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Selecting suitable devices for a hybrid renewable energy system is a crucial step in any electrification project.
However, the growing number of manufacturers of photovoltaic panels, wind turbines, batteries, and generators
has made the sizing process increasingly complex. This paper proposes the use of a recently developed method,
the Orchard Algorithm, to address this challenging optimization problem. The effectiveness of this floriculture-
motivated algorithm is demonstrated through a hypothetical rural electrification project in Nigeria, yielding a

well-performing solution comparable to that obtained using a genetic algorithm—a method widely accepted and
employed in various commercial tools. From a cost standpoint, the solution obtained through OA demonstrates a
0.45 % improvement over that produced by the GA implementation. During the optimization process with OA,
the search space was extensively explored, resulting in a 10.65 % probability of uncovering an additional local
minimum by repeating the optimization process. This outcome provides supporting evidence regarding the
optimality of the identified solution.

1. Introduction

Human development in isolated areas necessitates the provision of
affordable energy solutions. In this context, the integration of renewable
energy sources with storage systems and conventional generation units,
such as diesel or gasoline generators, has demonstrated remarkable
effectiveness. A hybrid renewable energy system (HRES) broadly refers
to the combination of renewable energy sources—such as solar, wind,
hydro, and tidal energy—with storage technologies, including battery
energy storage systems (BESSs), fuel cells (FCs), alongside diesel gen-
erators (DGs), gasoline power units, and biogas-based energy plants.
These systems are specifically designed to minimize the reliance on DGs
by prioritizing the utilization of instantly available renewable energy
and stored power. Consequently, the operational lifespan of conven-
tional generators is extended, fuel consumption is reduced, and the
overall net present cost (NPC) of the system throughout its lifecycle is
significantly lowered. The integration of renewable and conventional
generation to address energy demands in isolated areas has been suc-
cessfully applied not only in small communities but also in electric ve-
hicles, ships, and other infrastructures equipped with advanced
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technologies, such as microgrids.

The dimensioning of HRES is typically categorized into two main
approaches based on the variables of interest. One approach focuses on
optimizing the system to minimize the NPC while maintaining a speci-
fied level of reliability. Alternatively, the system can be designed to
minimize both the NPC and greenhouse gas (GHG) emissions. The
former is technically referred to as mono-objective optimization, while
the latter is known as multi-objective optimization. This research places
particular emphasis on mono-objective techniques.

The production of energy conversion devices for renewable energy,
such as photovoltaic (PV) panels and wind turbines (WTs), has grown
significantly, leading to a wide variety of brands available on the mar-
ket. This proliferation poses challenges for the design process from a
computational perspective, as the extensive range of PV modules, WTs,
and BESSs greatly increases the number of potential combinations that
must be evaluated to identify the optimal solution. To manage this
complexity, researchers frequently employ modern optimization ap-
proaches (MOAs).

The widespread adoption of renewable energy has spurred the
development of numerous computational tools for sizing HRESs, with
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HOMER Pro® being a notable example. This software includes modules
that integrate various energy sources and storage systems, such as
biomass generation, hydropower, combined heat and power generation,
advanced BESSs, and hydrogen storage. Additionally, it enables users to
perform multi-year analyses and conduct complex studies by interfacing
with computational languages like MATLAB®.

HOMER Pro® is extensively utilized in studies on renewable energy
integration worldwide. Hussam et al. (2024). used HOMER Pro® to
design a system in Kuwait, analyzing three configurations comprising
PV panels, WTs, FCs, and a BESS. Both isolated and grid-connected
operating conditions were examined, with the study concluding that
integrating solar PV energy and wind generation into the grid was the
most advantageous architecture. This configuration yielded a levelized
cost of energy (LCOE) of $0.539/kWh and a hydrogen production cost of
$6.85/kg. In isolated operating mode, a hydrogen production cost of
$8/kg was observed, primarily due to the high investment costs. Addi-
tionally, a sensitivity analysis revealed a significant dependence on the
cost of PV panels.

Khalid et al. (2024). designed an HRES for Pakistan utilizing PVsyst®
and HOMER Pro®, incorporating a PV generator, a BESS, and a DG. The
researchers validated their findings through hardware-in-the-loop
testing and observed high efficiency and reliability under varying
environmental conditions, including fluctuations in solar irradiance and
temperature. The authors reported an estimated LCOE ranging from
0.102 $/kWh to 0.572 $/kWh, depending on the solar irradiance levels.

Using HOMER Pro®, Ozturk et al. (2024). developed an HRES con-
sisting of PV modules, a BESS, and a DG, evaluating its performance
across various regions of Tiirkiye with diverse load profiles. The system
operates in conjunction with the main grid under a time-of-use tariff
structure. During the optimization process, the researchers prioritized
profit maximization as the primary objective while imposing a
constraint to limit GHG emissions. To assess the robustness of the design,
they performed a sensitivity analysis on inflation and discount rates,
uncovering substantial variations in PV generator capacity and
emphasizing the critical importance of economic stability.

Al-Odat et al. (2024). developed a grid-connected HRES using
HOMER Pro® to meet the energy demands of a cement factory in
Kuwait. The system incorporated PV modules and WTs for power gen-
eration. Based on their findings, the authors highlighted the economic
and environmental benefits of transitioning to clean energy sources,
achieving an LCOE of 0.082 $/kWh—approximately 32 % lower than
that of a conventional generation system.

In addition to HOMER Pro® and PVsyst®, researchers worldwide
have utilized advanced MOAs to optimize HRES designs effectively. Li
et al. (2024a). proposed a methodology to improve the HRES design
process by incorporating the specific layout of solar PV panels and WTs
into the optimization, with system power production as the primary
objective. The authors implemented the exponential slime mould algo-
rithm, which demonstrated superior performance compared to other
MOAs, such as particle swarm optimization (PSO) and the grey wolf
optimizer (GWO).

Natural phenomena continually inspire scientists to develop
advanced MOAs, which are subsequently employed in the design of
HRESs. Over the past year, promising MOAs have been incorporated into
the extensive suite of optimization techniques used for HRES sizing.
Menesy et al. (2024). applied three MOAs for mono-objective opti-
mization—artificial rabbit optimization, GWO, and the whale optimi-
zation algorithm (WOA)—to design a system in Saudi Arabia that
integrated multiple PV modules, WTs, and an FC. Additionally, the re-
searchers employed PSO as a benchmark for comparison. The results
revealed that artificial rabbit optimization outperformed GWO, WOA,
and PSO, achieving an LCOE of 0.4412 $/kWh, compared to 0.4438
$/kWh, 0.4443 $/kWh, and 0.44378 $/kWh for GWO, WOA, and PSO,
respectively. Furthermore, the investigators conducted the optimization
process 50 times to determine the optimal configuration within the
search space. They then assessed the performance of each algorithm
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using standard deviation and other relevant metrics.

