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Abstract

Optimising grid-connected photovoltaic (PV)-battery renewable energy systems involves
balancing economic performance, renewable energy use, and grid reliance. While HOMER
Grid offers dependable optimisation, running multiple simulations for benchmarking algo-
rithms is computationally costly. Surrogate-assisted optimisation presents a more efficient
alternative for testing several algorithms under consistent conditions. This research evalu-
ated six classic metaheuristics, Particle Swarm Optimisation (PSO), Genetic Algorithm (GA),
Differential Evolution (DE), Grey Wolf Optimiser (GWO), Whale Optimisation Algorithm
(WOA), and Stochastic Fractal Search Algorithm (SFSA), to find the most cost-effective
techno-economic sizing of a PV battery system. Using a dataset of 272 core HOMER Grid
cases, with 258 cases used for extended economic indicators, a distance-weighted k-nearest
neighbour surrogate model was developed. All algorithms ran with the same popula-
tion sizes, iteration limits, and independent repetitions. Their performance was assessed
through solution quality, convergence behaviour, runtime, Friedman ranking, and Holm-
adjusted Wilcoxon tests. The best design included a 7.799 kW PV array, 23 batteries, and a
2.560 kW converter, with a levelised cost of energy (LCOE) of R0.6149/kWh, a net present
cost (NPC) of R52,401.45, a renewable fraction of 97.25%, and annual grid energy purchases
of 216.26 kWh. Differential Evolution (DE) delivered the top average performance; SFSA
was statistically comparable to DE (Holm-adjusted p = 0.999945), and PSO showed the
fastest convergence with consistently near-optimal results. Overall, DE, SFSA, and PSO
proved highly robust and effective, establishing a useful reference point for evaluating
alternative surrogate-assisted PV battery optimisation approaches.

Keywords: metaheuristic algorithms; HOMER Grid; techno-economic optimisation; PV
battery systems; surrogate modelling; PSO; GA; DE; GWO; WOA; SFSA

1. Introduction

Electricity generation, primarily relying on coal, gas, and oil, is a major contributor to
global warming. These carbon-based fuels emit greenhouse gases into the atmosphere [1,2].
Renewable energy technologies offer a sustainable energy supply option that can signif-
icantly reduce fossil fuel use in electricity generation [2—4]. Interest in hybrid renewable
energy systems (HRES), particularly photovoltaic (PV) and wind energy, has intensified
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in recent years in pursuit of a reliable and sustainable electricity supply, driven by grow-
ing energy demand due to urbanisation and industrialisation. The deployment of HRES
is continuously growing [5,6]. These technologies offer off-grid electrification solutions,
especially in remote areas and villages [7]. HRES are used for a variety of goals, including
ensuring energy security, diversifying economies and energy sources, meeting rising energy
demand, and promoting social and environmental welfare [8]. The selection and sizing of
HRES components are designed to be cost-effective while meeting the environmental and
geographical requirements [9]. When selecting the optimal configuration of an HRES, it is
essential to consider multiple criteria, including economic, technical, and environmental
performance [5]. The Hybrid Optimisation Model for Electric Renewable (HOMER) 1.1
software is widely used for designing and selecting cost-effective HRES because it effi-
ciently performs optimisation and sensitivity analyses when assessing alternative system
configurations [10,11]. HOMER is a cost-optimisation software; as a result, the optimal
system is selected based on economic performance, with the configuration achieving the
lowest LCOE or NPC chosen as the optimal system. While the LCOE and NPC are impor-
tant economic indicators, the software does not account for the system’s environmental
or thermodynamic aspects. Some systems, while having lower LCOE, may have higher
Renewable Fractions (RF) and emissions, especially since HRES systems are often cou-
pled with fossil fuel systems for stability [5]. In optimisation, metaheuristic algorithms
have gained significant interest [12,13]. They are more popular for solving optimisation
problems due to their simplicity and robust results, and are used across diverse fields
such as engineering, business, transportation, and social sciences [14]. Metaheuristics
are optimisation techniques that solve difficult problems by mimicking natural processes
and iteratively refining candidate solutions [15]. Many of these algorithms are inspired
by nature, including well-known methods like Genetic Algorithm (GA), Particle Swarm
Optimisation (PSO), and Ant Colony Optimisation (ACO). However, not all evolutionary
algorithms are purely nature-inspired; for example, Differential Evolution (DE) shares
terminology with genetic algorithms but is generally not considered to be derived from
nature [16]. While HOMER determines the best system configurations, running HOMER
simulations multiple times during metaheuristic optimisation can be resource-intensive
because each candidate solution requires a full hourly energy balance simulation. This com-
putational load becomes particularly substantial when numerous algorithms and repeated
optimisation runs are necessary.

To overcome this limitation, the study presents a surrogate-assisted optimisation
framework using HOMER Grid-based techno-economic data. A validated local surrogate
model replaces multiple HOMER simulations, allowing various classical metaheuristic
algorithms to explore the same design space with consistent optimisation conditions. The
proposed framework provides a consistent basis for comparing the algorithms by assessing
their convergence behaviour, optimisation performance, computational efficiency, robust-
ness, and statistical significance. This ensures that the benchmarking process is both fair
and reproducible. This study compares six well-known classical metaheuristic algorithms
to identify the most effective approach for optimising a grid-connected PV battery renew-
able energy system. The algorithms are evaluated using a composite fitness function that
simultaneously reduces the LCOE, NPC, and electricity purchased from the grid while
maximising the renewable energy use. Friedman ranking and Holm-adjusted Wilcoxon
tests are used to provide objective evidence of each algorithm’s performance, establishing a
solid baseline for future comparisons with new and hybrid optimisation methods.
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1.1. Related Work

Metaheuristic algorithms provide effective search mechanisms; however, their
population-based nature requires many objective evaluations, which become problem-
atic when each evaluation requires a detailed simulation of an energy system over a long
operating horizon. Zhang et al. [17] acknowledged that HRES design requires lifecycle
simulation, which can be computationally costly.

Surrogate-assisted models have emerged as an attractive solution for addressing this
issue. Surrogate models replace repeated simulations by training machine learning mod-
els on previously evaluated solutions, which are then used to approximate the objective
function. In existing literature on surrogate-assisted evolutionary optimisation algorithms,
the surrogate directly replaces expensive objective evaluations by approximating an ag-
gregated single objective and/or classifying candidate solutions according to dominance
relationships. This allows the algorithm to perform several inexpensive evaluations while
reserving computationally costly simulations for selected validation.

Many studies have applied this concept, especially in energy systems problems.
Srithapon et al. [18] developed a surrogate-assisted multi-objective framework for a distri-
bution network comprising PV, a battery energy storage system, and electric vehicles. The
surrogate used deep learning techniques to avoid repeated deterministic load flow calcula-
tions, while multi-objective DE performed the optimisation. The surrogate model adopted
in this study reduced computational burden while retaining overall effective optimisation
performance. Another author, Kaewdornhan et al. [19], used a deep neural network (DNN)
surrogate model to develop a framework for multiple microgrid energy management. The
surrogate model in their study reduced the computational cost of repeated power flow
calculations. The studies by Srithapon et al. [18] and Kaewdornhan et al. [19] demonstrated
the applicability of surrogate-assisted optimisation in renewable energy systems and more
broadly to power system problems where high evaluation costs are prohibitive.

Zhang et al. [17] developed a surrogate-assisted multimodal multi-objective evolution-
ary algorithm (SaMMEA) for HRES using a Gaussian process (GP) surrogate model. This
approach was motivated by the computational cost of long-term simulations and included
model updating during evolutionary search. This study reported that the surrogate uncer-
tainty tends to influence the search direction, which further demonstrates the importance of
maintaining an accurate surrogate model for the optimal optimisation of the performance
of metaheuristic optimisation algorithms. In recent years, surrogate-assisted optimisation
has been extended to experimental and real-time energy management environments. Islam
et al. [20] integrated surrogate-assisted optimisation with power-hardware-in-the-loop and
smart grid systems, using physical replay to ensure that generated surrogate solutions
remained physically feasible. Their study recorded a substantial reduction in the number
of true value evaluations while maintaining stable optimisation behaviour. The study
highlighted an important consideration in surrogate-assisted optimisation problems by
demonstrating the balance between computational efficiency and the physical validity of
surrogate predictions.

