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A B S T R A C T

The optimal design of small-scale energy systems is a critical step in rural electrification projects, offering
valuable insights for integrating renewable energy sources on a broader scale. This paper analyzes the sizing of
isolated energy systems using the Genghis Khan Shark Optimizer, taking into account the variability of wind and
solar resources across diverse scenario groups to enhance computational efficiency. Specifically, three scenario
sets were utilized: training, validation, and testing. The training set was applied to assess the objective function
across all optimization agents, while the validation set was used to independently evaluate the performance of
the agent with the highest fitness score. Finally, the testing set was employed to verify the performance of the
accepted solution. By selecting a limited number of scenarios for the training set and a moderate number for the
validation and testing sets, we reduced the computational load associated with analyzing the entire population,
allowing for greater focus on the most promising agent identified at each iteration. Results from a case study
revealed that the proposed method identified an energy system configuration 8.05 % better than the configu-
ration obtained using a genetic algorithm.

1. Introduction

Access to energy in remote areas is crucial for supporting social and
economic development, as it enables the operation of essential services
such as schools and healthcare facilities. In these settings, power can be
provided through fossil fuel-powered generators (e.g., diesel or gaso-
line) or by incorporating renewable sources, such as wind and solar
energy, in combination with a battery energy storage system (BESS),
thereby creating a hybrid power system (HPS).

Determining the optimal sizing for each energy source presents a
complex challenge, given the extensive variety of generators, photo-
voltaic (PV) panels, wind turbines (WTs), and BESS units available from
different manufacturers. The process of selecting an ideal configuration
for a specific location is a combinatorial problem, requiring equipment
choices from multiple manufacturers to minimize costs and reduce the
system’s environmental impact over its lifespan. The vast number of
potential combinations poses significant computational demands,
making heuristic optimization techniques (HOTs) a preferred solution
for scientists and engineers working on this challenge.

HPS design can aim to minimize either the total net present cost
(TNPC) alone or both TNPC and greenhouse gas (GHG) emissions. For
TNPC minimization, a mono-objective optimization (MoOO) approach
is employed. In contrast, a multi-objective optimization (MuOO)

algorithm is used when both TNPC and GHG emissions are considered.
In MoOO, the system design is based on estimated TNPC, while in
MuOO, decision-makers select the most suitable configuration from the
Pareto front, highlighting a fundamental distinction in heuristic meth-
odologies between MoOO and MuOO. In the following sub-sections, we
present recent studies in the field of HPS sizing utilizing MoOO and
MuOO approaches.

1.1. Multi-objective optimization for hybrid power system design

For HPS sizing with MoOO, commonly applied algorithms include
genetic algorithms (GAs), particle swarm optimization (PSO), simulated
annealing (SA), and differential evolution (DE), with ongoing research
focused on refining and enhancing these methods. For example, Sade-
ghibakhtiar et al. [1] applied a GA to design a PV/WT/BESS residential
HPS in Italy, accounting for uncertainties in wind and solar resources
through Monte Carlo simulations (MCSs). Their optimization aimed to
minimize TNPC while maintaining system reliability, as measured by
the loss of load probability (LOLP). This study achieved a TNPC of
€75795 for a system with 95 % reliability. Chen and Zhang [2] applied
modified PSO and SA methods to design an HPS comprising PV panels, a
diesel generator (DG), and a BESS for a remote area in China. The
modified PSO effectively minimized TNPC. Then, the authors conducted
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sensitivity analyses on fuel and CO₂ prices, with cost of energy (COE)
values ranging from $0.28 to $0.64/kWh. Kamal et al. [3] developed a
DE-based model to design an HPS in India, using PV panels, a biogas
generator (BG), WTs, a DG, and a BESS, achieving a COE of $0.22/kWh,
representing improvements of 4.3 % and 5.2 % over PSO and GA,
respectively.

Researchers continue to develop new HOTs for MoOO to assist en-
gineers and practitioners in designing cost-effective, high-performance
HPS. In this regard, Araoye et al. [4] applied the grasshopper optimi-
zation algorithm (GOA) to size an HPS in Nigeria, incorporating PV
panels, WTs, BG, DG, BESS, and a hydropower (HP) generator. GOA,
inspired by the hunting and swarming behavior of grasshoppers,
demonstrated superior results compared to the updated HOMER Pro®
software, achieving a COE of $0.01783/kWh, significantly influenced by
the BG.

For an Egyptian system, Abdelsattar et al. [5] explored various
configurations using PV modules, WTs, BESS, and DG, optimized
through the dandelion optimizer (DO), inspired by the dispersal
behavior of dandelion seeds. By balancing COE, LOLP, and GHG emis-
sions, the study reported COE values between $0.2311 and
$0.3282/kWh, depending on the inclusion of wind generation.

Amoussou et al. [6] employed the crayfish optimization algorithm
(COA) to size an HPS in Cameroon, inspired by crayfish foraging
behavior. COA outperformed other algorithms such as the whale opti-
mization algorithm (WOA), sine cosine algorithm (SCA), and GOA in
COE by margins of 0.06 %, 0.122 %, and 0.39 %, respectively,
depending on the architecture.

Bakeer et al. [7] utilized the African vultures optimization approach
(AVOA) for an HPS in Egypt, comprising PV panels, WTs, DG, and BESS.
AVOA outperformed HOMER Pro®, GOA, and the Giza pyramid con-
struction (GPC) algorithm, achieving a COE of $0.0947/kWh with su-
perior convergence and computation time across 20 trials.

Bouaouda and Sayouti [8] applied quantum beluga whale optimi-
zation (QBWO) in Morocco, combining beluga whale optimization
(BWO) with quantum mechanics for enhanced performance, achieving a
COE of $0.264/kWh with a 4.6 % LOLP, surpassing BWO, PSO, and CSA.

Farh [9] used a reinforcement learning neural network algorithm
(RLNNA) for HPS design in Saudi Arabia, including PV modules, WTs,

DG, and BESS. RLNNA demonstrated efficient, rapid convergence
compared to other algorithms like GA, PSO, and manta ray foraging
optimization (MRFO).

Jahangir et al. [10] proposed a methodology leveraging resource
complementarity for an HPS in Canada, the UK, and Pakistan, analyzing
resource variability over critical months with results consistent with
HOMER Pro®. Specifically, the design derived from the resource
complementarity analysis, compared to that recommended by HOMER
Pro®, features a PV generator that is 57 % smaller and a BESS that is 39
% larger.

In rural electrification, HPSs are typically managed using a load-
following strategy, in which renewable generation and BESS are prior-
itized, and DG is used to meet the remaining load demand. Conversely,
in higher-capacity HPS, daily forecasting of renewable generation is
conducted to improve clean power integration. In this context, Jiang
et al. [11] introduced a sizing method based on stochastic optimization,
performing a long-term analysis to estimate the optimal operating
strategy through stochastic dynamic programming (SDP).

Yang et al. [12] developed a model implemented in two layers to
manage systems equipped with renewable and demand response (DR)
resources. First, the uncertainty of renewable generation is represented
through a scenario generation and reduction approach. Then, the upper
layer minimizes DR-related costs, while the lower layer minimizes
overall expenses. The optimization task is conducted using a combina-
tion of the teaching-learning based optimization (TLBO) and CSA, with
results highlighting the effectiveness of the proposed method for HPS
management.

Table 1 presents a summary of each aforementioned MoOO tech-
nique, highlighting their general capabilities and limitations in a
compact format.

1.2. Multi-objective optimization for hybrid power system design

To enhance the environmental benefits of HPS, scientists have made
significant efforts to improve existing MuOO techniques and develop
new ones, enabling practitioners to design HPSs that balance TNPC and
GHG emissions. Commonly used methods include the non-dominated
sorting genetic algorithm version II (NSGA-II) and multi-objective

Table 1
Key features of recent research on HPS management and design by MoOO.

Reference Algorithm Methodology

Sadeghibakhtiar et al.
[1]

GA It considers both resource variability and system reliability; however, the BESS model does not account for
degradation over its lifetime.

Chen and Zhang [2] PSO and SA It mitigates stagnation around a local optimum by performing 30 independent optimizations. However,
uncertainty regarding renewable resources is not considered, nor is the reduction in BESS lifespan incorporated.

Kamal et al. [3] DE, PSO, and GA DE achieved the optimal configuration among the benchmark methods.
Araoye et al. [4] GOA and HOMER Pro® Through sensitivity analysis, the researchers incorporate variations in renewable resources and other techno-

economic parameters, as well as their effects on the TNPC. However, the impact of BESS performance and
replacement timing could also be integrated into the sensitivity analysis.

Abdelsattar et al. [5] DO It combines the COE, LOLP, and GHG emissions into a single objective to achieve improved results from multiple
perspectives. However, the capacity degradation of the BESS due to cycling is not modeled, nor is its impact on
the TNPC.

Amoussou et al. [6] COA, WOA, SCA, and GOA The authors assessed the impact of LOLP on the optimal configuration through sensitivity analysis. However, the
BESS model does not allow for estimation of the impact of its replacement on the TNPC.

Bakeer et al. [7] AVOA, GOA, GPC, and HOMER Pro® The researchers independently repeated the optimization process 20 times to identify the global optimum.
Nevertheless, the reduction in BESS operational time due to wear is not accounted for.

Bouaouda and Sayouti
[8]

QBWO, BWO, PSO, and CSA The authors performed a sensitivity analysis on load demand and the availability of each system component.
Additionally, QBWO demonstrates an accelerated convergence rate.

Farh [9] RLNNA, GA, PSO, MRFO, and SDO The authors conducted 50 optimization experiments to find the global optimum, subsequently evaluating the
algorithm’s performance using the mean, standard deviation, and the highest and lowest costs. However, the
BESS model is linear and does not include any method for estimating the BESS replacement time.