Kohole et al. (2024). applied a representative selection of MOAs to
the design of HRESs. The algorithms evaluated included the imperialist
competitive algorithm, vibrating particles system, big bang-big crunch
algorithm, charged system search algorithm, and artificial bee colony
(ABC) algorithm. The study focused on optimizing the sizing of a system
comprising a PV generator, WTs, a DG, and an FC under light, medium,
and heavy load scenarios. The results indicated that for the light load
scenario, the vibrating particles system achieved the lowest NPC, fol-
lowed by the big bang-big crunch algorithm, ABC, imperialist compet-
itive algorithm, and charged system search. For the medium load
scenario, the vibrating particles system also identified the optimal
configuration, followed by ABC, big bang-big crunch algorithm, impe-
rialist competitive algorithm, and charged system search. Similarly, in
the heavy load scenario, the vibrating particles system outperformed the
other algorithms, followed by the big bang-big crunch algorithm, ABC,
charged system search, and imperialist competitive algorithm.
Regarding the LCOE, the estimated values were $2.384/kWh,
$1.753/kWh, and $1.087/kWh for the light, medium, and heavy load
scenarios, respectively. It is important to highlight that the scientists
repeated the optimization routine 50 times to determine the optimal
HRES structure.

Ma et al. (2024). proposed a model that incorporates various sce-
narios of natural resource availability generated using advanced deep
learning techniques, specifically the Wasserstein generative adversarial
network with gradient penalty. The study focused on an HRES
comprising PV modules, WTs, and a BESS optimized using the sparrow
search algorithm. The effectiveness of the sparrow search algorithm was
validated through a case study in China, where the integration of a BESS
led to a reduction in clean energy curtailment by 3.6-14.7 % compared
to the scenario without storage integration.

Mohamed et al. (2024). optimized the sizing of an HRES operating in
Egypt using the walrus optimization algorithm, coati optimization al-
gorithm, and osprey optimization algorithm, considering PV modules,
WTs, and FCs. PSO and GWO were employed as benchmarks for com-
parison. The results showed that the walrus optimization algorithm
outperformed the coati optimization algorithm, osprey optimization
algorithm, GWO, and PSO in terms of LCOE, achieving values of 0.51758
$/kWh, 0.51766 $/kWh, 0.51772 $/kWh, 0.51781 $/kWh, and 0.54583
$/kWh, respectively. As part of their methodology, the authors con-
ducted the optimization process 20 times to identify a high-quality HRES
configuration.

Coban (2024) designed an HRES for installation in Tiirkiye using the
Nelder-Mead simplex search method. The study considered PV genera-
tion, WTs, a BESS, and a DG. The researchers highlighted the critical role
of the BESS in managing the variability of solar and wind resources, as
well as its contribution to the economic viability of the project,
achieving an LCOE of 0.63 €/kWh.

Yuan et al. (2024). developed a sizing model utilizing the firefly al-
gorithm to optimize a system comprising PV generation, WTs, and a
BESS. The modeling process accounted for BESS degradation and the
uncertainties associated with renewable resources. The authors reported
that the cost attributed to resource uncertainty ranged between 4.2 %
and 5 % of the cost estimated using a deterministic model.

Huang et al. (2024). designed an HRES incorporating WTs and FCs.
To achieve this, the authors developed the hybrid golden search algo-
rithm and benchmarked its performance against other methods,
including fuzzy logic and optimization, ABC, and the original golden
search algorithm. The results indicated that the hybrid golden search
algorithm outperformed the benchmark approaches. Moreover, the re-
searchers conducted a sensitivity analysis on system reliability,
revealing that a reduction in reliability from 99 % to 97 % led to an
approximate 7.3 % decrease in the NPC. Specifically, the cost associated
with the WTs decreased by 6 %, while the cost attributed to the FCs
declined by 21 %. Additionally, the researchers performed extensive
experiments, repeating the optimization routine 30 times with varying



J.M. Lujano-Rojas et al.

iteration counts to identify the optimal system configuration.

Roy et al. (2024). designed an HRES for installation in India. The
study considered a PV generator, WTs, a BESS, and a BG generator. The
researchers examined a constrained portion of the search space, evalu-
ating all possible combinations—1295 in total—and developed a data-
base focused on the LCOE. Subsequently, they trained several artificial
neural networks, including narrow, medium, and wide ReLU architec-
tures, providing a contemporary perspective on HRES analysis through
machine learning models.

Superchi et al. (2025). analyzed an HRES comprising WTs, PV
modules, a BESS based on lithium-ion batteries, and FCs. They validated
the effectiveness of their model through a comparative analysis with the
actual conditions of a Greek island. Specifically, the researchers focused
on the effects of degradation, developing a model that reduces compu-
tational effort by 88.5 % with a precision loss of only 0.015 %. The study
highlighted the benefits of hydrogen integration as seasonal storage,
enabling a 17.5% reduction in NPC. Furthermore, they found that
neglecting BESS degradation effects resulted in an estimation error of
10.2% in the NPC. Finally, the authors integrated their model into a
stochastic optimization framework based on differential evolution and
conducted a comparative study with PSO, yielding favorable results.

Yahya et al. (2024). designed an HRES for operation in Libya, con-
sisting of PV panels, WTs, a BESS, and FCs. The authors employed
several MOAs, including PSO, WOA, ant colony optimization, and ge-
netic algorithms (GAs). They observed that WOA and ant colony opti-
mization delivered the best results, depending on specific environmental
conditions. This study highlights the advantages of adopting hydrogen
technology as a storage system and provides valuable insights into the
implementation of MOAs for HRES sizing.

Dawsari et al. (2024). designed an HRES in Saudi Arabia, powered by
PV modules, WTs, a BESS, and a DG. The researchers proposed the use of
the dwarf mongoose optimization algorithm and performed a compar-
ative analysis with the sparrow search algorithm and the WOA in terms
of LCOE. The results demonstrated the effectiveness of the dwarf mon-
goose optimization algorithm, achieving an LCOE of 0.199 $/kWh.
Furthermore, the authors repeated the optimization process 10 times,
trying to identify the global optimum.

Ali and Mohammed (2024) designed an HRES for a location in South
Africa, incorporating PV panels, WTs, FCs, and a BESS. The authors
proposed the use of quasi-optimal control, a method that adjusts the
system architecture over the project’s lifetime. This approach reduces
idle capacity and enhances the adaptability of the system design to
evolving demand, thereby significantly improving computational
efficiency.

Roshani et al. (2024) designed an off-grid residential community in
the United States equipped with PV generation, WTs, and FCs. The au-
thors proposed the use of response surface methodology as the optimi-
zation procedure and utilized TRNSYS® software for system
simulations. Their results demonstrated a significant reduction in NPC
and GHG emissions.