Several machine learning models have been used as surrogates. These include, but are
not limited to, Gaussian Processes, radial basis functions (RBF), neural networks, random
forests, and other regression approaches. Zhang et al. recognised machine learning models
such as polynomial regression, RBF, neural networks, and GP as well-established surrogate
approaches; however, they selected GP because of its high prediction accuracy and its
ability to quantify prediction uncertainty, which is useful for guiding evolutionary searches.
Other studies have argued that surrogate model performance is problem-dependent. Zhang
et al. [21], for example, investigated surrogate-assisted DE for wave energy converter opti-
misation and compared neural network models with GP and RBF models. Their framework
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used surrogate predictions to reduce the computational cost of hydrodynamic calculations
and employed model selection procedures to guide the optimisation process. Khoshgoftar
Manesh et al. [22] further emphasised the importance of selecting the correct surrogate.
The authors systematically compared linear regression, ridge regression, random forest,
and gradient boosting for modelling six performance indicators of a steam thermal power
plant. Gradient boosting provided the strongest predictive performance, with a reported
coefficient of determination (R?) of 0.9912, and was subsequently integrated with the
Non-dominated Sorting Genetic Algorithm third generation (NSGA-III), Multi-Objective
Multi-Verse Optimiser (MOMVO), and Multi-Objective Grasshopper Optimisation Algo-
rithm (MOGOA) for multi-objective optimisation. The resulting nonlinear economic and
environmental responses showed that gradient boosting outperformed random forest,
while all linear models lacked the representational capacity for more complex relationships.
These findings indicate that surrogate selection should be based on the characteristics of
the optimisation problem rather than assuming that one modelling technique is universally
optimal. In a low-dimensional PV battery sizing problem, a local non-parametric model
can provide an attractive alternative to more computationally intensive global models, par-
ticularly when the available simulation dataset is relatively small, and candidate solutions
are expected to remain within the observed design domain.

1.2. Research Gap and Positioning of the Present Study

The reviewed articles reveal three key observations. First, HRES sizing optimisation
problems are nonlinear and often involve multiple conflicting and /or competing techno-
economic objectives. This makes metaheuristic optimisation algorithms highly attractive
for solving nonlinear problems. Furthermore, the reviewed literature highlights the high
computational cost of repeated simulations, which further strengthens the case for adopt-
ing surrogate-assisted models to reduce computational cost. Lastly, the performance of
metaheuristic optimisation algorithms and surrogate models depends on the problem being
solved; hence, algorithmic superiority cannot be inferred from isolated comparisons. A key
gap exists in the literature, especially as regards the controlled benchmarking of classical
algorithms for the surrogate-assisted techno-economic sizing of grid-connected PV battery
energy systems. Most studies introduce improved algorithms, including hybrid algorithms
with surrogate-assisted models, to demonstrate performance against a limited set of com-
petitors. Furthermore, many existing surrogate-assisted studies address multi-objective
Pareto-front generation, whereas the relative performance of classical PSO, GA, DE, GWO,
WOA, and SFSA on a common techno-economic PV battery optimisation landscape has not
been systematically established. Zhang et al. [1] specifically note that much of the HRES
literature focuses on obtaining well-distributed Pareto fronts, with comparatively less
attention paid to decision-space diversity and computational considerations. The present
study addresses this gap by establishing a controlled benchmark in which six classical
metaheuristic algorithms, including PSO, GA, DE, GWO, WOA, and SFSA, optimise the
same surrogate-derived techno-economic landscape for a grid-connected PV battery system.
The framework uses HOMER Grid simulation outputs as the underlying data source and a
distance-weighted k-nearest neighbour surrogate to avoid repeatedly executing the com-
putationally expensive simulation during optimisation. The six algorithms use identical
population sizes, iteration limits, independent repetitions, design variables, and evalu-
ation criteria, so performance differences can be attributed primarily to the algorithms’
search characteristics rather than unequal computational resources. The study further
evaluates convergence, final fitness, runtime, robustness, nearest-observed validation, and
non-parametric statistical differences. The methodological framework is consistent with
the manuscript’s stated objective of establishing a reproducible classical benchmark for sub-
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sequent comparison with newer and hybrid optimisation approaches. Table 1 summarises

the positioning of the proposed work and existing work in the literature.

Table 1. Positioning of the proposed study.

Optimisation

Application

References Algorithm Domain Main Objectives Surrogate Model Main Contribution
Introduced
Multi-objective surrqgate—asmsted
cconomic multimodal
Hybrid renewable e Gaussian Process  multi-objective
[17] SaMMEA energy systems reliability and (GP) optimisation to reduce
renewable-energy . .
long-term simulation cost
performance ; .
while preserving
decision-space diversity.
Replaced repeated
Multi-objective Distribution Probabilistic computationally
[18] Differential network with PV optimal power Deep-learning expensive power-flow
Evolution BESS and EVs ! flow and technical ~ surrogate evaluations with a
performance surrogate model to reduce
computational burden.
Surrogate-assisted ~ Distribution Energy Comblped surrogate
. management, modelling and deep
Deep network with Deep Neural . .
[19] . . power exchange reinforcement learning to
Reinforcement multiple . Network
Learning microgrids and operational reduce repeated power
performance system calculations.
Developed
Wave Energy production surrogate-assisted DE to
Differential and replace expensive
[17] . energy-converter Neural network .
Evolution array optimisation converter-layout hydrodynamic
yop optimisation evaluations and accelerate
convergence.
Compared alternative
machine learning
NSGA-IIL, Energy, economic, Gradl.ent surrogates an'c_i er.nbe:dded
Steam thermal . boosting, RE, them in multi-objective
[22] MOMVO and environmental and . . .. .
power plant - ridge and linear ~ optimisation; gradient
MOGOA exergy objectives . . -
regression boosting provided the
strongest predictive
performance.
Combined
symmetry-aware
Symmetry-Guided = Hybrid solar-wind  Unmet demand, evolutionary operators
[23] Surrogate- renewable energy  energy surplusand GP/RBF with surrogate assistance
Assisted NSGA-II  systems cost to improve search
diversity and reduce
expensive evaluations.
Provides a controlled
benchmark of six classical
PSO. GA DE Grid-connected PV LCOE, NPC, grid metaheuristics on the
This study GW(,) W’O A ,a nd battery renewable energy purchases Distance- same HOMER-derived
SFSA ! energy system and renewable weighted kNN surrogate landscape using

fraction

identical computational
conditions, repeated runs
and statistical validation.
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1.3. Research Contributions of the Proposed Study
The main contributions of this study are summarised as follows:

e  This study develops a surrogate-assisted optimisation framework for benchmarking
metaheuristic optimisation algorithms using techno-economic data derived from
HOMER Grid, without repeating computational simulations;

e  This study uses six classical metaheuristic algorithms under similar optimisation
settings to ensure a fair optimisation performance of each algorithm;

e  The proposed framework defines a composite multi-objective fitness function that
simultaneously considers multiple conflicting factors to search for the most balanced
system configuration among various feasible options;

e  The evaluation of performance in this study incorporates several validation steps,
including statistical analyses such as Friedman ranking and Holm-adjusted Wilcoxon
signed-rank tests, as well as the nearest-observed validation.

1.4. Novelty of the Proposed Study

Unlike most existing studies that repeatedly run HOMER simulations or test algo-
rithms across different datasets and configurations, this research presents a unified bench-
marking framework. In this setup, all algorithms are evaluated within the same validated
design space under consistent computational conditions. The key innovation of this study
is its methodology, which creates a solid foundation for the future optimisation of HRES
through advanced computational intelligence techniques. The novel aspects of this study
can be summarised as follows:

e  This study presents a novel techno-economic optimisation of a grid-connected PV
battery renewable energy system using surrogate modelling with systematic bench-
marking of classical metaheuristic algorithms;

e  The study also introduces a multi-objective composite fitness function that simul-
taneously optimises lifecycle cost, electricity cost, renewable energy use, and grid
dependence, instead of concentrating on just one economic factor. This approach
offers a more accurate depiction of the engineering design needs for grid-connected
renewable energy systems;

e  This study uses nearest-observed validation to validate the metaheuristic-recommended
solutions. This proves that the metaheuristic-recommended solutions correspond
closely to the HOMER Grid feasible solutions. This validation step is not often
incorporated in surrogate-assisted optimisation studies. Incorporating this step in
this study enhanced confidence in the recommended system configuration;

e  The proposed framework of this study combines optimisation results with statistical
validation using Friedman ranking and Holm-adjusted Wilcoxon signed-rank tests
to provide subjective, defensible algorithm rankings. The strongest classical opti-
misers identified in this study can be used as a reproducible benchmark for future
comparisons with recent and hybrid metaheuristic algorithms.

2. Theoretical Background

Metaheuristic algorithms are optimisation methods designed to find suitable solutions
for a wide variety of problems. They differ from other techniques in several key ways [12].
First, they are derivative-free, meaning they do not rely on calculating derivatives in the
search space, unlike gradient-based methods. This simplifies these algorithms, enhances
their flexibility, and improves their ability to avoid getting stuck in local optima, making
them effective for difficult problems [12,24]. Additionally, their stochastic nature involves
starting the search with random initial conditions, which helps prevent premature conver-
gence and enables more efficient exploration of the search space [12]. The metaheuristic is
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Evolutionary

Genetic algorithm (GA)

Differential Evolution (DE)

Genetic Programming (GP)
Evolution Strategies (ES)

Evolutionary
Covariance Matrix

Adaptation Evolution
Strategy (CMA-ES)

Evolutionary Programming
(EP)

Biogeography-Based
Optimiser

an iterative algorithm that guides and adjusts hierarchical heuristics by incorporating key
variations to explore and modify the objective function. It uses adapted learning strategies
to create memory problems and find reliable approximate solutions through analytical
methods for designing memory content [25]. Metaheuristics are employed to address opti-
misation challenges by exploring optimal solutions for specific problems. This exploration
often involves multiple agents working together as a system that evolves solutions through
a set of rules or mathematical formulas over several iterations. The process continues until a
solution satisfies a predefined criterion. The resulting solution, considered near-optimal, is
referred to as optimal, and the system is regarded as having achieved a converged state [14].
Figure 1 represents the categories of different metaheuristic algorithms.