Jahangir et al. [10] Complementarity of natural resources
and HOMER Pro®

Analyzing the complementarity of natural resources offers a rapid solution comparable to those derived from
more complex simulation models, such as HOMER Pro® software. Additionally, solar resource uncertainty has
been incorporated. However, the reduction in BESS lifespan due to discharging conditions has not been
included.

Jiang et al. [11] SDP This approach considers the uncertainty of renewable power, thereby enhancing the operational robustness of
the HPS.

Yang et al. [12] TLBO-CSA It incorporates the uncertainty of clean energy sources and optimizes the management of DR resources.
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particle swarm optimization (MOPSO). For instance, Sadeghibakhtiar
et al. [1] employed NSGA-II in combination with the technique for order
preference by similarity to an ideal solution (TOPSIS).

Cheraghi and Jahangir [13] implemented a design tool based on
NSGA-II and MOPSO, incorporating PV panels, WTs, a ground source
heat pump, a DG, a BESS, and an FC. This model optimizes COE, GHG
emissions, and the human development index (HDI) simultaneously to
provide enriched data for decision-making. The results showed that
GHG emissions could be reduced by at least 46 % compared to a
coal-based generation unit and by at least 3 % compared to a unit
powered by natural gas.

Ansari [14] proposed a technique based on NSGA-II for designing an
HPS with a PV generator, a DG, and an FC, with LOLP and TNPC as the
main objectives. Pareto front results were then analyzed using the an-
alytic hierarchy process (AHP) combined with TOPSIS. Demonstrating
this approach in Iran, the author conducted sensitivity analysis and
found that a 50 % reduction in FC reduced TNPC by 8.93 %, while a 50 %
increase in fuel cost raised TNPC by 24.55 %. Additionally, researchers
estimated that TNPC could increase by 30.50 % due to uncertainties in
natural resources.

Liu et al. [15] presented a sizing tool for an HPS incorporating a
concentrating solar power (CSP) device, a thermal energy storage sys-
tem, PV modules, WTs, a BESS, and electric heaters. The researchers
analyzed local consumption, sales, and virtual power plant (VPP)
modes, each under scenarios of load demand and electricity price un-
certainty. The MuOO model addresses factors related to LOLP, COE, and
net economic benefit for sales and VPP modes only, using NSGA-II and
TOPSIS. Analyzing an HPS in China, the authors observed that PV panel
quantity and BESS size, along with CSP—providing 31–38 % of total
power—were critical to performance. Incorporating electric heaters
allowed for the utilization of excess electricity, enhancing overall system
performance.

The HPS management problem can be formulated using MuOO to
minimize operational costs and environmental impact concurrently.
Following this research direction, Ahmed et al. [16] addressed hydro-
thermal coordination with MuOO, including uncertainties in wind and
solar generation. The authors used the adaptive salp swarm algorithm
(ASSA) for optimization and combined RETScreen® software with the
point estimation approach to model solar and wind generation. In a case
study, the approach demonstrated reductions of 10 % in operating costs
and 64 % in GHG emissions.

Belbachír et al. [17] presented a MoOO methodology created by
summing independent objectives, thus transforming a MuOO into a
MoOO. This technique is used for BESS sizing and placement, consid-
ering characteristics of distribution systems (DSs) such as power losses
(PLs) and voltage deviations (VDs). The authors proposed an improve-
ment to the artificial hummingbird algorithm (AHA), inspired by hum-
mingbird flight behavior, by incorporating long-term memory. The
resulting algorithm, the long-term memory artificial hummingbird al-
gorithm (LMAHA), demonstrated better performance than AHA and
other algorithms, including gradient-based optimizer (GBO), artificial
rabbits optimization (ARO), pelican optimization algorithm (POA), PSO,
GA, and DE. Across two test DSs, the study observed reductions in daily
PL by 72–82 % and in daily VD by 56–67 %.

Mbasso et al. [18] combined MOPSO and the multi-objective grey
wolf optimizer (MOGWO) to leverage the strengths of both techniques,
improving optimization outcomes. The MuOO implementation using the
MOPSO-MOGWO algorithm was applied to design a PV/BESS system in
Cameroon, minimizing LOLP and maximizing HPS autonomy, including
BESS energy. Considering different load profiles based on environmental
conditions, the researchers noted that the combined MOPSO-MOGWO
algorithm outperformed individual implementations.

Hai et al. [19] developed a management model for a smart parking
lot with PV generation, an FC, and DR resources. This technique com-
bines WOA and pattern search (PS) to address average and deviation
costs from a MuOO perspective. The method employs fuzzy theory to

select appropriate solutions from the Pareto front, accounting for the
negative impact of uncertainty on HPS performance. Comparisons with
CSA and TLBO highlighted the technique’s promise, showing a reduc-
tion in uncertainty of approximately 41 %.

Alahmad et al. [20,21] proposed a design model using NSGA-II and
MOPSO. Uncertainty was incorporated through MCSs, combining sce-
nario generation and reduction techniques with probabilistic load flow
(PLF) studies. Technical constraints of DS were considered, establishing
optimization goals related to operating costs, PL, and VD. The authors
examined BESS and compressed air energy storage system (CAES)
technologies, showing that dependency on DS or thermal generation
units decreased by 15–31 %, along with reductions in PLs and im-
provements in voltage profiles.

Pandya et al. [22] focused on solving the optimal power flow (OPF)
problem with considerations for renewable generation uncertainty and
the effects of the flexible AC transmission system (FACTS). Location and
capacity of FACTS equipment were optimized using the multi-objective
moth flame optimizer (MOMFO), inspired by moth navigation. In
another study [23], OPF for an HPS with a PV farm, WTs, and HP gen-
eration was solved using the multi-objective RIME (MORIME) algo-
rithm, inspired by rime-ice behavior. This approach outperformed
multi-objective versions of WOA, GWO, and MRFO.

Agrawal et al. [24] employed the multi-objective thermal exchange
optimization (MOTEO) algorithm to solve the OPF problem under un-
certainty. MOTEO, based on Newton’s law of cooling, optimized an HPS
with PV modules, WTs, a small HP unit, a DG, and the DS, incorporating
VDs and PLs minimization. The authors demonstrated MOTEO’s effec-
tiveness by comparing it with multi-objective versions of WOA and
GWO.

Economic dispatch (ED) is another critical issue in medium- and
large-scale HPS management. In this regard, Xu and Yu [25] developed a
solution using the multi-objective multi-verse optimizer algorithm
(MOMVO), inspired by the multiverse theory’s concepts of white holes,
black holes, and wormholes. The authors validated MOMVO’s effec-
tiveness, noting good results in terms of convergence and overall per-
formance compared to popular algorithms like NSGA-II.

Table 2 provides a summary of the MuOO algorithms discussed,
including each methodology’s strengths and limitations.

1.3. Research contributions

The range of HOTs for designing HPSs is extensive. Traditional
methods with proven efficacy in minimizing TNPC, such as GA, PSO, DE,
and SA, continue to be relevant in rural electrification projects. How-
ever, as previously discussed, modern techniques—such as the GOA, DO,
COA, WOA, SCA, AVOA, GPC, BWO, QBWO, RLNNA, SDP, TLBO,
LMAHA, AHA, GBO, ARO, and POA—offer high-quality solutions due to
their advanced search capabilities.

For minimizing both TNPC and GHG emissions, NSGA-II and
MOPSO, often used with TOPSIS, AHP, or fuzzy sets, remain widely
accepted. The MuOO approaches have also been applied to enhance DS
performance by minimizing PLs and improving voltage profiles. With
recent technological advancements, newly developed method-
ologies—such as the ASSA, MOGWO, MORIME, MRFO, MOTEO, and
MOMVO—have demonstrated excellent results.

As shown in Tables 1 and 2, considerable efforts have been made to
incorporate renewable resource uncertainty through scenario genera-
tion and reduction and MCS or sensitivity analysis. Moreover, HOTs
intrinsically cannot guarantee optimality, as they may stagnate around
local optima. To address this issue, some researchers repeat the opti-
mization process multiple times to reach alternative local optima. While
this approach is essential for obtaining a robust solution, it is often
limited due to its computational intensity. Additionally, most recent
studies implement a BESS model of low complexity, which hinders ac-
curate estimation of BESS replacement times, significantly affecting
TNPC calculations.
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Beyond the HOTs presented in Tables 1 and 2, various other tech-
niques may be employed to solve the HPS design problem. In this paper,
we introduce the Genghis Khan shark optimizer (GKSO) to HPS design
for rural electrification. GKSO is a recently developed algorithm inspired
by the predation and survival behaviors of Genghis Khan sharks. To the
best of our knowledge, this is the first application of the GKSO algorithm
to HPS dimensioning, representing a valuable contribution to existing
literature.

To mitigate the increase in computational load due to uncertainty
sources, we utilize a methodology commonly applied in neural network
(NN) training. Using an autoregressive (AR) process, we generate sce-
narios of wind speed and solar radiation. Specifically, we create three
sets of scenarios: training, validation, and testing. The training dataset,
containing a limited number of scenarios, evaluates each agent’s per-
formance during the optimization process. The validation dataset, with a
moderate number of scenarios, assesses the performance of the best-
performing agent at each iteration, while the testing dataset evaluates
the adopted configuration’s performance. This approach allows us to
reduce the computational effort required for evaluating all agents at
each iteration, focusing resources on analyzing the best individual in
each validation and, ultimately, testing phase. Additionally, for a lead-
acid battery (LAB)-based storage system, we implement the weighted
Ah throughput model complemented by some operational stress factors
to enhance the reliability of TNPC estimation, an area typically under-
explored in the literature according to Tables 1 and 2 Lastly, we perform
an exhaustive search for the global optimum by repeating the optimi-
zation process multiple times, thereby approximating the probability of
discovering new local optima through extended search optimization
processes.