Loh and Nfah (2024) designed an HRES in Cameroon, accounting for
both residential and industrial load profiles. The researchers proposed a
two-step methodology for system dimensioning. In the first step, an
analytical approach was utilized to estimate the sizes of the BESS, DG,
and PV modules. In the second step, three MOAs—ABC, GA, and
PSO—were integrated to determine the optimal system configuration.
The analysis compared isolated and grid-connected configurations, with
results indicating that the grid-connected configuration was more ad-
vantageous, achieving an LCOE of 0.1441 €/kWh.

Li et al. (2024b). designed a system for deployment in Antarctica,
incorporating WTs, PV modules, a BESS, a DG, and a thermal load. The
authors developed an optimization model that addresses the uncertainty
of environmental resources and load demand using a
scenario-generation method based on credibility theory. After esti-
mating scenarios for both extreme and typical conditions, these sce-
narios were integrated into a fuzzy credibility-constrained
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stochastic-robust optimization framework to determine the optimal
system configuration. The results of a case study demonstrated that their
approach yields a system structure with an LCOE of 0.16 $/kWh, rep-
resenting a 33 % reduction compared to results obtained using con-
ventional stochastic techniques.

Liu et al. (2024). proposed an enhanced version of the dung beetle
optimization algorithm and demonstrated its effectiveness in designing
an HRES comprising PV panels, WTs, a BG, and a BESS utilizing various
technologies, including lithium-ion batteries, lead-acid batteries (LABs),
and nickel-iron batteries. The study concluded that the optimal system
configuration includes a nickel-iron battery-based storage system and
multiple PV modules, with no WTs, achieving an LCOE of 0.3607
$/kWh. Additionally, the authors conducted 10 independent optimiza-
tion routines to identify the global optimum.

Wang et al. (2024). proposed the improved
subtraction-average-based optimizer and applied it to the optimal
design of an HRES in China, incorporating WTs, PV panels, and FCs. The
enhanced features of improved subtraction-average-based optimizer
enabled the system designer to achieve a configuration that was 12 %
superior to that obtained with the original algorithm. To ensure the
identification of the global optimum, the authors repeated the optimi-
zation process 20 independent times.

Bourek et al. (n.d.). designed an HRES using a GA for a location in
Algeria, while PSO was employed for comparative purposes. The sci-
entists considered WTs, PV panels, and FCs, obtaining a configuration
with LCOE equal to 0.18 $/kWh.

Traditional MOAs, including GA, PSO, golden search algorithm,
differential evolution, ant colony optimization, and ABC, continue to be
widely utilized due to their proven effectiveness in addressing complex
optimization problems. Furthermore, recently developed techniques
such as GWO, WOA, imperialist competitive algorithm, firefly algo-
rithm, exponential slime mould algorithm, artificial rabbit optimization,
vibrating particles system, big bang-big crunch algorithm, charged
system search, sparrow search algorithm, walrus optimization algo-
rithm, coati optimization algorithm, osprey optimization algorithm,
hybrid golden search algorithm, fuzzy logic and optimization, dwarf
mongoose optimization algorithm, response surface methodology, dung
beetle optimization, and improved subtraction-average-based optimizer
have demonstrated exceptional efficacy in the design of HRESs on a
global scale.

It is important to emphasize that these methods demand significant
computational resources. Researchers enhance their performance by
incorporating and refining search operators, thereby improving their
exploration and exploitation capabilities. Nevertheless, these methods
remain susceptible to stagnation around a local optimum, an issue
stemming from the inherent uncertainty of the search process. In other
words, MOAs are initialized randomly, which can lead to different local
optima across independent runs. To address this challenge, Menesy et al.
(2024), Kohole et al. (2024), Mohamed et al. (2024), Huang et al.
(2024), Dawsari et al. (2024), Wang et al. (2024). executed the opti-
mization program 50, 50, 20, 30, 10, and 20 times, respectively, to
identify the lowest NPC among all local minima. However, they did not
provide any information regarding the quality of the solution in terms of
its optimality.

The updated literature review presented above highlights significant
efforts to develop a highly efficient optimization algorithm capable of
reaching the global optimum. Researchers continue to pursue such an
algorithm, and these efforts are ongoing. In this paper, we proposed the
orchard algorithm (OA), a recently developed optimization method, for
the optimal sizing of HRESs. The effectiveness of OA is demonstrated by
designing a hypothetical system for installation in Nigeria, with the
results compared to those obtained using a GA. To the best of our
knowledge, the performance of OA in the optimal dimensioning of
autonomous HRESs has not been previously investigated. Therefore, we
believe it is worthwhile to analyze the capabilities of this algorithm,
given the computational complexity of HRES design, which is directly
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linked to the wide variety of WTs, PV panels, and BESSs available from
manufacturers worldwide.

Concerning the BESS, we consider LABs, including their aging pro-
cess through the weighted Ah throughput model. Otherwise, we also
consider the intrinsic uncertainty of the MOAs, repeating the optimi-
zation routine 100 times and estimating the probability of finding an
unseen local optimum. The remainder of this paper is organized as fol-
lows: 2 describes the HRES model, 3 explains the implementation of OA,
4 demonstrates OA’s capabilities with a rural electrification project, and
5 presents the main conclusions.

2. Model of the hybrid renewable energy system

The basic HRES is equipped with wind and solar PV generators, an
LAB, a power converter, and a backup generator powered by conven-
tional fuels, such as gasoline or diesel. Fig. 1 illustrates the general
structure of an HRES designed for rural electrification.

The management strategy primarily aims to reduce the operational
time of the backup generator, thereby extending its lifespan, lowering
fuel consumption, and consequently decreasing GHG emissions. To
achieve this, wind and solar PV generators are integrated, while the
BESS stores surplus energy, which can be consumed later when wind and
solar resources are unavailable. This concept forms the core of the load-
following strategy, implemented by the energy management system.

With reference to the information presented in Fig. 1, the indext=1,
..., T represents the simulation time, z = 1, ..., Z refers to the wind tur-
bine manufacturers, v = 1, ..., V identifies the PV panel manufacturers,
m = 1,...M specifies the battery manufacturers, and y = 1, ..., Y denotes
the backup generator manufacturers.

According to this nomenclature, Py, represents the wind genera-
tion at time ¢t for wind turbine manufacturer z, Ppy(.,) represents the PV
generation at time t for panel manufacturer v, Pprym) denotes the
charging or discharging power at time t for battery manufacturer m,
Pg(s,) refers to the power of the backup unit at time t for generator
manufacturer y, and Py represents the load demand at time t.

2.1. Wind generation

Typically, wind turbine manufacturers provide information on the
energy conversion process through a power curve, which relates wind
speed to power output. The power curve can be read continuously using
a linear interpolation routine, a feature commonly available in many
computational languages. The power production of a single turbine at
time t for manufacturer z is represented by the variable p,, ), while the
total power output of the generator (denoted as Py in Fig. 1) is ob-
tained by connecting multiple turbines in parallel.