Classical Metaheuristic Algorithms

Physics-based Swarm based Bio-inspired Nature-inspired
Ant Colony Optimisation Artifidial Immune

Simulated Annealing (SA) (ACO) system (AIS) Firefly Algorithm (FA)
Bacterial Foraging

Gravitational Search Particle Swarm Optimisation =~ Optimisation Invasion Weed

Algorithm (GSA) (PSO) (BFO) Optimisation IWO)
Dentritic Cell

Harmony Search (HS) Artificial Bee Colony (ABC) Algorithm (DCA) Cuckoo Search (CS)

Memetic Algorithm (MA)  Fish Swarm Algorithm (FSA)

Emerging Metaheuristic Algorithms

Physics-based Swarm based Bio-inspired Nature-inspired
Central Force Optimisation Krill Herd Flower Pollination
(CFO) Bat Algorithm (BA) Algorithm (KHA) Algorithm (FPA)

Plant Growth
Big Bang-Big Crunch (BB- Simulation River Formation
BO) Grey Wolf Optimiser (GWO)  Algorithm (PGSA) Dynamics (RED)
Charged System Search Ecosystem-based
(CSS) Salp Swarm Algorithm (SSA) Optimisation (EBO)

Figure 1. The classification of metaheuristic algorithms. Adapted from [26].

Many metaheuristic algorithms have been effectively applied to solve challenging
problems. Aside from very large problem sizes, their advantage lies in delivering the
best results in the shortest time. Metaheuristics are methods for identifying optimal solu-
tions with minimal computational effort. Essentially, they consist of advanced techniques
designed to enhance the efficiency of heuristic processes [26]. In contrast, metaheuristic
algorithms are optimisation methods inspired by nature, known for their robustness and
adaptability when tackling complex, high-dimensional challenges. Unlike deterministic
approaches, they do not rely on gradient information and can avoid getting trapped in local
optima, making them well-suited for non-convex, discrete, and combinatorial problems
typical in renewable energy systems. Commonly, three main types of optimisation prob-
lems are encountered: combinatorial (discrete) problems, continuous (continuous variable)
problems, and mixed problems [27].

State-of-the-Art Hybrid Renewable Energy Systems Optimisation

Traditional optimisation techniques such as Linear Programming (LP), Mixed-Integer
Linear Programming (MILP), Nonlinear Programming (NLP), and Dynamic Programming
(DP) have been used extensively in energy systems problems. These approaches work
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well when the problem is clearly defined and mathematically structured. For example,
MILP is commonly used for unit commitment and economic dispatch because it can
handle both continuous and discrete variables. Nonetheless, they face notable challenges
when addressing large-scale, nonlinear, multimodal, or multi-objective issues, especially
under the uncertainty and intermittency typical of renewable energy sources. These
methods are often sensitive to initial conditions and depend on assumptions such as
convexity and differentiability, which may not always reflect real-world complexities [27].
Optimisation is essential for boosting the sustainability and efficiency of renewable energy
sources. It improves resource use, increases system reliability, and reduces economic and
environmental costs. The existing HRES optimisation techniques reported in the literature
are presented in Figure 2. Metaheuristic algorithms have become popular in renewable
energy research because they effectively address complex, nonlinear, and multi-objective
problems. These algorithms are especially valuable in situations where traditional methods
fail to find optimal solutions amid uncertainty, such as in hybrid system sizing, real-time
energy management, and maximum power point tracking (MPPT) [27]. Key categories of
HRES optimisation techniques are presented in Figure 2.

Key HRES Optimisation Technique Categories

Deterministic Metaheuristic Al-Based/Machine Hybrid/multi-method Software tools
methods Algorithms Learning methods algorithms and platforms
Linear programming Artificial Neural Network Metaheuristic-Deterministic
(LP) Genetic algorithm (GA)  (ANN) Hybrids HOMER Pro
Mixed-Interger LP Particle Swarm
(MILP) Optimisation (PSO) Fuzzy Logic (FL) Metaheuristic-Al Hybrids iHOGA
Non-Linear Differential Evolution Support Vector Machine
Programming (NLP) (DE) (SVM) Algorithm-MCDM Hybrids MATLAB
Dynamic Grey Wolf Optimiser Guassian Process Surrogate-assisted
Programming (DP) (GWO) Regression (GPR/Kriging) optimisation Python
Ant Colony Optimisation Decomposition-Based
(ACO) Random Forest (RF) Hybrids GAMS
Moth flame optimisation ~ Gradient Boosting
(MFO) (GBM/XGBoost) Game-Theoretic Strategies ~ OpenDSS
Teaching Learning Based = K-Nearest Neighbours
optimisation (TLBO) (KNN) RETScreen
Deep Learning (DL) TRNSYS
Reinforcement Learning
(RL) PVSOL/PVSyst
Hybrid Fuzzy Neural
Systems

Figure 2. HRES categorised optimisation techniques. Adapted from [28].

Optimising HRESs is often complex due to the intermittency of renewable energy
sources. Recently, artificial intelligence (Al) and surrogate modelling techniques have
been integrated into the optimisation processes of HRESs. Machine learning (ML) models,
including artificial neural networks (ANNSs), random forests, Gaussian process regression,
support vector regression, and k-nearest neighbours, among others, are increasingly used
to optimise energy systems [28,29]. These models replace repeated simulations with
accurate surrogate models. These models can find and evaluate candidate solutions with
less computational cost while retaining high prediction accuracy. Recently, surrogate-
assisted metaheuristic algorithms have emerged as an important research direction for
the optimisation of HRES [28]. Although advanced efforts have been made in this area,
a research gap still exists. Many studies report only the final optimal solution, without
analysing convergence behaviour, computational efficiency, robustness, repeatability, or
statistical significance. There is a growing need for standardised benchmarking frameworks
to evaluate the performance of optimisation algorithms under consistent conditions and
enable statistical validation. These frameworks would provide objective, reliable evidence
of the performance of these algorithms and could facilitate fair comparisons among classical,
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hybrid, and newly developed metaheuristic algorithms [29]. Table 2 represents the existing
optimisation techniques and their application in HRES.

Table 2. Optimisation techniques’ strength and limitations.

Category Ref. HRES Application Strengths Limitations
Classical
LP [30] Sizing and energy Robust, applicable for complex Premature convergence,
management problems, Good global search space ~ computationally costly
MILP [31] System sizing Efficient Pareto-front discovery Require post-processing
System component Explains long-term No feature extraction or
NLP [32] o : : )
sizing degradation processes ML integration
Metaheuristic
System sizing, energy Robust, applicable for complex Premature convergence,
GA [28] .
management problems, good global search space ~ computationally costly
Svstem sizine. ener Premature convergence to
PSO [28] y & 8 Fast convergence, few parameters  local optima, parameters
management o
are sensitive
Good balance of
GWO [28] System sizing exploration and exploitation, Fluctuating performance
fewer parameters.
Artificial Intelligence
Forecasting RE
ANN [28] resources, modelling Good for prediction A lizrieruciijetcalset
HRES components 4
. Decision-making Good handling of Rule-based design can be
Fuzzy Logic [28] . .. . ..
under uncertainty uncertain information complex and subjective

This study aims to address limitations identified in the literature by developing
a surrogate-assisted benchmarking framework for optimising hybrid renewable energy
systems. Six classical metaheuristic algorithms are evaluated under the same computational
conditions using the HOMER Grid-derived dataset. Unlike studies in the literature, the
proposed study incorporates a multi-objective fitness function, nearest-observed validation,
and non-parametric statistical analyses using the Friedman ranking and the Holm-adjusted
Wilcoxon signed-rank test. The methodology adopted in this study aims to establish a
reproducible benchmark for evaluating classical metaheuristic optimisation algorithms.

3. Methodology
3.1. HOMER Grid Optimisation Methodology

This section describes the methodological framework adopted in this study to optimise
a grid-connected PV battery renewable energy system using HOMER Grid. The simulations
were carried out using HOMER Grid version 1.11.4.