The paper is organized as follows: Section 2 describes the HPS
simulation model, Section 3 explains the implementation of the pro-
posed approach, Section 4 illustrates the approach with a rural electri-
fication project, and Section 5 discusses the main findings and general
conclusions.

2. Hybrid power system model

Typically, an HPS includes a wind turbine, a PV generator, a BESS
based on lead-acid technology, a power converter, and a generator
powered by gasoline or diesel. An energy system with these components

is illustrated in Fig. 1. The conventional generator provides a control-
lable source to meet power demand. However, its continuous operation
over time is neither economically nor environmentally advantageous.
Integrating wind and solar PV energy reduces the operating hours of the
conventional generator, leading to lower fuel consumption and
decreased operating costs. The BESS stores excess renewable energy,
which can be used later, further minimizing the reliance on the con-
ventional thermal generator. The energy management system oversees
the implementation of the operating strategy (load-following strategy)
to manage the power available from renewable sources, the BESS, and
the conventional generator.

The simulation and optimization model presented in this paper uses a
set of scenarios, denoted by the index s = 1, 2, …, S, to account for
variability. This scenario set allows us to incorporate the variability of
wind speed and solar irradiance over the years, along with the associ-
ated changes in each system component. Similarly, wind turbine man-
ufacturers are represented by the index z = 1, …, Z. PV panel
manufacturers are represented by the index v = 1,2,…,V. The indexm =

1,…,M is used for each battery manufacturer, and y = 1,…,Y for each
diesel or gasoline generator manufacturer.

The variable PW(t,z,s) represents the power output of the wind
generator at time t, for manufacturer z and scenario s. Similarly, PPV(t,v,s)
denotes the power output of the PV generator at time t, for manufacturer
v and scenario s; PBT(t,m,s) represents the power output of the battery bank
at time t, for manufacturer m and scenario s; and PG(t,y,s) represents the
power output of the thermal generator at time t, for manufacturer y and
scenario s. Finally, PL(t) denotes the power demand at time t. In the
following sub-sections, we briefly describe the model for each element.

2.1. Wind turbine

The turbine manufacturer provides a numerical table that details the
energy conversion process by relating wind speed to power production.
Fig. 2 illustrates the typical shape of this curve, highlighting the cut-in,
rated, and cut-out wind speeds. Power generation begins when the cut-in
wind speed, typically between 3 m/s and 4 m/s, is reached. The rated
power is produced at a corresponding wind speed, usually between 14
m/s and 15 m/s. Finally, at the cut-out speed, which ranges from 14 m/s
to 18 m/s, power generation is limited to protect the turbine structure
[26].

Table 2
Key features of recent research on HPS management and design by MuOO.

Reference Algorithm Methodology

Sadeghibakhtiar et al.
[1]

NSGA-II The method accounts for uncertainties related to natural resources and equipment reliability. However, the
reduction in BESS lifespan is not considered.

Cheraghi and Jahangir
[13]

NSGA-II and MOPSO It incorporates the HDI, which enhances optimization results and significantly reduces GHG emissions
compared to fossil-fuel power plants. However, the implemented BESS model does not account for the
complexities associated with replacement timing.

Ansari [14] NSGA-II It balances the cost and reliability of the HPS by accounting for natural resource uncertainty and system
sensitivity.

Liu et al. [15] NSGA-II It incorporates a wide range of operating modes under uncertainty, including clean generation, energy storage,
and DR resources. However, the computational model of the BESS is limited in estimating its lifespan.

Ahmed et al. [16] ASSA It enhances hydrothermal coordination by incorporating wind and solar resource uncertainties using
RETScreen® software.

Belbachír et al. [17] LMAHA, AHA, GBO, ARO, POA, PSO,
GA, DE

The technique searches for the global optimum by independently repeating the optimization process 20 times.
However, the optimization routine employs a simplified BESS model.

Mbasso et al. [18] MOPSO, MOGWO, MOPSO-MOGWO It utilizes two algorithms to achieve a high-quality solution. However, it employs a general-purpose BESS
model that cannot estimate lifespan reduction due to charging and discharging cycles.

Hai et al. [19] WOA-PS, TLBO, CSA The method effectively minimizes operational uncertainty.
Alahmad et al. [20,21] NSGA-II and MOPSO It considers two storage technologies—BESS and CAES—along with DS restrictions and sources of uncertainty

through PLF analysis. However, the BESS model is linearized to enhance the performance of the adopted
optimization strategy, which limits accurate representation of the complex charging and discharging processes.

Pandya et al. [22,23] MORIME, multi-objective WOA, GWO,
and MRFO, among others

The techniques successfully resolved the OPF under uncertainty, considering DS restrictions such as VDs.

Agrawal et al. [24] MOTEO, multi-objective WOA and
GWO, among others

The approach provides a satisfactory solution to the OPF, accounting for the uncertainties of solar and wind
resources, as well as DS operational constraints.

Xu and Yu [25] MOMVO, NSGA-II, among others It addresses ED by minimizing operating costs and GHG emissions, considering the valve-point effect of thermal
generators and transmission system PLs.
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To account for wind speed variability, several scenarios are consid-
ered. The variable W(t,s) represents the wind speed (m/s) at time t and
scenario s. Assuming that the power curve in Fig. 2 corresponds to
manufacturer z, the power production at time t (pw(t,z,s)) can be estimated
by applying W(t,s) to Fig. 2 through linear interpolation. The variable
pw(t,z,s) represents the power production of a single turbine, while PW(t,z,s)

in Fig. 1 represents the total power output of several turbines.

2.2. Photovoltaic generator

PV panel manufacturers often provide useful factors for estimating
power production under various environmental conditions. Equations
(1) and (2) can be used for this purpose [26]:

TC(t) =TA(t) +
(
NOCT(v) − 20 ◦C

800 W/m2

)

G(t,s), (1)

ppv(t,v,s) =PSTC(v)
{

G(t,s)

1000 W/m2 [1+αPV(v)(TC(t) − 25 ◦C)]
}

, (2)

where, for a given manufacturer v, NOCT(v) is the nominal operating cell
temperature (NOCT), αPV(v) is the temperature coefficient of power for
manufacturer v, PSTC(v) is the power at standard test conditions (STC) for
manufacturer v, and TC(t) is the cell temperature. The environmental
conditions are represented byG(t,s), which is the solar irradiance at time t
and scenario s, and TA(t), which is the ambient temperature. The variable
ppv(t,v,s) represents the power generation of a single panel, while PPV(t,v,s)
in Fig. 1 represents the power generation of several panels connected in
parallel.

2.3. Lead-acid battery bank

The BESS is a crucial component that enhances system flexibility,
enabling the consumption of clean energy when wind and solar re-
sources are unavailable. LABs have been successfully used in rural
electrification projects, so we focus particularly on this technology and
the factors affecting its operating lifetime. On one hand, we used the

weighted Ah throughput model [27–29] to quantitatively estimate LAB
lifetime. On the other hand, we incorporated operating stress factors
[27] to study LAB operation from a qualitative perspective. The details
of these analyses are thoroughly discussed in the following sub-sections.

2.3.1. Modelling of a single cell
Shepherd’s equation is commonly used to define the mathematical

relationship between cell voltage U(t,m,s), current I(t,m,s), and state of
charge (SOC) SOC(t,m,s) at any given time t, for manufacturer m and
scenario s. Shepherd’s equation accounts for open-circuit operation,
resistive losses, and over-voltage. Equations (3) and (4) present the cell
voltage for charging (I(t,m,s) > 0) and discharging (I(t,m,s) ≤ 0) conditions
[27–29]:

U(t,m,s) =U0(m) − g(m)DOD(t,m,s) +Rc
(t,m,s)

(
I(t,m,s)

C10(m)

)

+ Rc
(t,m,s)Mc(m)

(
I(t,m,s)

C10(m)

)(
SOC(t,m,s)

Cc(m) − SOC(t,m,s)

)

⦡ I(t,m,s) >0, (3)

Fig. 1. Scheme of a hybrid power system.

Fig. 2. Wind turbine power curve.

U(t,m,s) =U0(m) − g(m)DOD(t,m,s) +Rd
(t,m,s)

(
I(t,m,s)

C10(m)

)

+Rd
(t,m,s)Md(m)

(
I(t,m,s)

C10(m)

)(
DOD(t,m,s)

Cd
(t,m,s) − DOD(t,m,s)

)

⦡ I(t,m,s) ≤ 0.. (4)
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Some parameters vary with time, while others depend solely on the
technology used by the manufacturer m. Specifically, U0(m) is the open-
circuit voltage, g(m) is the open-circuit voltage variation with SOC,
Rc
(t,m,s) and Rd

(t,m,s) are the charging and discharging resistances, respec-
tively, and Mc(m) and Md(m) are the resistances related to charge transfer
during charging and discharging. Cc(m) and Cd

(t,m,s) are the normalized
capacities. DOD(t,m,s) represents the depth of discharge (DOD), and C10(m)

is the cell capacity over 10 h.
The gassing process, which is commonly observed during battery

charging, is important for accurately estimating the SOC. It is incorpo-
rated into the SOC calculation in Equations (5) and (6) [27–29]:

SOC(t,m,s) = SOC(t− Δt,m,s) +

∫ t

t− Δt

{
I(τ,m,s) − IG(τ,m,s)

C10(m)

}

dτ, (5)

IG(t,m,s) =

(
C10(m)

100

)(
IG0(t,m,s)

)
exp
(
CU(m)

[
U(t,m,s) − UG

0(m)

]

+CT(m)

[
TA(t) − TG

0(m)

])
⦡ I(t,m,s) > 0..