P
Gene =~ -Z(t’Z) %ﬁ\
Gi r - P
enerator —_, y s L
1 Power g8 0
‘.| Converter
1 Pry(t.v)
Photovoltaic N ~" ki _\_@_
DY == Y
Generator ,Q\ y | P
P BT(t,m)\ ll ) . e
Battery Energy i
Storage System i g P

Energy Management
System

\
-

Fig. 1. Structure of a typical hybrid renewable energy system.
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2.2. Solar photovoltaic generator

PV panel manufacturers provide users with datasheets containing
essential parameters to estimate power production. Eqs. (1) and (2) offer
a reasonable approximation of the power generation for a single panel
(Ppy(tv)) (Lambert et al., 2006):

NOCT,) —20 °C
Tao = Too + (* gogura— )9 W
G :
Pov(ty) = Psrcw) {W\(li;/mz 1+ apyp)(Tew — 25 °C)] }a 2

where NOCT|,, represents the nominal operating cell temperature for
manufacturer v, apy,) is the temperature coefficient of power for
manufacturer v, and Pgrc(,) is the power output under standard test
conditions for manufacturer v. These parameters are typically provided
by the manufacturers; however, variables related to environmental
conditions, such as ambient temperature T, and solar irradiance G,
must be estimated for the location of interest. Using the ambient tem-
perature, the PV cell temperature T can be estimated using Eq. (1).
Once the power output of a single PV py,,,) has been estimated, the total
power generation Ppy(,) can be calculated by scaling the results based
on the number of strings connected in parallel.

2.3. Battery energy storage system

A key element of the HRES is the BESS, as it provides a certain degree
of dispatchability to wind and solar PV generation. In rural electrifica-
tion projects, the storage device is usually based on lead-acid technol-
ogy. For this reason, we place special emphasis on this technology.
Accordingly, we implement the weighted Ah throughput model, which
is briefly described in the following sub-sections.

2.3.1. General-purpose model of typical lead-acid battery cell

The voltage estimation of an LAB cell is often calculated using
Shepherd’s equation, which accounts for the effects of charging or dis-
charging current and the state of charge (SOC). Eqs. (3) and (4) (Schiffer
et al., 2007; Andersson, 2006; Bindner et al., 2005) present the voltage
for charging and discharging, respectively.

1, I,
Uitm) = Uom) — gmDOD 1 m) +Rf[‘m)< (&m) ) +Rf[_m) ¢(m) (7@“) )
Ciom) i Ciom) 3)
_SO0Cum  \yp o
Ceim — SOCemy ) ™~ 7
d [ dem d Tiem)
Uem) = Uom) — 8mDODem) + Ry m) + Ry Ma(m)
Ciom) Ciom) @
DOD i m)
4 | ¥Iem <0.
Clim) — DOD(m)

where U and I, represent the cell voltage and current at time t for
manufacturer m, respectively. During charging, the condition I(;m) > 0 is
satisfied, while discharging occurs when Iy ;) < 0. SOC¢ ) and DOD ;)
denote SOC and depth of discharge at time ¢ for manufacturer m,
respectively. Cyo(m) is the 10-hour discharge capacity for manufacturer
m, Uy(m) is the open-circuit voltage for manufacturer m, and g, repre-
sents the variation of the open-circuit voltage with depth of discharge.
C¢(m) and Cft.’m) are the normalized capacities during charging and dis-
charging, respectively, for manufacturer m. M., and My are the
charge transfer resistances during charging and discharging, respec-
tively, for manufacturer m, while R{,,, and Rl(itm) represent the re-
sistances during for
manufacturer m.

Regarding SOC at a specific time and for a particular manufacturer

charging and discharging, respectively,
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(SOC(m)), it is calculated according to Eq. (5) (Schiffer et al., 2007;
Andersson, 2006; Bindner et al., 2005):
}d’[,

—I¢
where At is the simulation time step, assumed to be 1 h, and I(G[_m) is the

©m) (z.m)

t I
SOC(tm) = SOC t—atm) + / { ( %)
t—At

Ciom)

gassing current at time t for manufacturer m, estimated using Eq. (6)
(Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005):
Ciom)

Ig.m) = ( 100 ) (Ig(t.m) )exp (CU('") [U(f~m) - UOG(m) ]
+ Crim) [Taw — Togmy) ) PIem) > O.

(6)

where, for manufacturer m, Cy(y,y and Cry are the voltage and tem-
perature coefficients of gassing, respectively, while Ug(m) and Tg(m) are
the reference voltage and temperature for the gassing process.

2.3.2. Modelling of the positive grid corrosion process

The corrosion process can be described using Shepherd’s equation,
with the parameters appropriately set to calculate the corrosion voltage
during charging and discharging, as shown in Egs. (7) and (8) (Schiffer
et al., 2007; Andersson, 2006; Bindner et al., 2005):

10 Iitm)

Ulemy = Uom) — (ﬁ) 8mDOD(¢m) + R <2Cm<m>> + R{p oy Me(m)
@)
( Iiem) )( SOC ¢m) )VI
&m >0,
2C10(m) ) \Ccm) — SOC(tm)
10 Iitm)
Uzt.m) = UCO(m) - (ﬁ) g(m)DOD(t-m) +R‘(1:Am) (ZC;:[(",)) +R‘(1t.m)Md("l)
®
( Iiem) ) DOD ;) vl <0
(tm) > Y,
2ClO(m) C?[_m) — DOD(th)

where Uf, ,, is the corrosion voltage, and Uy, is the corrosion voltage

when the cell is fully charged, both for manufacturer m at time t. The
behavior of the corrosion layer can be estimated using Eqs. (9)-(12)
(Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005):

1
ksp (b0'6)|b = [Aw(tfm-,m)/(ksz’) ]0'6 +4t; U‘(:t,m) <174

Aa)(t_m) = ) (9)
Awsem) + (k)AL UG,y > 1.74
A
AR(t.m) = ARpax M ) (10)
Awmax(m)
Aw(t m)
ACE  =A — 11
C(t.m) C:nax (Ammax(m) ’ ( )
Admaxim) = 365 X 24 X (FL(m)) (K} iy ) » 12)

where Aw(m) and Awp.m) are the corrosion layer thickness and its

maximum value, kg, and kfﬁax(m) are the speed coefficients of the corro-
sion process at float voltage and their maximum values, AR, and
ARpnax are the increments in internal resistance due to corrosion and
their maximum values, AC, ,, and AC[,,, represent capacity loss and its

maximum value, and FL, is the battery float life for manufacturer m.