3.2. Study Location

This study investigates the techno-economic feasibility of a grid-connected PV battery
system for a small household in Soweto, Johannesburg, South Africa. The coordinates
of the study location are 26°14'9" S, 27°51'2" E, approximately 20 kilometres southwest
of central Johannesburg. Soweto is home to over 1.5 million residents in the Gauteng
province. The utility company has often reported electricity theft or meter tampering by
Soweto residents, leading it to cut off electricity to most parts of the township. Most Soweto
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residents cannot afford electricity because of high tariffs set by the City of Johannesburg
Metropolitan Municipality. Soweto was selected for the study because of its experience with
load-shedding, low-income households’ inability to afford electricity, and a constrained
grid driven by high electricity demand from both residential and industrial zones.

3.3. Load Profile Characteristics

This study aimed to design a cost-effective, sustainable energy solution for a house-
hold in Soweto by proposing a grid-connected PV battery renewable energy system. The
system design’s main objective was to minimise grid dependence and promote renewable
energy utilisation to improve energy reliability and affordability. The system is made of
the following key components: PV panels, lithium-ion batteries, and a power converter.
Correctly sizing these components is crucial to designing a cost-effective, reliable system
that meets load demand. Figure 3 presents the household demand characteristics, in-
cluding the yearly, daily, and seasonal profiles. The residential load profile was derived
from measured electricity consumption data collected from a single household in Soweto,
Johannesburg, over a representative period. The hourly load profile was processed and
imported into HOMER Grid as a custom time series electrical load. The household has
an average demand of 21.58 kWh/day, with a peak demand of 2.98 kW, resulting in an
annual demand of 7876.7 kWh. Figure 1 shows that energy consumption is high in the
early morning and again in the early evening. The figure at the bottom shows seasonal
variation in load demand, revealing relatively stable electricity consumption throughout
the year. These profiles inform component sizing and grid backup requirements to ensure
energy reliability and support a cost-effective system design.

(b) Daily Profile
3.0 kw 2

kW
N
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Figure 3. Annual load profile heat map (a), daily load profile (b) and seasonal profile (c).

3.4. Local Resources

Solar radiation, the clearness index, and temperature are key environmental variables
that HOMER needs to simulate grid-connected PV RES. For this study, these variables were
sourced from NASA’s Global Solar Atlas. Daily solar radiation and the clearness index are
key indicators of atmospheric clarity. The clearness index is higher under sunny, clear-sky
conditions and lower when the sky is cloudy or overcast. Figure 4 presents the local solar
resources. The figure reveals stronger solar radiation during late spring and summer
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months, particularly between October and January. Solar radiation decreases during winter
months, reaching a minimum during June. High temperatures are recorded during spring
and summer months between September and April. This thermal information is used to
include a temperature derating factor for the PV panels.

Il Radiation

Clearness 25 1
- 09

L os
_— - L o7
Los §
L 05
| 04

L 03

Daily Temperature (°C)

[ 02 51

| 01

Daily Radiation (kWh/m?/day)
(=] - ~ w - w o ~N ©
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Figure 4. Local resources of the study area: Annual daily radiation (left) and annual tempera-
ture (right).

3.5. Proposed System Architecture, Simulation, and Optimisation Strategy

The proposed system consists of solar photovoltaic (PV) panels and a lithium-ion
battery storage (LI-ASM) unit tied to the RSA national grid, as shown in Figure 5. The
converter converts the energy generated by the PV array from direct current (DC) to
alternating current (AC). The battery unit stores excess energy to ensure a continuous
energy supply during peak demand, at night, and on cloudy days. The details of the
modelled system configuration are presented below:

PV capacity—7 kW flat-plate modules;

Storage—23 kWh lithium-ion batteries;

Converter efficiency—95%;

Load profile—Daily peak of 2.98 kW, average load of 21.58 kWh/day.

Grid House hold

%7/L

21.58 kWh/d
2.98 kW peak

Converter LI ASM
4 B4,

Figure 5. Proposed system configuration.

The proposed system uses a load-following dispatch strategy. The solar energy from
the PV panels serves as the primary energy source for the household, while the battery
unit serves as a backup when PV generation is insufficient. The battery recharges during
periods of excess production. Grid electricity is used only when the PV battery system
produces insufficient energy to meet the household’s needs, helping the end user save on
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grid electricity purchases. This study prohibits grid exports; hence, excess electricity is
curtailed. The following economic factors are considered:

Project lifetime—25 years;
Real discount rate—5.88%;

Inflation rate—2%;

CO, emission cost—modelled using a comparative baseline scenario.

The HOMER Grid optimisation algorithm simulated all feasible combinations of
photovoltaic capacity, lithium-ion storage, and converter ratings. The software’s embedded
optimisation algorithm simulated hundreds of system configurations to identify the most
cost-effective configuration. HOMER Grid is a cost-only optimisation software. For this
reason, the performance of the cost-effective system design was evaluated using economic
metrics such as NPC and LCOE.

3.6. Economic Analysis

The economic viability of the proposed system is evaluated using the NPC and LCOE.
These two economic indicators provide insight into the long-term cost-effectiveness of the
chosen system architecture over the project’s lifespan.

3.6.1. Levelised Cost of Energy

The Levelised Cost of Energy (LCOE) is the average cost per kWh of usable energy
the system generates. The built-in HOME equation divides the annual cost of electricity
generation by the total usable electricity output. The LCOE is calculated as

Cann tot
LCOE = : 1)
Eprim + Edef + Egrid,sales

where Cann tot is the total annualised cost, Eprim 18 the primary load served, Eqef is the
deferrable load served, and Eg;ig sales is the energy sold to the grid.

3.6.2. Net Present Cost (NPC)

The net present cost (NPC) is the sum of expenditure over the system’s lifespan minus
the present value of income earned during that period. HOMER considers expenses such
as capital costs, replacement costs, grid power purchases, and operation and maintenance
costs when calculating NPC. The NPC is calculated by simply adding the total discounted
cash flows for each year of the project’s life cycle.

Cann,tot

Cnpe = 1F (i, Rorg) (2)
where Cnpc is the net present cost, Cann tot is the total annualised cost, i is the real discount
rate, and Ry, is the project lifetime. In this study, the project lifecycle is set at 25 years.
The annual present value is determined using the capital recovery factor (CRF). The annual
present value is the sum of equal cash flows over the system’s lifespan. The capital recovery
factor’s equation is

(14N

CRF(i,N) = TrN o1

)

where N is the project lifetime in years.

3.7. Pipeline Architecture

This study benchmarks six classical metaheuristic algorithms (PSO, GA, DE, GWO,
WOA, and SFSA) using a surrogate-assisted optimisation framework to optimise a grid-
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connected PV battery renewable energy system in a techno-economic context. HOMER
Grid-derived optimisation and sensitivity results are used to benchmark the metaheuristic
algorithms. The dataset obtained from HOMER was then integrated with a renewable
energy database containing architectural variables and techno-economic performance in-
dicators. To avoid repeatedly running HOMER simulations during optimisation, this
study adopted a distance-weighted k-nearest neighbours surrogate model. The model was
trained to estimate multiple performance outputs from candidate system configurations.
All six metaheuristic algorithms searched the same surrogate design space with identical
optimisation settings. The performance of each algorithm was evaluated using conver-
gence behaviour, solution quality, computational runtime, robustness, nearest-observed
validation, and non-parametric tests. The proposed methodology of the study is presented
in Figure 6.

[ Dataset ]

v v v

System Architecture Data Techno-Economic Data Sensitivity Data

\ 4
{ Data Preprocessing ]

v

[ Integrated Renewable J

Energy Dataset

Design Performance

Sensitivity

Variables Outputs Factors

KNN Classical Metaheuristics g:drsf‘é"“Ma:Ee g;’all{“"t:_"“
Surrogate Model (PSO, GA, DEJGWQ, WOA,SESA) | [ bkt Rinine,

Friedman, Wilcoxon)

Two-Tier Computational Strategy

Tier 1: Surrogate Training Tier 2: Optimisation & Benchmarking ]

Minimise LCOE and NPC
Maximise Renewable Fraction
Minimise Grid Energy Purchased

[ Results ]
v

Optimal PV-Battery-Converter Design
Best LCOE and NPC
Improved Renewable Fraction
Reduced Grid Dependence
Convergence and Statistical Ranking

[ ———

Figure 6. Proposed methodological framework for surrogate-assisted techno-economic optimisation
and classical metaheuristic benchmarking of the grid-connected PV battery renewable energy system.

https:/ /doi.org/10.3390/en19184445


https://doi.org/10.3390/en19184445

Energies 2026, 19, 4445

14 of 32

3.8. Dataset Description and Preprocessing

In this study, a metered electricity consumption dataset of residential household load
profiles was modelled in HOMER Grid to simulate the techno-economic optimisation
of grid-connected PV battery RES. HOMER Grid generated 294 feasible optimisation
candidate configurations and 16 sensitivity cases. The quality of the dataset was audited
before the surrogate development. Duplicate records were identified by comparing all
exported variables, resulting in 22 records being removed, reducing the dataset from 294 to
272 unique records as presented in Table 3. The grid-connected renewable energy system
included PV panels, lithium batteries (LI-ASM), and a converter. The output variables
during model development were LCOE, NPC, CAPEX, operating cost, renewable fraction,
grid energy purchases, IRR, and simple payback.