(6)

The gassing process is represented by the current IG(t,m,s). Here, CU(m) is
the voltage coefficient of gassing, UG

0(m) is the gassing voltage, CT(m) is the
temperature coefficient of gassing, and TG

0(m) is the reference gassing
temperature. All of these parameters correspond to the manufacturer m.

2.3.2. Modelling of positive grid corrosion
Shepherd’s equation can also be used to describe the corrosion

process. The corrosion during charging and discharging can be repre-
sented by Equations (7) and (8) [27–29]:

Uc
(t,m,s) =Uc

0(m) −

(
10
13

)

g(m)DOD(t,m,s) +Rc
(t,m,s)

(
I(t,m,s)

2C10(m)

)

+ Rc
(t,m,s)Mc(m)

(
I(t,m,s)

2C10(m)

)(
SOC(t,m,s)

Cc(m) − SOC(t,m,s)

)

⦡ I(t,m,s) >0, (7)

where Uc
(t,m,s) represents the corrosion voltage, and Uc

0(m)
is the corrosion

voltage when the battery is fully charged. These variables vary accord-
ing to the specific manufacturer and scenario of interest. The evolution
of the corrosion layer is described by Equations (9)–(12) [27–29]:

Δω(t,m,s) =

{
ksp
(
ø0.6)

⃒
⃒
⃒
⃒ ø =

[
Δω(t− Δt,m,s)

/(
ksp
)] 1

0.6 + Δt; Uc
(t,m,s)〈1.74 <

Δω(t− Δt,m,s) +
(
ksp
)
Δt; Uc

(t,m,s) ≥ 1.74
,

(9)

ΔR(t,m,s) =ΔRmax

(
Δω(t,m,s)

Δωmax(m)

)

, (10)

ΔCc
(t,m,s) =ΔCc

max

(
Δω(t,m,s)

Δωmax(m)

)

, (11)

Δωmax(m) =365×24 × (FL(m))
(
kspmax(m)

)
, (12)

where Δω(t,m,s) represents the corrosion layer thickness, ksp is the speed

coefficient of the corrosion process, ΔR(t,m,s) denotes the internal resis-
tance increment of the corrosion layer, ΔRmax is the maximum corrosion
layer resistance, Δωmax (m) represents the maximum corrosion layer
thickness, ΔCc

(t,m,s) is the loss of capacity due to the corrosion process,
and ΔCc

max is the maximum loss of capacity due to corrosion. The coef-
ficient kspmax (m)

is the corrosion speed coefficient at the float voltage,
determined through the Lander curve, and FL(m) represents the battery
float life. These parameters are directly related to the time, manufac-
turer, and scenario under analysis.

2.3.3. Modelling of active mass degradation
The Ah throughput method utilizes key factors related to SOC, time

spent at low SOC, discharging current, and incomplete charging cycles
to estimate active mass degradation. These factors are defined in
Equations (13)–(16), which are further illustrated in Fig. 3. In this
figure, partial and full charging conditions are defined according to a
threshold SOC value of 0.9 (SOCmax

lim = 0.9). The impact of time spent at
low SOC is accounted for by the term min

{
SOC(τ,m,s)|τ∈

[
tβ(s), t

]}
and t −

tβ(s). These concepts are incorporated into the SOC factor (f soc
(t,m,s)) as

shown in Equations (13) and (14) [27–29]:

f soc(t,m,s) =1 +
[
csoc0(m) + csocmin (m)

(
1 − min

{
SOC(τ,m,s)|τ∈

[
tβ(s), t

]})
f I(t,m,s)Δt

soc
(t,s)

]
,

(13)

Δtsoc(t,s) = t − tβ(s), (14)

where the coefficients csoc0(m)
and csocmin (m)

correspond to the slope and
minimum SOC, respectively, while Δtsoc(t,s) represents the time since the
last full charge.

The impact of the discharging current is accounted for by the current
factor (f I

(t,m,s)), which is defined in Equation (15) [27–29]:

f I(t,m,s) =

( ̅̅̅̅̅̅̅̅̅̅̅
Ir(m)

I1th(t,m,s)

√ )( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

exp
(q(t,m,s)

3.6

)
3

√ )

, (15)

where Ir(m) is a reference value, and I1th
(t,m,s) represents the discharging

current at the beginning of partial cycling. The variable q(t,m,s) denotes
the number of cycles in which the full charging condition has not been
met. The impact of insufficient charging is accounted for by weighting

Fig. 3. Partial and full charging definitions.

Uc
(t,m,s) =Uc

0(m) −

(
10
13

)

g(m)DOD(t,m,s) +Rd
(t,m,s)

(
I(t,m,s)

2C10(m)

)

+Rd
(t,m,s)Md(m)

(
I(t,m,s)

2C10(m)

)(
DOD(t,m,s)

Cd
(t,m,s) − DOD(t,m,s)

)

⦡ I(t,m,s) ≤ 0, (8)
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the number of cycles according to the factor Δq(t,m,s), as defined in
Equation (16), which incorporates the maximum SOC reached [27–29].

Δq(t,m,s) =
0.0025 −

(
0.95 − max

{
SOC(τ,m,s)|τ ∈

[
tα, tβ

]})2

0.0025
. (16)

The gassing and diffusion processes are accounted for through the
stratification factor (fST(t,m,s)) defined in Equations (17)–(21). The term
min
{
SOC(τ,m,s)|τ∈

[
tβ, t
]}

captures the effect of partial charging on the
increase in acid stratification (Δf+(t,m,s)), while the gassing current (IG0(t,m,s))
is associated with the reduction in acid stratification (Δf −G(t,m,s)) as a
result of the gassing and diffusion processes. The subtraction between
these phenomena allows us to evaluate the influence of acid stratifica-
tion on battery lifetime [27–29].

fST(t,m,s) = fST(t− Δt,m,s) +

∫ t

t− Δt

(
Δf+(τ,m,s) − Δf −(τ,m,s)

)
dτ, (17)

Δf+(t,m,s) =CP(m)

(
1 − min

{
SOC(τ,m,s)|τ∈

[
tβ, t
]})

exp
(
− 3fST(t,m,s)

)
(
⃒
⃒
⃒Id(t,m,s)

⃒
⃒
⃒

Ir(m)

)

,

(18)

Δf −D(t,m,s) =
8DZ(m)

(ZD(m))
2f

ST
(t− Δt,m,s)2

(TA(t) − 293.15)/10 , (20)

Δf −(t,m,s) =Δf −D(t,m,s) + Δf −G(t,m,s). (21)

In the acid stratification model, Id
(t,m,s) represents the discharging current,

CP(m) is a parameter related to the acid stratification process, and CM(m) is
a parameter associated with the reduction of acid stratification. Ur(m)

serves as a reference voltage for the acid stratification process, DZ(m) is a
constant of the diffusion process, and ZD(m) represents the typical cell
height. The term Δf −G(t,m,s) relates to the reduction of acid stratification
due to gassing, while Δf −D(t,m,s) pertains to the reduction of acid stratifi-
cation as a result of diffusion.

The cumulative effect of the increase and decrease in acid stratifi-
cation is incorporated into the factor fA

(t,m,s), as defined by Equation (22)
[27–29]:

fA(t,m,s) =1 + fST(t,m,s)

̅̅̅̅̅̅̅̅̅̅̅
Ir(m)

I1th(t,m,s)

√

. (22)

The SOC factor (f soc(t,m,s)) and the acid stratification factor (fA(t,m,s)) are
used to calculate the weighted Ah (ZW(t,m,s)) according to Equation (23)
[27–29]:

ZW(t,m,s) =
1

C10(m)

∫ t

0

⃒
⃒
⃒Id(t,m,s)

⃒
⃒
⃒f soc(t,m,s)f

A
(t,m,s)dt. (23)

The capacity loss due to degradation (ΔCd
(t,m,s)) is calculated using

Equation (24) [27–29]:

ΔCd
(t,m,s) =ΔCd

max(m) exp

(

− CZ(m)

{

1 −
ZW(t,m,s)

1.6[ZI(m)]

})

, (24)

where ΔCd
max(m) is the maximum capacity loss related to battery degra-

dation, CZ(m) is a coefficient related to the degradation process, and ZI(m)

is the number of cycles under standard conditions for manufacturer m.
Once the aging processes have been considered, the charging and dis-
charging resistances (Rc

(t,m,s) and Rd
(t,m,s)), the gassing current (IG0(t,m,s)),

and the battery capacity (Cd
(t,m,s)) are updated using Equations (25)–(28)

[27–29]:

Rc
(t,m,s) =Rc

(0,m,s) + ΔR(t,m,s) (25)

Rd
(t,m,s) =Rd

(0,m,s) + ΔR(t,m,s) (26)

IG0(t,m,s) = IG0(m) + ΔIG0(m)

(
ΔR(t,m,s)

ΔRmax (m)

)

(27)

Cd
(t,m,s) =Cd

(0,m,s) − ΔCc
(t,m,s) − ΔCd

(t,m,s) (28)

The simulation model described above is applied sequentially, esti-
mating battery corrosion, active mass degradation, and parameter up-

dates until the battery capacity drops below 0.8, at which point the
battery is considered to have reached the end of its lifetime [27–29].
This time is stored in the variable T, and the stress factors are then
assessed for t = 1,2,…,T.

2.3.4. Operating stress factors
LAB operation can be evaluated using stress factors such as the

charge factor (CF), the Ah throughput, the highest discharge rate, the
time between full charges and partial cycling, and the time spent at low
SOC [30]. The following sub-sections briefly describe each of these
factors.