2.3.3. Modelling of the active mass degradation phenomenon

Active mass degradation is estimated using a set of factors related to
SOC, the operating time at a low SOC, the discharging current, and
incomplete or insufficient charging cycles. These factors are defined in
Egs. (13)-(16) and are complemented by the information in Fig. 2. Upon
examining Fig. 2, we observe the partial and full charging operations,
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defined by the limit SOC value SOC*, assumed to be 0.9.

For a battery from manufacturer m, the operating time at a low SOC
is measured by the quantity min{SOC; |7 € [ty,t]} and the time in-
terval t — ty. These definitions and operating conditions are incorpo-
rated into the SOC factor fs(fjn), as presented in Eqs. (13) and (14)

(Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005):

f?lt]in) =1+ [Cf)(zfm + Conin(m) (1 ~min{SOC(mlz € [tv,t]} )fft,m>Aff?>°]7

13)
Aty =t —ty, 14)
where, for manufacturer m, cf)”(fn) and co¢, (m) ar€ the slope and minimum

SOC value, Aty is the time since the last complete charge, and f{[,m)’ the

current factor introduced to quantify the effects of the discharging
current, is estimated through Eq. (15) (Schiffer et al., 2007; Andersson,
2006; Bindner et al., 2005):

) )

where I, for manufacturer m, is the reference current value, I(ltt_’}n) is

Irim)
1th
Liem)

(15)

the charging current measured when partial cycling begins, and qm) is
the number of incomplete charging cycles, computed by considering the
weighting Aq(.m) from Eq. (16) (Schiffer et al., 2007; Andersson, 2006;
Bindner et al., 2005):

0.0025 — (0.95 — max{SOC(,mr € [tx,ty]})
Adiem) = 0.0025

2

(16)

The stratification factor (ffzm)) incorporates the impact of gassing and
diffusion phenomena, as simulated by Eqs. (17)-(21) for manufacturer
m. According to Eq. (17), the difference between the increase in acid
stratification (Af$7m)) associated with partial charging and the decrease
in acid stratification (4f,,,) due to the gassing process is crucial for
accurately evaluating battery lifetime (Schiffer et al., 2007; Andersson,
2006; Bindner et al., 2005).

T T

t
em) =J(e-aem T /[ . (Ajt(:.m) —4Af (f,m))dﬁ a7
+ T It(i”")‘
Af tomy = Coim (1~ Min{SOC(em 7 € [ty, ]} Jexp( = 3£, S
(18)
_ 100 (I§m)
A =C — |exp(C Uem — U,
fem) M(m) Crom) ( Ig(m) P(Cum [Utem) rm) | 19)
+ Crm [Ta) — Towm] )
8D
Afl;(t,m) _ z(m)zf(StTimm2(TAm7293.15)/1o (20)
(Zp(m)
Af(;m) = Af;(t.m) +Af6(t.m)‘ (21)

Regarding the variables in Eqs. (17)-(21) for manufacturer m, I(d[:m) is
the discharging current, Cp,) and Cym) are parameters related to the
increase and decrease of acid stratification, respectively, U,y is the
reference voltage for the acid stratification process, Dy is a parameter
of the diffusion process, and Zpm represents the typical cell height.
Af emy and Afp, ) correspond to the reduction of acid stratification due
to gassing and diffusion, respectively. The net effect on acid stratifica-
tion is captured in the acid stratification factor (f?”m ), as described in Eq.
(22) (Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005).
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Im)

i 22

fiom =1+ fiim
Subsequently, the SOC and acid stratification factors (f;y, and f,,
for manufacturer m) are used to calculate the weighted Ah (Z{‘;_m), as

shown in Eq. (23) (Schiffer et al., 2007; Andersson, 2006; Bindner et al.,
2005).

1
Ciom)

d

ot
/ Liemy
0

Subsequently, the weighted Ah (Z};

A
Zim = (omf (em AL (23)

m) for manufacturer m) is used to

calculate the capacity loss due to degradation (ACfLm)), as indicated in
Eq. (24) (Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005).

zv
ACL =4 - 1———tm L) 2
C(t. C;jnax (m) exp< CZ('") { 1.6[Z1(m)] ) (24)
where, for manufacturer m, AC‘(it‘ and AC‘rjln,dx (m) Tepresent the capacity

loss due to degradation and its maximum value, Czy, is a degradation-
related coefficient, and Zjy) is the number of standard operating cycles.

Using the results from the computational model described above, we
calculate the updated values for manufacturer m, including the charging
and discharging resistances (R{,,, and R‘é’m)), the gassing current

(I§ ) and the battery capacity (C{, ), as shown in Eqs. (25)-(28)

(Schiffer et al., 2007; Andersson, 2006; Bindner et al., 2005).

th,m) = REO.m) +AR(fvm) (25)

R(dt,m) = R((io.m) +AR(fvm) (26)
AR,

1§, = IS, (&m) 27

0(tm) m) T ( AR (27)

C‘(it-,M) = C?O,m) 7Aczt,m) Aqit,m) (28)

Fig. 3 provides a brief summary of the general procedure for esti-
mating battery lifetime for manufacturer m, as previously described in
Egs. (3)-(28).

2.4. Power converter
The power converter is responsible for converting direct current

signals into alternating current signals, and vice versa. We represent this
device in terms of its efficiency (1c,pny()) at each time t, as shown in Eq.

(29) (Rampinelli et al., 2014).
Pconv(t)
= 29

nconv(t) éconv X P?(lmy + Atonv x P, conv(t

State of max{SOC|t € [tx, ty]}

charge

4 _ Y partial charging
SOCHO ] e e e e e e e e T === ==

. \
mm{SOC(T_m) |‘r € [ty, t]}

time (h)

full charging

Fig. 2. Illustration of the partial and full charging conditions.
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| For a determined battery manufacturer (m) |

Calculate the cell voltage (U(t,m)), current
(I(¢,m)) and state of charge (SOC(;m))

Perform the positive grid
corrosion study (ACﬁ,m))
]

Perform the active mass
degradation analysis (AC&vm))
]

Calculate the battery lifetime
(T'| C& my < 0.8)

Fig. 3. Weighted Ah throughput model implementation.

where £, and A,ny are model coefficients, Pl is the maximum power

of the converter, and Py, is the power converted at time t. It is
important to note that Eq. (29) simplifies a more complex expression.
Further details can be found in (Rampinelli et al., 2014).

2.5. Backup generator

The key variable of interest regarding the operation of the backup
generator is its fuel consumption, which is typically estimated using Eq.
(30).

x pmax

&) (30)

Fyey) =Ygty T ey X Petes
where Fy ) represents the fuel consumption at time t for manufacturer
¥» Xgy) @nd 7, are model coefficients, and Py(y) and Pyjy are the power
generation at time t and its maximum value for manufacturer Y,

respectively.