Table 3. Dataset profile after initial audit.

Raw Duplicate Missing Usable Rows After
Dataset Raw Rows Columns Rows Cells Filtering
Optimisation results 294 28 22 500 272 core/258 extended
Sensitivity results 16 30 0 0 16

Further auditing separated structural non-applicable blanks from missing extended
economic fields. From 294 raw rows, 22 exact duplicates were removed, leaving 272 unique
cases with complete core optimisation outputs. Of these cases, 14 lacked IRR and simple-
payback values, yielding a 258-case extended economic subset. The 500 raw blank cells
were concentrated in component-specific and economic fields rather than randomly dis-
tributed. Core optimisation and surrogate benchmarking therefore use 272 cases; the
258-case subset is used only where IRR or payback is required. A Kolmogorov-Smirnov au-
dit found no significant distributional shift for the principal design and objective variables
(all p > 0.8489).

These blank fields were treated as non-applicable entries generated by HOMER export
instead of random missing measurements. For example, a system with a blank battery
unit was treated as if it had zero batteries. However, system configurations with no PV
were not included in the surrogate training because this study specifically benchmarks PV
battery system sizing within the PV-supported design domain. After removing duplicates,
system configurations without PV numbered 14, which were subsequently removed, result-
ing in reducing the dataset from 272 to 258 cases. This distributional change is explicitly
acknowledged as a consequence of restricting the modelling dataset to the PV-supported
design class, rather than as evidence of arbitrary deletion based on optimisation perfor-
mance. Accordingly, the 258 retained cases constitute the HOMER-supported surrogate
optimisation domain used in the subsequent distance-weighted kNN modelling and meta-
heuristic benchmarking. This distinction is important because the objective of the data
preparation was not to create an unbiased sample of all possible grid-connected configura-
tions, but to construct a consistent training domain for the surrogate representation of the
PV battery design problem. The revised benchmark restricts the surrogate search to the
positive HOMER-supported local domain: PV 3.666667-22 kW, battery count 0-30 units,
and converter 0.833333-5 kW. This correction prevents unsupported extrapolation below
the observed PV and converter ranges.

The observed techno-economic design space of the HOMER Grid-derived optimisa-
tion dataset is presented in Figure 7. The figure illustrates the relationship between the
renewable energy fraction and LCOE, along with a colour scale for annual grid energy
purchases. This visualisation aims to characterise the distribution of feasible candidate
system configurations and examine interactions among the primary optimisation objectives
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before the development of the surrogate model. It shows the design landscape examined
by the optimisation algorithms and demonstrates the wide range of techno-economic
trade-offs existing within the dataset. This figure further confirms that the cleaned dataset
sufficiently spans both low- and high-renewable operating regions, thereby providing
adequate diversity for surrogate model training and for evaluating each metaheuristic
optimisation algorithm’s performance.
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Figure 7. Observed design space relationship between renewable fraction, LCOE, and grid en-
ergy purchased.

The Pearson correlation matrix of the design variables and techno-economic perfor-
mance indicators from the HOMER Grid optimisation dataset is presented in Figure 8. This
matrix quantifies the strength and direction of linear relationships between optimisation
variables and their corresponding performance metrics. The correlation coefficient of a
matrix ranges from —1 to +1, allowing the identification of both negative and positive
linear relationships among variables. This analysis serves as a data structure initial assess-
ment step that can highlight potential dependencies between the system design variables
and techno-economic outputs. For the development of surrogate models, understand-
ing these relationships is important, as it identifies influential variables, reveals potential
multicollinearity, and provides an overview of the complexity of the optimisation land-
scape. Correlation analysis is an essential preliminary step in validating the suitability
of the dataset used for surrogate-assisted optimisation and benchmarking of the selected
metaheuristic algorithms.

3.9. Mathematical Formulation and Computational Methodology
3.9.1. Problem Formulation

This section outlines the techno-economic optimisation problem explored in the study.
It specifies the decision variables, defines the objective functions and constraints, and
illustrates how the mathematical model integrates with the HOMER Grid simulation and
the surrogate-assisted metaheuristic framework. The formulation aligns with the study’s
design; the optimisers focus on PV capacity, lithium-ion battery quantity, and converter
capacity, while a local distance-weighted k-nearest neighbour (kNN) surrogate predicts the
HOMER Grid performance indicators. This study’s optimisation problem is a constrained
techno-economic sizing problem for a grid-connected PV battery RES. The problem is
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formulated as a multi-objective problem in which competing technical and economic
criteria are combined into a scalar fitness measure for metaheuristic searching.

1.00
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Architecture/LI ASM (#)
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Architecture/Converter (kW) g
0.25 =
i
Cost/LCOE (R/kWh) 0.00 §
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Grid/Energy Purchased (kWh)

Figure 8. Correlation matrix of selected design variables and techno-economic outputs.

Decision Variables

The optimisation problem was formulated using three decision variables: PV capacity,
battery units, and converter capacity, as Tabulated in Table 4. Battery count was rounded
to the nearest integer during optimisation to ensure practical system configurations. The
objectives are adapted from HOMER Grid-derived outputs, including the LCOE, NPC,
annual grid energy purchased, and RF. The design vector is expressed as

X = |:PPV1 Npat, Pconv]T (4)

where Ppy is the photovoltaic capacity, Ny, is the number of lithium-ion battery units, and
Pcony is the converter capacity. Table 5 shows the common search bounds applied to all
six algorithms.

Table 4. Decision variable bounds used by all algorithms.

Decision Variable Lower Bound Upper Bound Unit Implementation Note
PV capacity 3.666667 22 kW continuous

Battery count 0 30 units integer after rounding
Converter capacity 0.833333 5 kW continuous
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Table 5. Variable ranges used for techno-economic interpretation and design bounds.

Standard Missing After

Variable Minimum Maximum Mean . .
Deviation Cleaning
Architecture/PV (kW) 3.666667 22.0000 8.142451 3.688806 0
Architecture/LI ASM (#) 0 30.0000 17.3760 9.682615 0
Architecture/Converter (kW) 0.833333 5.000000 2.686714 0.789096 0
Cost/LCOE (R/kWh) 0.610749 2.221567 0.975602 0.580191 0
Cost/NPC (R) 52,048.63 189,324.20 83,141.73 49,444 .49 0
Cost/CAPEX (R) 12,643.33 74,796.65 35,758.41 10,044.11 0
Cost/Operating cost (R/yr) 950.318 15,432.96 4379.487 5013.365 0
System/Ren Frac (%) 34.1241 98.8597 83.5037 22.3169 0

Mathematical Representation of System Performance

For a specific system configuration, the original HOMER Grid model produces techno-
economic responses. In this study, eight decision outputs were retained during surrogate
model development. The techno-economic response vector is represented as

§(x) = [LCOE(X),NPC(X),RF(x),Egrid(x),CAPEX(X),OPEX(X),IRR(X),PB(X)}T 5)

The optimisation uses the HOMER Grid cases as a reference for the design landscape,
whereas the distance-weighted KNN model estimates y(x). With k = 8 neighbours, the
predicted output for candidates is defined by

ZG=1=kw(x)y]

I = T =15 0w (] (©)
where 1
Wil = g7 7

This formulation is used to interpret the optimisation results. The validated surrogate
representation of the completed HOMER Grid space solves the mathematical optimisation
problem instead of the metaheuristic claiming to reproduce the full hourly HOMER energy
balance engine.

Objective Function

This study aimed to minimise LCOE, NPC, and grid electricity purchases while
maximising RFE. The governing formulas for the objective functions can be expressed

as follows:
Objective 1—NPC : fnpe(X) = Ci;;gm (X)) (8)
Obi . . _ Cann tot( )
jective 2—LCOE : fycog(x) = Fooreed (00 )
serve
Objective 3—Electricity grid f gig(x) = ) (t =1 — T)Pgiq(t)At (10)
Objective 4—RF : frp(x) = IOOT%F(X) (11)

Composite Fitness Function

Table 6 presents the structure of the fitness function used for the classical metaheuristic
comparisons. The fitness function was designed to simultaneously minimise the LCOE,
NPC, and annual grid energy purchases while maximising the renewable energy utilisation.

https://doi.org/10.3390/en19184445


https://doi.org/10.3390/en19184445

Energies 2026, 19, 4445

18 of 32

F(X) = 0~4fLCOE (X) + 0-25fNPC (X) + O-ZfE,grid (X) + (015)(

Each component was assigned a weighting factor. Additionally, penalty functions were
added to discourage solutions that failed to satisfy predefined engineering requirements.
The function was designed to avoid candidate solutions with a renewable fraction below
95% and grid energy purchases exceeding 500 kWh/year. The weighted multi-objective cri-
teria adopted in this study provide a balanced evaluation between economic performance,
renewable energy utilisation, and utility grid dependence. The weighted multi-function ob-
jective adopted in this study enables the metaheuristic optimisation algorithms to identify
practically feasible and economically attractive system configurations.