2.3.4.1. Charge factor. The CF is useful for determining whether the
battery is operating in full or partial mode. A very low CF could be
associated with sulphation and acid stratification, while a very high CF
indicates active mass shedding, water loss, and corrosion. The CF
(CF(m,s)) is calculated using Equations (29) and (30) [30]:

CF(m,s) =
Ahcharged(m,s)

Ahdischarged(m,s)
= −

∫ T
t=1 I(τ)H

(
I(τ,m,s)

)
dτ

∫ T
t=1 I(τ)H

(
− I(τ,m,s)

)
dτ

(29)

H
(
I(t,m,s)

)
=

{
0; I(t,m,s)〈0 <

1; I(t,m,s) ≥ 0 ⦡ t=1,…,T (30)

where Ahcharged(m,s) and Ahdischarged(m,s) represent the ampere-hours
charged and discharged, respectively, and H( ⋅) is the Heaviside func-
tion.

2.3.4.2. Ah throughput. The Ah throughput estimates the ampere-hours
discharged over the period of interest. This factor complements other
parameters related to partial cycling operation and its duration. The Ah
throughput (Qthr(m,s)) is defined in Equation (31) [30]:

Δf −G(t,m,s) =CM(m)

̅̅̅̅̅̅̅̅̅̅̅̅
100
C10(m)

√ (
IG0(t,m,s)

IG0(m)

)

exp
(
CU(m)

[
U(t,m,s) − Ur(m)

]
+CT(m)

[
TA(t) − TG

0(m)

])
, (19)
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Qthr(m,s) =

∫ T
t=1 I(t,m,s)H

(
− I(t,m,s)

)

C10(m)

(31)

2.3.4.3. Highest discharge rate. To assess the impact of the highest
discharge rate, a discharged-current histogram is constructed using B
bins, as shown in Fig. 4. Next, we identify the bins (L) that account for 1
% of the total Ah throughput discharged over the period under study.
Finally, the highest discharge rate (Imax1%(m,s)) is calculated using Equations
(32) and (33) [30]:

∑B

b=B− L

l(b)f(b) =0.01
(
Qthr(m,s)

)
C10(m) (32)

Imax1%(m,s) =
{

0.01
(
Qthr(m,s)

)
C10(m)

}
/{

I10(m)

(
∑B

b=B− L

l(b)f(b)

)}

(33)

where I10(m) is the discharging current in 10 h.

2.3.4.4. Time between full charge. The time between full charges (TF(m,s))
is directly determined by the periods when the SOC is lower than the
threshold SOCmax

lim = 0.9 and the duration of these periods. Therefore,
calculating the number of cycles (CF(m,s)) is crucial. This factor is defined
by Equation (34) [30]:

TF(m,s) =

{∫ T

t=1
H
(
SOCmax

lim − SOC(τ,m,s)
)
dτ
}/

{
24
(
CF(m,s)

)}
(34)

2.3.4.5. Partial cycling. Partial cycling (PC) enables us to account for
the effects of discharging the battery at different SOC levels. Therefore,
we first need to determine the SOC levels (A, B, C, D, and E) using
Table 3, represented by the variable x. Then, PC (PC(m,s)) is calculated
using Equations (35) and (36) [30]:

PC(m,s) =
{
P(A,m,s) +2

[
P(B,m,s)

]
+3
[
P(C,m,s)

]
+4
[
P(D,m,s)

]
+5
[
P(E,m,s)

]} /
5

(36)

2.3.4.6. Time at low SOC. The time at low SOC (TS(m,s)) is a stress factor
used to analyze situations when the SOC falls below a specific threshold,
SOCmin

lim = 0.35. This factor is calculated using Equation (37) [30]:

TS(m,s) =
100
T

{∫ T

t=1
H
(
SOClow

lim − SOC(τ,m,s)
)
dτ
}

. (37)

Fig. 5 summarizes the process of battery lifetime estimation and
stress factor calculation. First, we use the weighted Ah throughput
model to estimate the battery lifetime (T) in hours, taking into account
corrosion and active mass degradation. Next, we evaluate the operating
stress factors to gain a general understanding of the mechanisms
involved in lifetime reduction. These approaches provide both a quan-
titative perspective, necessary for TNPC estimation, and a qualitative
understanding of the phenomena contributing to lifetime loss.

2.4. Power converter

The power converter connects devices operating on direct current
(DC) to those functioning on alternating current (AC). The model used
here focuses on the power converter efficiency (ηconv(t,s)), which varies
according to Equation (38):

ηconv(t,s) =
Pconv(t,s)

ξconv × Pmaxconv + λconv × Pconv(t,s)
, (38)

where ξconv and λconv are model parameters, Pmaxconv is the converter’s rated
power, and Pconv(t,s) is the power flowing through the converter. Equation
(38) simplifies a more complex model, allowing us to avoid solving non-
linear equations and thus reducing computational effort. A compre-
hensive analysis of power converter efficiency models is provided in
Ref. [31].

2.5. Conventional thermal generator

A conventional generator significantly improves system reliability.
The model used in this work focuses on calculating fuel consumption,
which is done using Equation (39):

Fg(t,y,s) = γg(y) × Pmaxg(y) + χg(y) × Pg(t,y,s), (39)

where Fg(t,y,s) represents the fuel consumption (diesel or gasoline) for
manufacturer y, at time t and scenario s. γg(y) and χg(y) are parameters
derived from experimental measurements.

Fig. 4. Histogram of discharge current.

Table 3
State-of-charge intervals.

x Pmin
(x)

Pmax
(x)

A 0.85 1
B 0.7 0.85
C 0.55 0.7
D 0.4 0.55
E 0 0.4

P(x,m,s) =
−
{∫ T

t=1 I(τ)H
(
Pmin(x) − SOC(τ,m,s)

)
H
(
Pmax(x) − SOC(τ,m,s)

)
H
(
− I(τ,m,s)

)
dτ
}

{∫ T
t=1 I(τ,m,s)H

(
− I(τ,m,s)

)
dτ
} ⦡ x=A,B,C,D, E (35)

J.M. Lujano-Rojas et al. Energy 313 (2024) 134164 

8 



3. Proposed optimization model

The design technique proposed in this paper involves determining
the optimal size of the wind and PV generators, BESS, power converter,
and conventional generator to minimize TNPC. The optimization prob-
lem is addressed by considering the variability of wind speed and solar
irradiance to achieve a reliable design. Details of the optimization pro-
cess are explained in the following sub-sections.

3.1. Mathematical basis of the design problem

The optimal design problem involves minimizing TNPC, which is
estimated over the project’s lifetime. TNPC includes the capital and
replacement costs of the equipment, as well as operating and mainte-
nance (O&M) costs. The lifetimes of some devices, such as the BESS and
conventional generators, depend on renewable resources. The vari-
ability of wind speed and solar irradiance affects the battery discharging
current, which in turn influences its lifetime. Similarly, the running
hours of diesel or gasoline generators are affected by net-load vari-
ability, impacting the operating life of the generation unit. In general,
the variability of environmental resources directly impacts TNPC esti-
mation. Equation (40) expresses the goal of minimizing TNPC. The
variable a is a vector representing a specific combination of wind tur-
bines, PV panels, BESS, and the conventional generator. Resource vari-
ability is accounted for through scenarios, allowing us to estimate the
average TNPC (TNPCavg

(a) ) for a given system architecture (a) as shown in
Equation (41). TNPC(a,s) represents the TNPC obtained from each sce-
nario (s = 1,…,S) separately.

min
{
TNPCavg

(a)

}
, (40)

TNPCavg
(a) =

1
S
∑S

s=1
TNPC(a,s). (41)

System reliability is measured using the energy index of unreliability
(EIU), which is the ratio between energy losses and the total energy to be
supplied. Reliability is incorporated into the optimization problem
through the constraint in Equation (42), where EIUavg is the average EIU
calculated using Equation (43), and EIUtrg is the target or required EIU
set by the system designer. EIU(a,s) represents the EIU obtained from each
scenario (s = 1,…,S) separately.

EIUavg ≤ EIUtrg, (42)

EIUavg =
1
S
∑S

s=1
EIU(a,s). (43)

The operating constraints of each device must be met under all

conditions. For the BESS, restrictions on the battery SOC, cell current,
and voltage are presented in Equations (44)–(46). Here, SOCmin (m) rep-
resents the minimum SOC, Iminbt(m) are the minimum and maximum cell
currents, and Umin

bt(m) and Umax
bt(m) are the minimum and maximum cell

voltages. These variables are derived from the weighted Ah throughput
model previously explained.

SOCmin (m) ≤ SOC(t,m,s) ≤ 1, (44)

Iminbt(m) ≤ I(t,m,s) ≤ Imaxbt(m), (45)

Umin
bt(m) ≤U(t,m,s) ≤ Umax

bt(m). (46)

The operating stress factors are incorporated into the design process
through the constraints in Equations (47)–(52). Here, CFavg

(m)
, Qavg

thr , Imax,avg1%(m)
,

Tavg
F(m)

, PCavg
(m)

, and Tavg
S(m)

represent the average values for CF, Ah
throughput, highest discharge rate, time between full charges, partial
cycling, and time at low SOC, respectively. Similarly, CFtrg, Qtrg

thr, I
max,trg
1% ,

Ttrg
F , PCtrg, and Ttrg

S are the target values for each stress factor. The nu-
merical values considered are shown in Table 4 and correspond to those
of an optimal solar home system (SHS). In other words, we aim to
achieve operational performance similar to that of an optimal SHS from
a qualitative perspective [30].

CFavg
(m)

=
1
S
∑S

s=1
CF(m,s) ≤ CFtrg, (47)

Qavg
thr =

1
S
∑S

s=1
Qthr(m,s) ≤ Qtrg

thr, (48)

Imax,avg1%(m)
=

1
S
∑S

s=1
Imax1%(m,s) ≤ Imax,trg1% , (49)

Tavg
F(m)

=
1
S
∑S

s=1
TF(m,s) ≤ Ttrg

F , (50)

PCavg
(m)

=
1
S
∑S

s=1
PC(m,s) ≤ PCtrg, (51)

Fig. 5. Estimation of the battery lifetime and the operating stress factors.