3. Orchard algorithm for hybrid renewable energy system
design

This paper addresses the challenge of determining an optimal com-
bination of wind and solar PV generators, LABs, power converters, and
backup generators that minimizes the NPC while ensuring a specified
level of reliability. The subsequent sub-sections provide a detailed
description of the problem being analyzed (Sub-3.1) and the solution
methodology implemented using OA (Sub-3.2).

3.1. Defining the optimization problem

Solving the HRES design problem involves minimizing the NPC, a
measure that encompasses the entire lifespan of the system. The NPC
accounts for the capital and replacement costs of each system compo-
nent, along with their operational and maintenance expenses. The LAB is
one of the most costly elements due to its sensitivity to environmental
conditions, which significantly affect its lifespan. Similarly, the backup
generator is influenced by the need to operate to meet the net power
demand. This demonstrates how resource variability impacts the esti-
mation of the NPC. The vector x represents the configuration of a spe-
cific HRES system. Specifically, it encodes the combination of wind
turbines, solar PV panels, LABs, and a backup generator using integer
coding. This formulation constitutes a combinatorial problem, which
can be expressed through Eq. (31)-(41). Eq. (31) encapsulates our
objective of identifying the vector x that minimizes the NPC.

min{NPC )}, (€3]

The minimization process is subject to the constraints outlined in Eq.
(32)-(41). The constraint in Eq. (32) is imposed to ensure a specific
reliability level, represented by the energy index of unreliability (EIU)
associated with the configuration given by the vector x (EIU ) and the
target value (EIUyg). The EIU is a normalized measure of the energy not
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supplied.
EIU ) < EIUy, (32)

The constraints of Eqs. (33)-(35) are exclusively related to the LAB
operation.

SOCmin(m) < SOC(t‘m) < 17 (33)
I;:i(]:n) < I(t.m) < Ig:?:,)y (34)
Upimy < Utem) < Upitry. (35

where SOCpiy (m) Tepresents the minimum SOC for manufacturer m, Pg}}‘;)

max
bt(m)

manufacturer m, and U;,‘;E‘,‘n) and Uy, represent the minimum and

and denote the minimum and maximum battery current for

maximum voltage for manufacturer m.
Egs. (36) and (37) are introduced to ensure the safe operation of the
power converter and the backup generator, respectively.

pmax

conv*

0< Pcanv(t) < (36)

PRt < Pyyy < PR (37)

Egs. (38) and (39) represent the system’s power balance. Eq. (38) is
expressed in terms of a single wind turbine (p, ), PV panel (py()), and
battery cell (pp¢(m)), where j is the number of wind turbines in the farm, d
is the number of strings in the PV array, and o is the number of batteries
connected in parallel. ENS, and ES, represent the energy not supplied
and energy surplus at time t, respectively. Similarly, Eq. (39) is formu-
lated in terms of the wind and solar PV power variables (Py s and
Ppy(¢)) and the battery bank power (Pgr(.m)), as illustrated in Fig. 1.

J X Pwies) +d X Ppuiey) £ 0 X Pou(em) + ENS(ey — (Pyoy + ES(y) ) = Pyiey), (38)

Pwiez) + Ppviey) £ Poriem +ENS(y — (P +ES ) = Pyy), (39)
Egs. (40) and (41) complement the power balance expression.

0 <ENS( < o0, (40)

0 < ESy < oo. (41)

3.2. Orchard algorithm working principle

Eq. (42) defines the structure of a single optimization agent (x;),
which is embedded within the general population (X) as described by
Eq. (43). Table 1 outlines how the information is organized within a
single optimization agent, including the minimum (x;,;;) and maximum
(Xmax) values for each vector element, along with their respective
physical meanings.

xp=[v d z j m o y] (42)
X = X(i) (43)
Table 1
Description of an OA agent.

Element of agent x; Xmin Xmax Description

v 2 V+1 Index for solar panel manufacturers

d 2 D+1 Number of panels in parallel

z 2 Z+1 Index for wind turbine manufacturers

Jj 2 J+1 Number of wind turbines

m 2 M+1 Index for battery manufacturers

o 2 O+1 Number of batteries in parallel

y 2 Y+1 Index for generator manufacturers
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It is important to note that uppercase values refer to the total number
of manufacturers considered for each system device. The elements v, d,
2, j, m, o, and y are integer values as previously described, while V, D, Z,
J, M, O, and Y represent the maximum number of manufacturers of PV
panels, the maximum number of PV strings, the maximum number of
wind turbine manufacturers and their maximum quantity, the maximum
number of LAB manufacturers, the maximum number of batteries in
parallel, and the maximum number of backup generator manufacturers,
respectively. Assigning a value of one as the minimum allowable value
(Xmin) corresponds to the option of excluding the respective device from
the HRES configuration. The implementation of the OA algorithm for
HRES design is detailed in the following sub-sections.

3.2.1. Creation of an orchard

First, it is necessary to specify the number of optimization agents (1),
the maximum number of iterations (K), the weighting parameters @ and
B, the wind speed and solar irradiance time series, the load demand time
series, the target EIU, the rating voltage, the acquisition costs of each
system component, the fuel price, and economic parameters such as
interest and inflation rates. This information enables us to, on one hand,
search for a high-quality solution using OA, and on the other, calculate
the NPC for a specific combination of system devices. Additionally, we
must create the matrix f to store the objective function value (NPC) of
each agent at each iteration (k = 1, ...,K). Consequently, f will have I
rows and K columns.

Before applying the OA, it is necessary to initialize it by generating a
population using an integer random number generator, in combination
with the information provided in Table 1, particularly the values for xpin
and Xmax. This process yields an initial population, X. Once this is
established, the remaining procedures can be carried out.

3.2.2. Growth of the seedlings

This procedure is essentially a local search around the actual opti-
mization agents. The growth of the seedlings is implemented by
following the steps described as follows (Kaveh et al., 2023):

Step 1Evaluate the population (X) to determine the NPC (NPCy,)) for
each agent x; Vi = 1, ..., I, and identify the agent with the best per-
formance, xp5. Then, proceed to Step 2.

Step 2For each agent, i = 1, ...,I, in X, randomly select three di-
mensions from the seven available (as shown in Table 1) and modify
them by assigning a random value between the corresponding elements
of Xpin and Xmax. Then, proceed to Step 3.

Step 3Evaluate the population X obtained in Step 2 and calculate the
NPC (NPCy)) for each agent x(; Vi = 1,...,I. Then, proceed to Step 4.

Step 4Compare the NPC values of the agents from the population in
Step 1 with those from Step 3, and select the best ones. For each agent
(i = 1, ....), compare the NPC obtained in Step 1 with that calculated in
Step 3, one at a time, and retain the lower value. This process results in a
new population (X).

3.2.3. Screening of the seedlings

This procedure allows us to identify the promising agents. It is
implemented by following these steps (Kaveh et al., 2023):

Step 1Evaluate the population (X) to determine the NPC (NPC|y,) for
each agent x(; Vi = 1,...,1. Then, proceed to Step 2.