Table 6. Fitness—function structure used for classical metaheuristic comparison.

Fitness Term Weight or Condition Direction

Normalised LCOE 0.40 minimise

Normalised NPC 0.25 minimise

Normalised grid energy purchased 0.20 minimise

Renewable fraction shortfall term 0.15 minimise
Renewable fraction penalty RF < 95% avoid
Grid purchase penalty E_grid > 500 kWh/year avoid

The weighted composite objective used for algorithm comparison is therefore

100 — RF(x)

100 ) + Prr (X) + Pgrid (X) (12)

This study seeks to reduce dependence on the grid while minimising cost. The
assigned weights reflect the priority given to each decision variable. The system’s economic
performance is prioritised, as the study aims to reduce cost, especially electricity cost per
kWh, which affects the overall lifecycle cost over a 25-year period. Accordingly, the LCOE
is assigned 40%, the NPC 25%, grid purchases 20%, and renewable energy utilisation 15%.
The 95% RF threshold was adopted to promote high renewable energy utilisation, whereas
the 500 kWh/year threshold was adopted to limit residual dependence on grid electricity.
These weights were assigned to each decision variable to provide a complementary balance
between economic cost, renewable energy penetration and grid dependence within the
adopted PV battery case study. These weights and thresholds are the authors’ choice rather
than universal values. The authors assigned the weights based on the analysis they aim to
achieve. The weights sum to unity and reflect the study’s prioritisation of LCOE, NPC, grid
dependence, and renewable fraction improvement. The penalty functions are expressed

as follows: A RFumue {0, [95 — RG]}
. , _ X
PRF(X) = = 95 (13)
)\'Egrid,max{or |:Egr1d (X> - 5001| }
Perid( = (14)
grid(x) 500

The composite fitness function consists of renewable energy and electricity grid penal-
ties. The renewable fraction and grid energy terms ensure the optimisation accounts for
economic efficiency, renewable energy use, and reduced reliance on grid electricity. The
optimisation is subject to both design space constraints and performance constraints. The
complete problem can therefore be written as

minimize F(x), subject to 0 < Ppy < 22 kW, 0 < Npa < 30, 0 < Peonv < 5 kW, RF > 95%, Egrid(x) < 500 kWh/year. (15)

The first three constraints define the component search space used consistently by PSO,
GA, DE, GWO, WOA and SFSA. The latter two are engineering performance requirements.
In addition, the underlying HOMER Grid model enforces the system feasibility conditions
associated with the simulated PV, storage, converter, load and grid configuration. These
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include the requirement that household demand is served according to the modelled
dispatch logic, and that component operation remains within the feasible configurations
represented in the HOMER Grid dataset. The present surrogate-assisted optimiser does not
independently reconstruct all hourly physical constraints; instead, it interpolates among
completed feasible HOMER cases.

3.9.2. Surrogate Model Development

A local distance-weighted k-nearest neighbour (DW-kNN) surrogate was evaluated
using five-fold shuffled cross-validation (seed 20260908). Standardisation was fitted in-
dependently within each training fold before transforming its validation fold, preventing
preprocessing leakage. A sweep from k =3 to 15 selected k = 3, which achieved the highest
mean cross-output R? of 0.968912. R2, RMSE, MAE and MAPE were computed for the
eight techno-economic outputs. The predictive performance of the selected DW-kNN
surrogate was evaluated across the eight techno-economic outputs using five-fold cross-
validation. Table 7 summarises the resulting R?, RMSE, MAE, and MAPE values for each
predicted output.

Table 7. Cross-validated surrogate prediction accuracy for the techno-economic outputs.

Variable Mean R? Mean RMSE Mean MAE Mean MAPE (%)
Cost/CAPEX (R) 0.911984 2897.937 1658.954 5.086983
Cost/LCOE (R/kWh) 0.959204 0.109539 0.038838 3.370457
Cost/NPC (R) 0.959204 9334.996 3309.789 3.370457
Cost/Operating cost (R/yr) 0.959144 940.893 374.203 12.0776
Grid/Energy Purchased (kWh) 0.958701 331.003 131.727 26.5681
Project Economics/IRR (%) 0.872984 3.999867 2.293646 4.970846
Project Economics/Simple Payback (yr) 0.856951 0.213199 0.104476 4.582922
System/Ren Frac (%) 0.958701 4.202308 1.672367 2.572165

To strengthen the selection and validation of the surrogate model, the predictive perfor-
mance of the DW-kNN model was compared with four alternative regression approaches:
random forest, Gaussian process, radial basis function (RBF), and gradient boosting. As
shown in Table 8, random forest achieved the highest mean R? across the four core techno-
economic outputs (0.996453), followed by Gaussian process (0.995453), RBF (0.992653), and
gradient boosting (0.989954). Although these models achieved higher overall predictive
accuracy, DW-kNN was retained as the local interpolation model for the optimisation
benchmark because the revised search domain was restricted to the HOMER-supported
design space, thereby maintaining predictions within the neighbourhood of observed sys-
tem configurations. The number of neighbours was subsequently determined through a
systematic hyperparameter analysis. Table 9 presents the cross-validation results for the
evaluated k values, with k = 3 producing the highest mean R? of 0.968912 and therefore
being selected for the final DW-kNN surrogate. The progressive reduction in predictive
performance at larger k values indicates that increasing the neighbourhood size introduced
excessive smoothing of the local techno-economic response surface.

Table 8. Five-fold cross-validation comparison of alternative surrogate model forms.

Model Mean R? Across Four Core Outputs
Random Forest 0.996453
Gaussian Process 0.995453
RBF 0.992653
Gradient Boosting 0.989954
kNN-3 (selected) 0.968912
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Table 9. DW-kNN hyperparameter selection under five-fold cross-validation.

Mean R? SD
3 0.968912 0.016145
4 0.966947 0.017268
5 0.967793 0.017546
6 0.966258 0.017380
7 0.964137 0.018104
8 0.961582 0.018209
9 0.960675 0.018413
10 0.955966 0.018391

Random forest achieved the highest mean R? (0.996453), followed by Gaussian process
(0.995453), RBF (0.992653), and gradient boosting (0.989954). The selected k = 3 DW-kNN
was retained as the local benchmark because the optimisation was explicitly restricted to
interpolation within the HOMER-supported design domain. The comparison confirms
that surrogate choice is problem-dependent and can influence optimisation outcomes.
The available dataset for this study favours a local non-parametric approximation; hence,
DW-KNN was selected as the preferred regression model. The design space dimensionality
is low, with only three decision variables, while the dataset sample size is relatively small.
Training highly parameterised global learning models requires large datasets. Furthermore,
the optimisation variables include the battery count units along with continuous PV and
converter variables. This consequently imposes a highly restrictive global functional form,
which may not be desirable. In this study, the optimisation of candidate system designs
is determined by nearby observed HOMER configurations, so the surrogate maintains
the local structure of the HOMER Grid design landscape without assuming an analytical
relationship between component sizing and techno-economic performance. This is relevant
to this study because the aim is not to reinvent a universal physical model of a PV battery
system, but instead to build a computationally efficient approximation of the HOMER-
generated response surface for surrogate-assisted optimisation. For this reason, the selection
of KNN should be treated as a problem-specific modelling choice instead of claiming that
KNN is universally superior to other surrogate methods.

The surrogate model was evaluated by predicting the LCOE as presented in Figure 9.
The values obtained from the HOMER Grid optimisation and the surrogate-predicted LCOE
values are compared in the scatter plot. The dotted diagonal line in Figure 9 represents the
line of best fit between the predicted and actual values. This can be used as a reference
for evaluating prediction accuracy. This validation procedure was performed to evaluate
the surrogate’s ability to reproduce the techno-economic trend of the original simulation
model while retaining strong generalisation performance on the unseen data. The scatter
plot revealed a close agreement between the predicted and actual values, implying that
the surrogate successfully captured the relationship between the system design variables
and the LCOE. This validation procedure allows the metaheuristic algorithms to assess
candidate solutions fast while maintaining the characteristics of the original design space.

3.9.3. Classical Metaheuristic Algorithms

Table 10 displays the parameter settings and fairness controls used for all six classi-
cal metaheuristic algorithms in this study. This study employs an equal population size
of 30 individuals, 100 iterations, and 30 independent runs across all the algorithms. To
ensure an objective and unbiased comparison, all algorithms were run under similar com-
putational conditions. This approach minimises performance differences due to varying
computational resources, so the results genuinely reflect each algorithm’s search capabilities
rather than implementation differences. Under these settings, each population member
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is evaluated once per iteration, corresponding to 3030 objective-function evaluations per
run, including the initial population. Specific control parameters such as the inertia weight
and acceleration coefficients for PSO, the crossover and mutation operators for GA, the
mutation factor and crossover rate for DE, and the control parameters for GWO, WOA,
and SFSA were chosen based on widely accepted values from existing literature. This
standardised setup provides a consistent basis for evaluating convergence, optimisation
accuracy, computational efficiency, robustness, and statistical performance across different
optimisation techniques.
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Figure 9. Out-of-fold surrogate prediction audit for LCOE.