Table 4
Target values for stress factors.

CFtrg Qtrg
thr Imax,trg1% TtrgF PCtrg TtrgS

115 % 70 1.4 8 days 70 % 15.5 %
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Tavg
S(m)

=
1
S
∑S

s=1
TS(m,s) ≤ Ttrg

S . (52)

The constraint in Equation (53) is incorporated to ensure the safe
operation of the power converter. It is important to note that there is no
specific power converter manufacturer considered, as its capacity (Pmaxconv)
has been set to match the maximum power demand.

0≤Pconv(t,s) ≤ Pmaxconv. (53)

Conventional generators typically need to operate within a specific
power output range. Equation (54) defines this restriction, where Pming(y)

and Pmaxg(y) represent the minimum and maximum output power specified
by manufacturer y.

Pming(y) ≤Pg(t,y,s) ≤ Pmaxg(y) . (54)

Equations (55)–(58) represent the system power balance, where j is
the number of wind turbines, d is the number of PV strings in parallel, o
is the number of LAB strings in parallel, and pbt(t,m,s) is the power of a LAB
string.

j× pw(t,z,s) + d× ppv(t,v,s) ± o× pbt(t,m,s) + ENS(t,s) −
(
PL(t) +ES(t,s)

)
=Pg(t,y,s),

(55)

PW(t,z,s) +PPV(t,v,s) ±PBT(t,m,s) + ENS(t,s) −
(
PL(t) +ES(t,s)

)
=Pg(t,y,s), (56)

0≤ ENS(t,s) ≤ ∞, (57)

0≤ ES(t,s) ≤ ∞. (58)

In other words, the power output of the wind generator (PW(t,z,s)), the PV
generator (PPV(t,v,s)), and the BESS (PBT(t,m,s)) are expressed as PW(t,z,s) =

j× pw(t,z,s), PPV(t,v,s) = d× ppv(t,v,s), and PBT(t,m,s) = o× pbt(t,m,s), resulting in
the expression in Equation (56). Additionally, the variables ENS(t,s) and
ES(t,s) represent the energy not supplied (ENS) and energy surplus,
respectively. ENS is directly related to the EIU and is crucial for evalu-
ating the constraint in Equation (42). As shown in Equations (57) and
(58), ENS(t,s) and ES(t,s) are constrained to be positive.

3.2. Modelling the variability of environmental resources

As mentioned above, the variability of wind speed and solar irradi-
ance is incorporated into the optimization problem through scenarios.
These scenarios are simulated while maintaining the most important
statistical characteristics of the available time series. This task can be
performed using Markov-chain theory, wavelet or Fourier decomposi-
tion, and an AR process. In this work, we apply a first-order AR process
to simulate wind speed and solar irradiance time series. The simulation
process is described for wind speed, but it can also be applied to solar
irradiance using a similar procedure. The time series simulation process
is implemented as follows [32].

Step 1 Apply a probability transformation from the original distribution
to a Gaussian distribution with a mean of zero and a standard
deviation of one. Assuming Wtmy

(t) represents the typical meteo-
rological year (TMY) of wind speed, the transformation is
applied according to Equation (59). The function CDFtmy is the
cumulative distribution function (CDF) of Wtmy

(t) , CDF− 1
Gauss is the

inverse CDF of a Gaussian distribution with a mean of zero and a
standard deviation of one, and Wtrs

(t) represents the transformed
wind speed time series.

Wtrs
(t) =CDF− 1

Gauss
(
CDFtmy

(
Wtmy

(t)

))
, (59)

Step 2 Remove the diurnal non-stationarity of the transformed series
(Wtrs

(t)) by subtracting its hourly mean (μtrs(h)) and standard de-
viation (σtrs(h)) for h = 1,…,24 as shown in Equation (60). The
result, WGauss

(t) , is the transformed and normalized time series.

WGauss
(t) =

Wtrs
(t) − μtrs(h)

σtrs(h)
. (60)

Step 3 Determine the one-lag autocorrelation coefficient (ρAR) of the
series WGauss

(t) obtained in Step 2. Then, generate S time series
using Equation (61). The variable xGauss

(t,s) follows a Gaussian dis-
tribution with autocorrelation ρAR, while RANG is a random
number drawn from a Gaussian distribution with a mean of zero

and a standard deviation of
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − (ρAR)
2

√

.

xGauss(t,s) = xGauss(t− 1,s) + RANG
(

0,
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − (ρAR)
2

√ )
, (61)

Step 4 The procedure applied so far is performed in reverse on xGauss
(t,s) . To

do this, we apply Equation (62). The function CDFscn is the CDF of
the time series xGauss

(t,s) σtrs(h) + μtrs(h), and CDF− 1
wfit is the inverse CDF

of a Weibull distribution (for wind speed) or a Beta distribution
(for solar irradiance), both obtained from TMY. Finally, W(t,s)

represents the simulated wind speed time series for scenario s =

1,…,S.

W(t,s) =CDF− 1
wfit

(
CDFscn

(
xGauss(t,s) σtrs(h) + μtrs(h)

))
(62)

This methodology is used to create the training, validation, and
testing sets of wind speed and solar irradiance scenarios for the opti-
mization process. The number of scenarios in the testing set should be
larger than those in the validation and training sets, although this de-
pends heavily on the available computational resources.

3.3. Integer-coded Genghis Khan Shark Optimizer

The agents play a crucial role in the optimization process. In this
paper, each agent is structured as a vector, as shown in Equation (63)
and detailed in Table 5. The elements of the vector are carefully
explained. When the corresponding index (v, d, z, j, m, o, and y) is set to
1, it assigns a value of zero to the corresponding device. For example, if v
is set to 1 (v = 1), it indicates that no PV panel is considered.

a(i) = [ v d z j m o y ] (63)

The population (xgksoint ) is then constructed by assembling I agents in a
tabular form, as shown in Equation (64).

xgksoint =

⎡

⎣
⋮
a(i)
⋮

⎤

⎦ (64)

The Genghis Khan Shark Optimizer (GKSO) [33] is a recently
developed algorithm designed to solve complex optimization problems.

Table 5
Description of a GKSO agent.

Element of agent a(i) 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
j∊[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

J.M. Lujano-Rojas et al. Energy 313 (2024) 134164 

10 



It is inspired by the behavior of Genghis Khan sharks, particularly their
actions during the hunting, moving, foraging, and escaping phases.
GKSO is computationally implemented in four steps: wandering hunting
stage, moving towards the best hunting position, parabolic foraging, and
self-protection mechanism. It is important to note that, according to
Equation (63), the population is encoded using integer numbers. All
GKSO-related operations are then applied using binary coding. In other
words, the implementation used in this work is intrinsically binary,
necessitating a conversion process between integer and binary numbers,
and vice versa.

3.3.1. Wandering hunting stage
It is inspired by the patrolling behavior of Genghis Khan sharks,

which ensures there are no other predators in their territory. From a
computational perspective, this behavior is understood as the explora-
tion phase. The wandering hunting stage, or exploration phase, is
implemented as follows [33].

Step 1 Set the number of agents (I) and iterations (K) for the optimi-
zation process.

Step 2 Initialize the algorithm using a random number generator to
obtain the population xgksoint . Each row (a(i) ∀ i = 1, …, I) repre-
sents an agent in the optimization process.

Step 3 Evaluate the population by obtaining the corresponding objec-
tive function value (TNPC) for each agent. To do this, simulate
the HPS to calculate the average TNPC (TNPCavg

(a) ) for each agent
(a(i) ∀ i = 1,…, I) in the population.

Step 4 Convert the agents of the population obtained in Step 2 (a(i) ∀ i =
1, …, I) into binary form. This will result in a binary-coded

population (xgksobin ) with I rows and N columns. N is determined
by the number of bits required to represent the corresponding
integers (Table 5) as binary strings.

Step 5 Apply the operator in Equation (65), where lb(n) and ub(n) are the

lower and xgksobin(i,n), which are zero and one, respectively. k is the
current iteration, and RAND is a uniform random number in the
interval [0,1].

xgksobin(i,n) = xgksobin(i,n) +
lb(n) + RAND× (ub(n) − lb(n))

k
. (65)

Step 6 Convert the variables xgksobin(i,n) from Step 5 to either zero or one by
selecting the closest value between these two options, resulting
in a binary population.

Step 7 Convert the binary population xgksobin into an integer population,
resulting in xgksoint , which has a structure similar to that of
Equation (64).

Step 8 Limit the elements of the population xgksoint obtained in Step 7 to
their corresponding boundaries as specified in Table 3.

Step 9 Evaluate the population from Step 8 using the training scenario
set to obtain the corresponding objective function value (TNPC)
for each agent. To do this, simulate the HPS considering the
training scenario set, and calculate the average TNPC (TNPCavg

(a) )
for each agent (a(i) ∀ i = 1,…, I) in the population.

Step 10 Compare the population obtained in Step 3 with that obtained
in Step 8 based on fitness (TNPC) and select the best agents.
Sequentially compare each agent (i = 1, …, I) from the popu-
lation of Step 3 with the corresponding agent from the popu-
lation of Step 8, and select the option with the lowest TNPC.
This results in the population obtained from the wandering
hunting stage.

3.3.2. Moving towards the best hunting position
It is inspired by the sensitivity of Genghis Khan sharks to recognize

and approach the best prey. From an optimization perspective, this is
understood as the exploitation phase. This stage is implemented by
following these steps.

Step 1 Convert the population obtained in the final step of the wan-
dering hunting stage (Step 10) into a binary-coded population
xgksobin(i,n) ∀ i = 1,…, I; n = 1,…,N.