Step 2Sort the agents in ascending order based on the objective
function values (NPC) obtained in Step 1. Next, assign the normalized
values (NPC{y™) from Eq. (44) to each agent. Then, proceed to Step 3.

1+41-i
Npcem - SERTL g o1 (44)

él[l+lfy]

)

Step 3Calculate the growth rate for each agent (g;) in accordance
with Eq. (45). Then, proceed to Step 4.
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8, =06 [f(i,k) _f(i.k—l)} +0.3 [f(i,k—l) _f(i.k—z)} +0.1 [f(i,k—z) ~Sfikz| VI

(45)

Step 4Sort the agents in ascending order based on the growth rate
values obtained in Step 3. Then, assign the normalized values (g{3™)

from Eq. (46) to each agent. Proceed to Step 5.
I+1-i

i:l[IJrlfy]

orm

e — i=1,..1 (46)

Step 5Calculate the optimality index (4(;) using the results obtained
in Steps 2 and 4. Then, proceed to Step 6.

Ay =ax NPCE™+fxgeom v i=1,..I

@) 47)

Step 6Divide the population (X) into three classes: strong (Xsy),
transition (x,), and weak (xy.x). These classes are determined based on
the optimality index calculated in Step 5, with the strong class having

the highest optimality index.

3.2.4. Grafting

This procedure focuses particularly on agents with potential for
improvement, specifically those in the transition class. The grafting
process is applied by following these steps (Kaveh et al., 2023):

Step 1Calculate the number of rows (4) for the transition portion of
the general population (xgn). This can be done by computing
|21/3] —|I/3] or by using the relevant computational function available
in many programming languages. Then, proceed to Step 2.

Step 2Combine each agent from the transition class (x4y) with one
randomly selected from the strong class (xs). For eachagent (6 = 1, ...,
A) in the transition class, generate an integer random number (o) be-
tween 1 and the number of rows in the strong class (|[I/3]). Then,
concatenate the portion of the agent o x5 (0,1 : |7/3] ) with the portion
Xen(6,17/3] +1:7) of agent 8.

3.2.5. Replacement and elitism

This process replaces the low-performance agents with new ones
randomly selected, considering the limits presented in Table 1. It is
implemented through the following steps (Kaveh et al., 2023):

Step 1Replace the weak portion of the general population (x,ex)
with randomly generated agents, adhering to the limits provided in
Table 1 (Xmin and Xmax). Then, proceed to Step 2.

Step 2Concatenate the updated versions of the strong (xs;), transi-
tion (Xxyn), and weak (x,ex) classes to form a new population (X). Then,
proceed to Step 3.

Step 3Replace the last agent with the best-performing one (xps).

The procedures described above are applied in a specific sequence.
Letk = 1, ...,K represent each iteration. While k < 4, only the growth
of the seedlings process is considered (Sub-3.2.2). Once k > 4, the
processes of seedling growth, seedling screening (Sub-3.2.3), grafting
(Sub-3.2.4), and replacement and elitism (Sub-3.2.5) are applied
sequentially (Kaveh et al., 2023).

Using GA as a reference MOA, it is evident that OA—through orchard
creation, seedling growth, seedling screening, grafting, replacement,
and elitism—explores and exploits the search space in a more exhaustive
manner than GA, which relies solely on selection, crossover, and mu-
tation operators. However, GA incurs significantly lower computational
overhead, resulting in faster execution. On one hand, OA can identify
more promising solutions by allocating greater computational resources.
On the other hand, GA’s inherently simpler search space analysis limits
the discovery of elite solutions, but offers the advantage of reduced
computational cost.
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4. Case study

The optimization technique proposed in this paper for the optimal
sizing of an HRES is demonstrated through a hypothetical rural elec-
trification project in Maiduguri, Nigeria (latitude 11.8712°, longitude
13.1649°). In Nigeria, over 40 % of the population lacks access to
electricity. As a result, the use of kerosene and firewood for lighting and
cooking remains widespread. Generally, there is a willingness among the
population to transition to electricity generated from clean energy
sources; however, the cost associated with this transition is prohibitive
for the majority of Nigerians living in rural areas. Therefore, Nigeria
presents a suitable context for testing and analyzing an optimization
model intended for application in rural electrification initiatives in
developing countries (Nduka, 2021). The necessary details are provided
in the subsequent sub-sections.

4.1. Case study description and assumptions

The load demand profile used in this study was a typical one, as
recommended in reference (Prinsloo and Dobson, 2016), with a peak
value of 2.3 kW. Additionally, the voltage was set to 24 V. Data on
natural resources, including wind speed, solar irradiance (G vVt =1,...,
T), and ambient temperature (T Vt = 1,...,T), were obtained from the
Renewables.ninja website (Renewables.ninja, 2024; Pfenninger and
Staffell, 2016; Staffell and Pfenninger, 2016). The computational
implementation of the simulation and optimization routines was con-
ducted in MATLAB® on a personal computer equipped with an Intel
Core® i7 CPU, 16 GB RAM, and a 64-bit operating system.

Regarding the system configuration, 25 manufacturers of solar PV
panels (V = 25), wind turbines (Z = 25), LABs (M = 25), and backup
generators (Y = 25) were considered. The maximum number of PV
strings (D = 15), wind turbines (Z = 15), and LABs in parallel (O = 15)
was set to 15.

The rated capacity of the solar PV panels (Psr¢i,) Vv = 1,...,V = 25)
ranges from 50 W to 600 W, with acquisition and replacement costs
between €68.97 and €133.20, respectively, while operating costs were
considered negligible. The nominal operating cell temperature for all
manufacturers (NOCT) Vv = 1, ..., V = 25) was estimated to be
approximately 44.61 °C, and the temperature coefficient of power
(apyy) ¥v = 1,...,V = 25) was assumed to be around —0.3 %/°C.

For wind generation, the rated capacity was assumed to range from
400 W to 7000 W, with acquisition and replacement costs between
€5002.021 and €11,752.67, respectively. Operating costs, on the other
hand, were assumed to be 2 % of the acquisition costs annually.

LABs considered had capacities ranging from 10 Ah to 3000 Ah
(C1o(m) Ym = 1, ..., M = 25), with acquisition and replacement costs
between €93.06 and €470.398. On average, the number of cycles was
1317.076, and the float lifetime was approximately 11.192 years. The
minimum SOC was set at 30 %, and the operating cost was considered
negligible.

For the backup generator, nominal capacities (Pgyy Vy = 1,....Y =
25) ranging from 3000 W to 7000 W, powered by gasoline, were
considered, with a minimum load assumption of 50 % ( g‘&s‘ = 0.5x%x

Pyyy ¥y = 1, ..., Y = 25). Acquisition and replacement costs were

assumed to be between €6356.732 and €14,930.732. The lifetime and
operating cost were estimated at 750 h and €0.25 per hour, respectively.
The parameters for gasoline consumption (yy,) and y,, vy =1

25) were derived from manufacturers’ data. Key variables for the NPC
calculation are presented in Table 2.

