclusions

Successful planning must consider stochastic weather-contingent REG and seasonal
demand. A useful, newly developed five-year database provides actual wind speed and
load consumption statistics. Three scenarios with varied WTG integration were tested on
the IEEE 33-bus system to obtain exploration and premature convergence results under both
conventional GWO and OBL-augmented GWO. Optimal OBL-GWO DG placements led to
decreased P, and TVD. While only nominally enhanced, VSI and Vyyi, were invariably
unrivaled under very different parameters and DG installations. The proposed approach
also surpassed other methods across the board with respect to Pjs5, TVD, VSI, and Viyin.
The findings testify to the contribution of the new technique as significant progress in
vital efforts to incorporate green REG into today’s networks. The framework promotes
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resilient, cost-effective, sustainable electricity networks that can meet burgeoning demand,
safeguard grid stability, and manifest soundness and practicality in unraveling complicated
optimization challenges. OBL-GWO could also assist with co-optimizing WTG-based
DGs and EVCSs, incorporating unpredictable EV charging profiles into probabilistic load
frameworks and evaluating the collective effect on power losses and voltage stability for
large-scale DNs.
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Abbreviations

ACS  Ant Colony System

AND  Active Distribution Network
AHP  Analytic Hierarchy Process
BES Battery Energy Storage

BESS  Battery Energy Storage Systems
CB Capacitor Banks

DE Differential Evolution

DG Distributed Generations

DN Distribution Networks

DR Demand Response

EP Expectation Propagation

ES Envelope Strategy

GA Genetic Algorithms

GIS Geographic Information System
GSA  Gravitational Search Algorithm
GWO  Grey Wolf Optimization

NR Network Reconfiguration

OBL  Opposition-Based Learning
RDN  Radial Distribution Network
REG  Renewable Energy Generation
RES Renewable Energy Sources

SA Simulated Annealing

TVD  Total Voltage Deviation

VVO  Volt-Var Optimization

VSI Voltage Stability Index

WTG  Wind Turbine Generator
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