Step 2 Calculate the attractiveness model (sgkso
(i) ∀ i = 1,…, I) according

to Equation (66), where RAND is a uniform random number in
the interval [0,1], and TNPCavg

(a) is the TNPC of individual i.

sgkso
(i) =1.5

(
TNPCavg

(a)

)RAND
∀ i= 1,…, I. (66)

Step 3 Apply the operator described in Equation (67), where the oper-
ation .× is similar to the conventional dot-product.

xgksobin(i,:)←

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

sgkso
(i) .×

(
xgksobest − xgksobin(i,:)

)
; i = 1

⎧
⎪⎪⎨

⎪⎪⎩

xaux = sgkso
(i) .×

(
xgksobest − xgksobin(i,:)

)

(
xaux + xgksobin(i− 1,:)

)
.×

1
2

; i ∕= 1
(67)

Step 4 Convert the population xgksobin from Step 3 to either zero or one by
selecting the closest value between these two options, resulting
in a binary population.

Step 5 Convert the binary population xgksobin into an integer population,

resulting in xgksoint , with a structure similar to that in Equation
(64).

Step 6 Limit the elements of the population xgksoint obtained in Step 5 to
their corresponding bounds, as specified in Table 3.

Step 7 Evaluate the population from Step 6 using the training scenario
set to obtain the corresponding objective function value (TNPC)
for each agent. To do this, simulate the HPS considering the
training scenario set and calculate the average TNPC (TNPCavg

(a) )
in the population.

Step 8 Compare the population obtained in Step 1 with that obtained in
Step 6 based on fitness (TNPC) and select the best agents.
Sequentially compare each agent (i = 1,…, I) from the popula-
tion of Step 1 with the corresponding agent from the population
of Step 6 and select the option with the lowest TNPC. This results
in the population obtained from the ’moving towards the best
hunting position’ stage.

3.3.3. Parabolic foraging
It is inspired by the way Genghis Khan sharks organize once they

have identified their prey. This organizational process follows a para-
bolic pattern. Parabolic foraging is computationally implemented as
follows.

Step 1 Convert the population obtained in the final step of the ’moving
towards the best hunting position’ stage (Step 8) into a binary-
coded population xgksobin(i,n) ∀ i = 1,…, I; n = 1,…,N.

Step 2 Calculate the parameters εgkso and pgkso according to Equations
(68) and (69):

εgkso←
{

0.1; k = 1
1 − 2

(
εgkso

)4
; k ∕= 1 , (68)

pgkso =2

{

1 −

(
k
K

)1/4
}

+
⃒
⃒εgkso

⃒
⃒

{(
k
K

)1/4

−

(
k
K

)3
}

. (69)
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Step 3 Apply the operator described in Equation (70), where the oper-
ation .× is similar to the conventional dot-product.

xgksobin(i,:) ←xgksobest +RAND.×
(
xgksobest − x

gkso
bin(i,:)

)
+ λgkso

(
pgkso

)2
.

×
(
xgksobest − x

gkso
bin(i,:)

)
(70)

Step 4 Convert the population xgksobin from Step 3 to either zero or one by
selecting the closest value between these two options, resulting
in a binary population.

Step 5 Convert the binary population xgksobin into an integer population,

resulting in xgksoint , with a structure similar to that in Equation
(64).

Step 6 Limit the elements of the population xgksoint obtained in Step 5 to
their corresponding bounds, as specified in Table 3.

Step 7 Evaluate the population from Step 6 using the training scenario
set to obtain the corresponding objective function value (TNPC)
for each agent. To do this, simulate the HPS considering the
training scenario set and calculate the average TNPC (TNPCavg

(a) )
for each agent (a(i) ∀ i = 1,…, I) in the population.

Step 8 Compare the population obtained in Step 1 with that obtained in
Step 6 based on fitness (TNPC) and select the best agents.
Sequentially compare each agent (i = 1,…, I) from the popula-
tion in Step 1 with the corresponding agent from the population
in Step 6, and select the option with the lowest TNPC. This results
in the population obtained from the parabolic foraging stage.

3.3.4. Self-protection mechanism
It is inspired by the Genghis Khan sharks’ ability to avoid enemies

through their color-changing mechanism. The self-protection mecha-
nism is implemented by following these steps.

Step 1 Convert the population obtained in the final step of the parabolic
foraging stage (Step 8) into a binary-coded population xgksobin(i,n) ∀

i = 1,…, I; n = 1,…,N.
Step 2 Calculate the parameters βgkso, αgkso, and ρgkso using Equations

(71)–(73):

βgkso = βmingkso +
(

βmaxgkso − βmingkso

)
(

1 −

(
k
K

)3
)2

, (71)

αgkso =

⃒
⃒
⃒
⃒βgkso sin

(
3π
2
+ sin

(
3π
2

βgkso

))⃒
⃒
⃒
⃒, (72)

ρgkso = αgkso(2×RAND − 1). (73)

Step 3 For each agent in the population (i = 1, …, I), calculate the
vectors X1, X2, Xr, Xp, Xk, Xu1, Xu2 using Equations (74)–(81).
Then, update the population xgksobin(i,:) based on a random event. If

a1 is less than 0.5, update the agent xgksobin(i,:) using Equation (82);
otherwise, use Equation (83). Here, a1 is a uniform random
number in the interval [0,1], and RANI is an integer random
number in the interval [1, I]. The variables a2, a3, l1, and l2 are
random numbers.

X1(n) = lb(n) +RAND×(ub(n) − lb(n)) ∀ n=1,…,N (74)

X2(n) = lb(n) +RAND×(ub(n) − lb(n)) ∀ n=1,…,N (75)

Xr=xgksobin(RANI,:) (76)

Xp(n) = lb(n) +RAND×(ub(n) − lb(n)) ∀ n=1,…,N (77)

⎧
⎨

⎩

a1 = l1 × 2 × RAND+ (1 − l1)
a2 = l1 × RAND+ (1 − l1)
a3 = l1 × RAND+ (1 − l1)

(78)

Xk= l2.× Xp+ (1 − l2).× Xr (79)

Xu1=xgksobin(RANI,:) (80)

Xu2=xgksobin(RANI,:) (81)

Step 4 Convert the population xgksobin from Step 3 to either zero or one by
selecting the closest value between these two options, resulting
in a binary population.

Step 5 Convert the binary population xgksobin into an integer population,
resulting in xgksoint , with a structure similar to that in Equation
(64).

Step 6 Limit the elements of the population xgksoint obtained in Step 5 to
their corresponding bounds, as specified in Table 3.

Step 7 Evaluate the population from Step 6 using the training scenario
set to obtain the corresponding objective function value (TNPC)
for each agent. To do this, simulate the HPS considering the
training scenario set and calculate the average TNPC (TNPCavg

(a) )
for each agent (a(i) ∀ i = 1,…, I) in the population.

Step 8 Compare the population obtained in Step 1 with that obtained in
Step 6 regarding fitness (TNPC) and select the best agents.
Sequentially compare each agent (i = 1,…, I) from the popula-
tion in Step 1 with the corresponding agent from the population

xgksobin(i,:) ←xgksobin(i,:) + k1.×
(
a1.×xgksobest − a2.×Xk

)
+ k2ρgkso.×(a3.×(X2 − X1))+

a2

2
.× (Xu1 − Xu2) (82)

xgksobin(i,:) ←xgksobest + k1.×
(
a1.×xgksobest − a2.×Xk

)
+ k2ρgkso.×(a3.×(X2 − X1))+

a2

2
.× (Xu1 − Xu2) (83)

J.M. Lujano-Rojas et al. Energy 313 (2024) 134164 

12 



in Step 6, and select the option with the lowest TNPC. This results
in the population obtained from the self-protection mechanism.

At each iteration (k = 1, …, K), the entire population is evaluated
using the training scenario set, while only the agent with the best per-
formance is evaluated using the validation scenario set. Once the opti-
mization process has converged, we select the configuration with the
lowest TNPC based on the evaluation of the validation dataset. This
configuration is then evaluated over the testing scenario set for a more
accurate performance analysis.

Regarding the problem constraints, if the condition of Equation (42)
is not met, an arbitrarily high TNPC is assigned to the corresponding
agent (TNPCavg

(a)←∞), as this is a mandatory requirement. The constraints
of Equations (44)–(46) are satisfied by the simulation model. On the
other hand, the constraints of Equations (47)–(52) are addressed
through penalty factors, which depend on how far the actual stress
factors deviate from those specified in Table 4.

Using this approach, we allocate more computational resources to
assessing the most promising agent through the validation scenario set,

followed by a more accurate analysis at the end using the testing sce-
nario set. The training scenario set allows us to explore the population
with a reduced computational burden. Fig. 6 summarizes the optimi-
zation process introduced in this work for HPS design.

The next section analyzes the proposed approach through the dis-
cussion of an illustrative case study.

4. Case study

The methodology introduced in this paper is illustrated through the
design of an HPS located in Masvingo, Zimbabwe (latitude − 20.7454◦,
longitude 31.3341◦). The following sub-sections provide a detailed
description and the results obtained.

4.1. Case study characteristics

The HPS is located in a remote area, with the power demand shown
in Fig. 7. The daily profile was estimated by scaling the information
available in Ref. [34] to a peak of 250 W. Additionally, the DC rating
voltage was assumed to be 24 V. The proposed approach, including the

Fig. 6. Implementation of the proposed design methodology.

Fig. 7. Load demand profile.

Fig. 8. First-week wind speed simulation (training scenario set).

Fig. 9. First-week solar irradiance simulation (training scenario set).
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simulation model described earlier, was implemented in MATLAB® on a
PC equipped with an Intel Core® i7 CPU, 16 GB RAM, and a 64-bit
operating system.

The procedure described in sub-section 3.2 was used to create the
training, validation, and testing scenario sets. The time series length was
10 years with hourly intervals. Consequently, the training set consists of
5 scenarios, while both the validation and testing sets contain 25 sce-
narios each. These settings were chosen based on the available compu-
tational resources.