Table 10. Algorithm parameters and fairness controls.

Algorithm Population Iterations Independent Runs Main Parameters
w =0.729, c; =1.494,
PSO 30 100 30 o = 1.494
tournament = 3, elitism = 2,
GA 30 100 30 crossover = 0.85,
mutation = 0.20
DE/rand/1/bin, F = 0.70,
DE 30 100 30 CR =090
CWO 30 100 30 Alpha-beta—delta leadership,
a decreases from 2 to 0
encircling/spiral bubble net,
WOA 30 100 30 a decreases from 2to 0,b =1
diffusion plus rank-based
SFSA 30 100 30 update; Gaussian scale

decreases over iterations

3.9.4. Statistical Performance Evaluation

Algorithm performance was evaluated using convergence curves, final fitness values,
computational runtime, robustness, and nearest-observed validation. Friedman rank analy-
sis was used to identify overall performance differences, while Holm-adjusted Wilcoxon
signed-rank tests determined statistically significant pairwise differences.
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4. Results and Discussion
4.1. Observed Best HOMER Grid Design

The summary of the results for the optimal system configuration identified by HOMER
Grid is presented in Table 11. The system consists of a 7.799 kW PV array, 23 lithium-ion
battery units, and a 2.560 kW converter, achieving an LCOE of R0.6149/kWh and an NPC
of R52,401.45. This configuration represents a balanced compromise between economic per-
formance, renewable energy use, and grid dependency. The LCOE and NPC demonstrate
that the system can deliver electricity at a low lifecycle cost while maintaining relatively
low capital investment. The economic viability of the system is further demonstrated by the
low capital expenditure and annual operating cost of R38,697.39 and R1266.62, respectively.

Table 11. Best observed design from the cleaned HOMER Grid-derived optimisation dataset.

Fitness Term Observed Best Value
Architecture/PV (kW) 7.799321
Architecture/LI ASM (#) 23.0000
Architecture/Converter (kW) 2.559689
Cost/LCOE (R/kWh) 0.614889
Cost/NPC (R) 52,401.45
Cost/CAPEX (R) 38,697.39
Cost/Operating cost (R/y) 1266.622
System/Ren Frac (%) 97.2544
Grid/Energy Purchased (kWh) 216.261
Project Economics/IRR (%) 59.9528
Project Economics/Simple Payback (y) 1.667412
Computed fitness 0.010748

Household energy demand is nearly supplied by PV electricity, as evidenced by a
renewable energy fraction of 97.25%, limiting grid purchases to 216.26 kWh/year. The
proposed system configuration reduces dependence on the utility grid while maintaining
electricity supply reliability. The findings in this study highlight the importance of correctly
sizing the PV battery renewable energy system to maximise renewable energy utilisation
and minimise grid imports. The financial attractiveness was further demonstrated by
the system’s IRR of 59.95% and the simple payback of 1.67 years. The short, simple
payback period means that the initial capital investment can be recovered in under 2 years.
The 0.010748 composite fitness value is the minimum objective value in the optimisation
dataset. The composite fitness value highlights the effectiveness of the selected system
configuration’s ability to balance trade-offs between minimising LCOE, NPC, and grid
energy purchases while maximising renewable energy utilisation. Figure 10 represents
the principal optimisation objectives used to develop the composite fitness function. In
this study, the composite function used the LCOE, NPC, renewable energy fraction, and
grid energy purchases. The normalised desirability score indicated high uniformity across
all objectives, proving that the system is consistent across all optimisation criteria. The
proposed multi-objective framework is effective, as proven by the balanced performance
depicted in Figure 10.
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Figure 10. Normalised techno-economic performance of the best overall surrogate design, with
original metric values annotated.

4.2. HOMER Sensitivity Dataset Analysis

The study evaluated the system performance under varying economic conditions.
The sensitivity results are presented in Table 12. The sensitivity analysis results indicate
that the optimal system remains stable despite fluctuations in economic parameters. The
economic indicators, such as LCOE, NPC, IRR, and simple payback, showed greater
variability because they are directly affected by the discount rate and inflation rate. The
behaviour of the economic indicators is expected, since the discount and inflation rates
directly influence them, even though the physical system configuration remains unchanged.
Consequently, the sensitivity results reveal that the proposed optimisation framework
generates technically stable designs under varying financial conditions while appropriately
reflecting uncertainty in long-term economic conditions.

Table 12. Summary of the sensitivity dataset used for economic context interpretation.

Variable Minimum Maximum Mean Standard Deviation
Sensitivity /Nominal Discount Rate (%) 5.000000 12.0000 8.750000 2.670830
Sensitivity /Expected Inflation Rate (%) 2.000000 8.000000 5.000000 2.309401
Architecture/PV (kW) 6.821605 9.371200 7.787369 0.606860
Architecture /LI ASM (#) 22.0000 23.0000 22.8750 0.341565
Architecture/Converter (kW) 2.516913 2.741352 2.625025 0.061615
Cost/LCOE (R/kWh) 0.285195 0.680048 0.472840 0.108243
Cost/NPC (R) 49,363.88 82,679.69 61,519.20 8920.686
Cost/CAPEX (R) 35,424.40 42,579.61 38,616.00 1677.438
Cost/Operating cost (R/y) 1089.515 1512.589 1308.852 100.063
System/Ren Frac (%) 95.9677 97.9290 97.1466 0.499500
Grid/Energy Purchased (kWh) 163.127 317.614 224.755 39.3442
Project Economics/IRR (%) 54.7988 64.7434 60.1146 2.341021
Project Economics/Simple Payback (y) 1.544207 1.823955 1.665301 0.065267

Figure 11 reflects the relationship between the nominal discount rate and LCOE. It is
observed that a higher discount rate yields high LCOE values. The present value of lifecycle
costs increases under high financial conditions, further confirming that the economic
assumptions significantly affect the cost competitiveness of renewable energy systems.
These observations emphasise the significance of incorporating financial uncertainty into
techno-economic optimisation.
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Figure 11. Sensitivity of LCOE to nominal discount rate.

The revised analysis additionally evaluates objective weight sensitivity, iteration-
budget stability, NFE, median/IQR and final solution feasibility. The NFE per run is 3030 at
100 iterations, 6030 at 200 iterations and 15,030 at 500 iterations. At 500 iterations, DE, PSO
and SFSA all reach the same best-observed fitness. Tables 13-15 tabulates the objective-
weight sensitivity of algorithm ranking (10 independent runs per scenario), Iteration
budget and objective function evaluation stability analysis and Robust descriptive statistics,
feasibility rates, and numerical near-optimality at 100 iterations respectively.

Table 13. Objective-weight sensitivity of algorithm ranking (10 independent runs per scenario).

Mean Fitness Rank Algorithm Weight Scenario
0.005174 1 PSO Economic-heavy
0.005174 2 SFSA Economic-heavy
0.005176 3 DE Economic-heavy
0.005178 4 WOA Economic-heavy
0.005179 5 GWO Economic-heavy
0.005189 6 GA Economic-heavy
0.017171 1 DE Renewable/grid-heavy
0.017171 2 SFSA Renewable/grid-heavy
0.017179 3 WOA Renewable/grid-heavy
0.017189 4 GWO Renewable/grid-heavy
0.017322 5 GA Renewable/grid-heavy
0.017453 6 PSO Renewable/grid-heavy
0.014348 1 SFSA Equal weights
0.014348 2 DE Equal weights
0.014349 3 PSO Equal weights
0.014377 4 WOA Equal weights
0.014512 5 GWO Equal weights
0.014670 6 GA Equal weights
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Table 14. Iteration budget and objective function evaluation stability analysis.
Rank Medlan Mean Algorithm NFE/Run Iterations
Fitness Fitness
1 0.010748 0.010748 DE 3030 100
2 0.010748 0.010748 SESA 3030 100
3 0.010748 0.010748 PSO 3030 100
4 0.010754 0.010760 WOA 3030 100
5 0.010771 0.010829 GWO 3030 100
6 0.010805 0.010835 GA 3030 100
1 0.010748 0.010748 DE 6030 200
2 0.010748 0.010748 PSO 6030 200
3 0.010748 0.010748 SFSA 6030 200
4 0.010750 0.010750 WOA 6030 200
5 0.010758 0.010773 GWO 6030 200
6 0.010781 0.010790 GA 6030 200
1 0.010748 0.010748 DE 15,030 500
1 0.010748 0.010748 PSO 15,030 500
1 0.010748 0.010748 SFSA 15,030 500
4 0.010749 0.010749 WOA 15,030 500
5 0.010752 0.010765 GWO 15,030 500
6 0.010769 0.010772 GA 15,030 500

Table 15. Robust descriptive statistics, feasibility rates, and numerical near-optimality at 100 iterations.