4.2. Result presentation and discussion
OA was implemented with 15 agents (I = 15) and 75 iterations (K

75), as outlined in the agent structure presented in Table 1. Besides,
0.7, and # = 0.3. Stagnation around local optima is a significant issue
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Table 2
Economic information of the Project.
Inflation Nominal Project Gasoline Target
rate (%) rate (%) lifetime (year) price (€/liter) EIU (%)
2.5 4.25 25 1.6 1

affecting many modern optimization techniques, and the OA is no
exception. To mitigate this, the OA was run 100 times using different
seeds during random number generation. This approach enables the
exploration of various local minima across the search space. The prob-
ability of discovering a new local minimum through additional OA runs
was estimated using the method described in reference (Finch et al.,
1989).

Fig. 4 illustrates the convergence of the OA across all 100 compu-
tational experiments. The different local minima reached are evident
(the blue lines and the black one), with particular emphasis on the result
that achieved the minimum NPC (the black line), which is presumed to
be the global optimum.

Fig. 5 presents the NPC histogram of the configurations reached at
the final iteration (K = 75) from the convergence shown in Fig. 4. This
histogram provides valuable insight into the likelihood of identifying a
new local optimum through repeated optimization. As observed, solu-
tions near the minimum occurred more frequently due to the OA’s
search procedures. Based on the results shown in Fig. 5, the probability
of discovering a previously unobserved local minimum by repeating the
simulation was estimated to be 0.1065 in this case.

Figs. 6 and 7 analyze the performance of the configuration proposed
by the OA in terms of normalized capacity and SOC. As indicated in
Fig. 6, the estimated battery lifetime is 9.71 years. This lifespan is
directly linked to the fact that the SOC is not expected to fall below 55 %,
as illustrated in Fig. 7.

For comparison purposes, the HRES design was also optimized using
a GA (Dufo-Lopez and Bernal-Agustin, 2005), with a population size of
25 individuals, 50 generations, and crossover and mutation rates of
80 % and 10 %, respectively. GA is traditionally implemented in com-
mercial programs without accounting for stagnation around a local
optimum, a common issue associated with any MOA. Therefore, a
comparative analysis was conducted by running GA a single time to
evaluate the order of magnitude of NPC estimation obtained using OA
with a typical GA implementation.

The corresponding results are presented in Table 3, which include
the structure from Table 1. Given the abundant solar resources in

Orchard Algorithm (OA)

16

Objective function

Iteration

Fig. 4. Convergence process of the OA.
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Fig. 5. Histogram of the NPC.
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Fig. 6. LAB normalized capacity.

Maiduguri, the OA recommended the PV panels with the highest power
output and the maximum allowable number of strings, combined with a
medium-sized wind turbine and LAB bank. In the case of the GA, a
similar trend to that observed in the OA study can be identified: the
significant integration of solar PV generation, complemented by mod-
erate wind generation and LAB.

According to Table 4, the difference in NPC is found to be 0.45 %,
with the GA result serving as the reference. In addition, Table 4 provides
a comparison of the time taken by both methods. It is evident that the
OA requires significantly more time than the GA. It is important to note
that the OA was executed 100 times from different random starting
points to gather information about the quality of the solution, reflected
in the probability of discovering a new solution by repeating the opti-
mization process, which in this case was 0.1065. Moreover, the OA
evaluates the population more frequently than the GA. In contrast, the
GA was run only once, with no specification or guarantee regarding the
optimality of the solution obtained.
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Fig. 7. LAB SOC.

5. Conclusions

This research proposed the use of the OA for the optimal sizing of an
HRES for rural electrification. A hypothetical system in Maiduguri,
Nigeria, was used to demonstrate the characteristics of the proposed
approach. Specifically, the approach combines an HRES simulation
model based on the weighted Ah throughput model with the search
capabilities of the OA, achieving a balanced design from both technical
and economic perspectives.

Global optimization is achieved by running the OA process 100 times
with different seeds for random number generation, preventing stag-
nation at a local minimum. This methodology enables the exploration of
multiple local minima and allows for the estimation of the probability of
discovering a new one by repeating the optimization routine. It provides
valuable insights into the optimality of the solution, which is essential
for effective economic and resource management.

The obtained solution revealed that the economic benefit depends on
integrating the abundant renewable resource—in this case, solar ener-
gy—complemented by a modest storage capacity. This approach allows
for the efficient use of free and clean energy resources while minimizing
high expenditures on energy storage devices.

Based on a comparative analysis with GA, it was observed that the
operators utilized by the selected optimization method (OA or GA) in-
fluence both the identified local minimum and the likelihood of
discovering additional ones through an extended optimization process.
As the operators employed by OA are more advanced than those used by
GA, the resulting histogram of the problem’s solutions (Fig. 5) is more
accurate. Consequently, the primary objective of using OA is to
construct this histogram (Fig. 5) with high precision, thereby enabling
the estimation of the probability associated with the identified local
minimum. In other words, when multiple local minima are found,
extending the optimization process allows for the estimation of the
likelihood of uncovering an unobserved minimum. This, in turn, pro-
vides valuable insight into the extent to which a given local minimum
may correspond to the global optimum. The operators within OA

Table 3
Optimal HRES architecture.

perform a comprehensive exploration and exploitation of the search
space, enabling a precise characterization of the solution histogram
(Fig. 5), the identification of promising local minima, and the proba-
bility that such a local minimum represents the global optimum.

In terms of cost, the solution obtained using OA is 0.45 % lower than
that produced by a GA implementation. Throughout the optimization
process, the search space was thoroughly explored, resulting in a
probability of 0.1065 for identifying an additional local minimum. This
probability is closely linked to the likelihood that the identified solution
represents the global optimum. Such an analysis cannot be performed
using commonly available commercial software (in this study, GA was
used as a representative example), as these tools typically solve the
optimization problem only once and do not provide further insights into
the optimality of the solution. In addition to identifying competitive
solutions in terms of NPC, it is also valuable to provide insight into the
extent to which such a solution represents the global optimum.
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Table 4
Economic performance of the optimal HRES.

Algorithm Total net present cost (€) Time (hh:mm:ss)
OA 26823.98 50:34:27
GA 26947.35 00:11:44

Algorithm Solar panel type (v) Panels in parallel (d) Wind turbine type () Wind turbines (j) Battery type (m) Batteries in parallel (o) Generator type (y)
OA 26 15 11 1 17 1 1(0W)

(600 W) (2875 W) (1879 Ah)
GA 25 13 12 1 21 1 1(00W)

(577 W) (3150 W) (2377 Ah)
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