Figs. 8 and 9 present one week of wind speed and solar irradiance
scenarios, along with the TMY obtained from Renewables.ninja
[35–37].

We considered 30 wind turbine manufacturers with rated power
ranging from 400 W to 7000 W and capital costs between 5002.021 €
and 11752.67 €, respectively. O&M costs are estimated at 2 % of the
capital costs on an annual basis.

Similarly, we considered 30 PV panel manufacturers. The rated
power under STCs ranges from 50 W to 600 W, with capital costs be-
tween 68.97 € and 133.20 €, respectively. The average NOCT is
45.97 ◦C, and the temperature coefficient of power is − 0.35 %/◦C. The
replacement cost was assumed to be equal to the capital cost, and O&M
costs were neglected.

For the LABs, we also considered 30 manufacturers with rated ca-
pacities (C10) ranging from 10 Ah to 3000 Ah, and capital costs ranging
from 93.06 € to 470.398 €. The average number of cycles was 1087.8.
The float lifetime was assumed to be 10 years for all manufacturers, and
the minimum SOC was set at 30 %. The replacement cost was considered
equal to the capital cost, and O&M costs were neglected.

Analogously, we considered 30 manufacturers of conventional
gasoline-based thermal generators with power outputs ranging from
3000 W to 7000 W. Capital costs are estimated between 6356.732 € and
14930.732 €. The lifetime of all generators was estimated at 750 h, with
O&M costs at 0.25 €/h. The parameters of the fuel consumption curve in
Equation (39) were estimated using data from the manufacturers. The
minimum operating power was assumed as 50 % of the rated value. The
maximum number of PV panels, wind turbines, and LABs connected in
parallel was set to 10. Finally, the economic parameters required for
TNPC estimation are shown in Table 6.

The next sub-section presents and discusses the relevant results.

4.2. Result analysis and comments

The GKSO implementation, as previously described, was executed
with 50 agents (I = 50) and a maximum of 100 iterations (K = 100).
According to Table 3, the problem dimension is 7.

To save computational time, the optimization process was set to run
for a minimum of 20 iterations. If the results did not change significantly
during the last 10 iterations, the algorithm was stopped.

To avoid stagnation around a local optimum, GKSO was run 100
times using different seeds. The probability of finding a new local op-
timum in a single run of the optimization process was then estimated.
This estimation was performed according to the method outlined in
Ref. [38].

Fig. 10 shows the evolution of GKSO across each of the 100 experi-
ments performed. It illustrates how the algorithm reaches different local
optima. The solid line represents the evolution of the experiment that
yielded the best results.

Fig. 11 presents the evolution of GKSO when the validation scenario
set was evaluated. As previously explained, the solid line represents the

evolution of the experiment that produced the best results.
It is important to note that the training set contains only 5 scenarios,

while the validation set includes 25. When the algorithm settles around
a local optimum, the best configuration may be feasible when consid-
ering the training set, but it might not be feasible when evaluated
against the validation set, which is crucial for selecting the final solu-
tion. This explains why, when comparing Figs. 10 and 11, we observe
fewer iterations corresponding to the validation set (Fig. 11). In other
words, all solutions obtained after these few iterations were unfeasible.

By repeating the optimization process 100 times from different
starting points, we search for different local optima—in other words,
different configurations with their corresponding TNPC estimations. By
analyzing the histogram of frequencies of the obtained TNPC estima-
tions, we can assess the probability of having observed all local optima,
or conversely, the probability of finding an unobserved local optimum if
the optimization process is repeated once more. Details about this
probabilistic estimation can be found in Ref. [35]. In this context, Fig. 12
shows the TNPC histogram, where each bin is assumed to represent a
local optimum.

Based on the 100 experiments conducted and the information in

Table 6
Economic indicators.

Inflation rate
(%)

Nominal rate
(%)

Project
lifetime (year)

Gasoline price
(€/liter)

Target EIU
(%)

2.5 4.25 25 1.6 1

Fig. 10. Evolution of GKSO (training scenario set).

Fig. 11. Evolution of GKSO (validation scenario set).
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Fig. 12, we estimated the probability of finding a new solution to be
0.11. The characteristics of the solution found are detailed in Tables 7
and 8. According to these results, only a wind turbine and a LAB battery
are required. The expected battery lifetime is approximately 4 years.

Due to the importance of this component, Figs. 13–17 illustrate its
expected performance in terms of capacity loss, cycles, SOC, voltage,
and current.

Table 9 reports the operating stress factors related to the operation
shown in Figs. 13–17. We observe that these factors satisfy the con-
straints of Equations (47)–(52), indicating operational similarities with
an optimally designed SHS.

For comparative purposes, the optimal design problem was also
solved using a GA with a population of 50 individuals over 100 gener-
ations, and crossover and mutation rates of 80 % and 10 %, respectively.
During the optimization process, only the training scenario set was
utilized. Once the final solution was identified, it was evaluated using
the testing scenario set.

Tables 10 and 11 present the system’s structure and performance. We
observe that this configuration relies solely on wind and solar energy at
their maximum capacities, without the inclusion of LABs or

Fig. 12. Histogram of TNPC.

Table 7
Optimal HPS structure (GKSO).

Solar
panel
type
(v)

Panels
in
parallel
(d)

Wind
turbine
type (z)

Wind
turbines
(j)

Battery
type
(m)

Batteries
in
parallel
(o)

Generator
type (y)

1 (0
W)

9 3 (628
W)

1 8 (629
Ah)

1 1 (0 W)

Table 8
Economic performance of the optimal HPS (GKSO).

Total net present cost
(€)

Energy index of unreliability
(%)

Battery lifetime
(year)

21988.96 0.44 3.91

Fig. 13. BESS capacity.

Fig. 14. BESS cycles.

Fig. 15. Battery SOC.
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conventional generators. Additionally, we notice that the EIU is slightly
higher than the target due to differences between the training and
testing scenario sets. The training set contains only 5 scenarios, while
the testing set includes 25, which is closer to a representative amount.
Using the GA results (TNPC from Table 11) as a reference, the TNPC of
the configuration obtained from the GKSO implementation (TNPC from
Table 8) is 8.05 % lower. However, the computational time spent by

GKSO in searching for the global optimum across 100 optimization
processes is higher than that required by GA. This difference is evident in
Table 12. The computational time could be reduced by leveraging cloud-
based high-performance computing or by programming the available
graphics processing unit to execute the 100 optimization processes
concurrently, thereby decreasing the probability of identifying a new
local optimum.

5. Conclusions and remarks

This paper presents a design methodology for HPS based on GKSO
and illustrates it through a case study. The proposed methodology in-
corporates the variability of wind speed and solar irradiance, along with
an advanced simulation model of the energy system. It includes both
quantitative and qualitative perspectives through the weighted Ah
throughput model and the assessment of battery stress factors, resulting
in a comprehensive long-term evaluation of the system.

This simulation model is integrated into an optimization routine
based on GKSO. Three scenario sets—one for training, one for valida-
tion, and one for testing—are used to account for the effects of resource
variability. The training scenario set is used to evaluate the population
during the optimization process, while the validation scenario set pro-
vides a reliable estimation of the performance of the best individual
found at each iteration. The testing scenario set further refines the
performance assessment of the optimal system configuration.

In the case study analyzed, the training set consisted of only 5 sce-
narios, while the validation and testing sets each contained 25. Using a
training set with a limited number of scenarios helps reduce the
computational burden, as this set is used to evaluate all agents in the
population. Once the best agent is identified, it is evaluated using the
validation set, which includes more scenarios and therefore provides
greater precision. The testing set is an independent scenario group used
to further enhance the performance analysis.

The global optimum was thoroughly searched by running the opti-
mization process 100 times from different starting points. The proba-
bility of having observed all local optima was then estimated, resulting
in 11 %. In other words, there is an 89 % probability that all the minima
shown in Fig. 12 are the only existing ones. This provides valuable in-
formation about the optimality of the solution found.

Regarding the optimal configuration, GKSO suggested a wind-
battery system, while the GA implementation resulted in a system uti-
lizing solar and wind energy at their maximum capacities. The solution
provided by GKSO was 8.05 % lower in TNPC compared to the one
suggested by GA. These results demonstrate the promising capabilities of
GKSO in handling combinatorial optimization problems.

A significant drawback of the proposed approach is its high

Fig. 16. Battery voltage.

Fig. 17. Battery current.

Table 9
Target values for stress factors.

CFtrg Qtrg
thr Imax,trg1% TtrgF PCtrg TtrgS

108.89 58.81 0.16 3.02 36.98 1.20

Table 10
Optimal HPS structure (GA).

Solar panel type (v) Panels in parallel (d) Wind turbine type (z) Wind turbines (j) Battery type (m) Batteries in parallel (o) Generator type (y)

31 (600 W) 2 31 (7000 W) 1 1 (0 Ah) 6 1 (0 W)

Table 11
Economic performance of the optimal HPS (GA).

Total net present cost (€) Energy index of unreliability (%)

23913.73 1.07

Table 12
Comparison of computational time.

GKSO (hh:mm:ss) GA (hh:mm:ss)

94:28:53 01:01:55
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computational burden, primarily due to the exhaustive search for the
global optimum. This issue could be mitigated by employing high-
performance computing, which is readily accessible via cloud services.
Alternatively, programming the graphics processing unit, commonly
available in modern personal computers, offers another solution.
Another key limitation of this research is the integration of DS charac-
teristics associated with reducing PLs and VDs, both of which are critical
in rural electrification projects. Regarding future research, incorpo-
rating additional storage technologies, such as lithium-ion or vanadium
redox flow batteries, which have gained popularity in recent years,
could further enhance the concepts presented in this study.
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