Grid RF
o —6
W1th1r:0} )X 10 Feasible Feasible IQR Q3 Q1 Median Mean Algorithm
° (%) (%)

100.0000 100 100 2457 x 10710 0.010748  0.010748  0.010748  0.010748 DE
6.6667 100 100 6.773 x 107> 0.010847 0.010780 0.010805 0.010835 GA
0.000000 100 100 2.027 x 1074 0.010965 0.010762 0.010771 0.010829 GWO
100.0000 100 100 6.940 x 1077 0.010748 0.010748 0.010748 0.010748 PSO
100.0000 100 100 2271 x 10712 0.010748 0.010748 0.010748 0.010748 SFSA
3.3333 100 100 6.586 x 1076 0.010758 0.010751 0.010754 0.010760 WOA

4.3. Metaheuristic Algorithms Performance Analysis
The recomputed 100-iteration results are summarised in Table 16. DE achieved the
lowest mean final fitness (0.010748466), followed extremely closely by SFSA (0.010748466)
and PSO (0.010748478). PSO had the shortest mean runtime (0.0711 s). The differences
among the leading methods are very small and budget-dependent; accordingly, the revised
interpretation separates mean fitness ranking, statistical ranking and computational cost
rather than claiming universal algorithm superiority.
Table 16. Final performance summary of the six classical metaheuristic algorithms.
Mean Mean
. Mean . . Worst . Mean Mean Mean Grid
Algorithm Fitness Fitness Std. Best Fitness Fitness Runtime LCOE NPC (R) RF (%) Energy Rank
© (WH)

DE 0.010748466  6.910 x 10~10 0.010748465  0.010748468  0.181757 0.614889  52,401.45 97.2544 216.261 1
SFSA 0.010748466 2962 x 1077 0.010748465  0.010748482  0.258234 0.614889  52,401.45 97.2544 216.261 2
PSO 0.010748478 2.206 x 1078 0.010748467  0.010748583  0.071103 0.614889  52,401.44 97.2544 216.262 3
WOA 0.010760469 3.323 x 1075 0.010749275  0.010935256  0.125251 0.614835  52,396.81 97.2470 216.844 4
GWO 0.010829161 9.893 x 1075 0.010752481  0.011007871 0.082419 0.614647  52,380.80 97.2155 219.324 5
GA 0.010835036 9.823 x 10~ 0.010748466  0.011185621  0.149450  0.614479  52,366.53 97.1995 220.584 6
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Figure 12 represents the mean convergence curve of each algorithm over 100 iterations.
All the algorithms recorded a high mean best fitness value during the first few iterations,
while the objective function reduced rapidly during the same period, reflecting the effective
global exploration of the search space. However, their subsequent convergence patterns
differ considerably. Both DE and PSO converged fast and stabilised near the optimum
within the first 20 iterations, demonstrating the algorithm’s efficient exploitation of promis-
ing solution zones. SFSA showed a similar convergence trend; however, it required more
iterations before stabilising. The convergence rate of GWO was slower, with improvements
occurring gradually throughout the optimisation process. Both GA and WOA exhibited
slower convergence rates and high fluctuations during the early stages of the iterations.
These findings suggest that both DE and PSO have a stronger search efficiency and require
fewer iterations to obtain high-quality solutions.

— DE
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0.022 - —— SFSA
—— WOA
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(]
Q
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Figure 12. Mean convergence curves for PSO, GA, DE, GWO, WOA, and SFSA over 100 iterations.

The final best fitness values depicted in Figure 13 represent the robustness of the
optimisation algorithms. DE and PSO showed extremely narrow boxplots with little varia-
tion between independent runs. These results indicate that both DE and PSO algorithms
exhibit high consistency in optimisation performance, and excellent repeatability. The
SFSA boxplot was relatively smaller, confirming its robustness. In contrast, the widest
distribution of final fitness values was achieved by GA. This means that the GA algorithm is
greatly sensitive to random population initialisation and has a relatively higher probability
of converging to suboptimal solutions. The best fitness of WOA and GWO was moderate.
The variation depicted by both algorithms was acceptable; however, it may be less reliable
than that of the top-ranked algorithms.

Using the numerical tolerance of 1 x 10~% above the best-observed fitness, DE, PSO
and SFSA each achieved 100% success in the recomputed primary benchmark. WOA
achieved 3.33%, GA 6.67%, and GWO 0%. The tolerance is a stringent numerical repeata-
bility criterion only; it is not an engineering tolerance or proof of global optimality. The
1 x 107° tolerance was intentionally selected as a stringent numerical criterion because the
near-optimality analysis aimed to evaluate the convergence reliability and repeatability of
the six algorithms under evaluation, rather than defining an engineering tolerance. Because
composite fitness is a normalised, dimensionless metric, the small absolute tolerance allows
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us to differentiate between runs that have nearly reached the same numerical minimum
and those that are still measurably higher. The best observed fitness was 0.010748, which
corresponds to approximately 0.0093% of the best fitness. This threshold represents a
conservative numerical test of convergence. Therefore, it is not of independent physical or
economic significance. Moreover, practical equivalence is evaluated using the underlying
system sizing and techno-economic indicators. Figures 14 and 15 illustrate the Near-optimal
convergence reliability within 1 x 10~ of the best final fitness and mean computational
runtime of the six classical metaheuristic algorithms respectively.
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Figure 13. Distribution of final composite fitness across 30 independent runs per algorithm.
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Figure 14. Near-optimal convergence reliability within 1 x 107° of the best final fitness.

The recomputed mean runtime per 100-iteration run was approximately 0.071 s for
PSO, 0.082 s for GWO, 0.125 s for WOA, 0.149 s for GA, 0.182 s for DE and 0.258 s for
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SFSA. Because all runs are sub-second in this offline sizing problem, these differences are
interpreted only in relative computational terms.
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Figure 15. Mean computational runtime of the six classical metaheuristic algorithms.

Figure 16 represents the fitness—runtime trade-off. Algorithms positioned in the lower
left of the plot simultaneously achieved low fitness values and short execution times,
representing a balance between solution quality and computational efficiency. PSO is well-
suited to this region, as it combines short execution times with near-optimal performance.
Even though DE requires a longer runtime, it achieved the lowest overall fitness, indicating
superior optimisation performance among the evaluated algorithms. The optimisation
quality of SFSA is considerably comparable; however, it incurred a high computational
cost, whereas GA, GWO, and WOA either exhibit poor optimisation performances or less
favourable runtime performances.
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Figure 16. Fitness—runtime trade-off across the six algorithms.
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4.4. Nearest Observed Validation

The nearest observed validation evaluated whether the algorithms identified mean-
ingful regions of the HOMER Grid design landscape. The surrogate-assisted optimisation
model was validated using the nearest-observed validation procedure by comparing the
surrogate model’s solutions with the closest design in the original optimisation dataset
derived by HOMER Grid. The distance was calculated using scaled decision variables such
as the PV capacity, battery unit count and converter capacity. This ensured that differences
in variable magnitude did not disproportionately influence the nearest neighbour search.
By identifying the nearest observed HOMER Grid design, the study verifies that the opti-
misation algorithms converge towards physically meaningful and practically achievable
solutions. The overall comparison between the surrogate model and HOMER Grid-derived
results is presented in Table 17.

Table 17. Nearest observed validation of the metaheuristic-recommended designs.

Algorithm Scaled Surrogate  Observed  Surrogate  Observed  Surrogate Observed  Surrogate  Observed  Surrogate  Observed
Distance PV PV Batteries Batteries Converter Converter LCOE LCOE RF RF
SFSA 4.004 x 10712 7.799321 7.799321 23.0000 23.0000 2.559689 2.559689 0.614889 0.614889 97.2544 97.2544
DE 1.807 x 10~° 7.799321 7.799321 23.0000 23.0000 2.559689 2.559689 0.614889 0.614889 97.2544 97.2544
PSO 6.775 x 1078 7.799321 7.799321 23.0000 23.0000 2.559689 2.559689 0.614889 0.614889 97.2544 97.2544
GA 8.345 x 1078 7.799321 7.799321 23.0000 23.0000 2.559689 2.559689 0.614889 0.614889 97.2544 97.2544
WOA 0.000106 7.799672 7.799321 23.0000 23.0000 2.559689 2.559689 0.614875 0.614889 97.2525 97.2544
GWO 0.000982 7.802810 7.799321 23.0000 23.0000 2.559689 2.559689 0.614768 0.614889 97.2372 97.2544

The SFSA, DE, PSO, and GA results show that these algorithms converged exactly
on the nearest observed HOMER Grid configuration. The convergence achieved by these
algorithms highlights complete agreement between the surrogate predictions and the origi-
nal optimisation dataset. These observations increase confidence in the surrogate-assisted
optimisation framework, as they show that the algorithms are not exploiting unrealistic
interpolation or extrapolation regions of the surrogate model. Although both WOA and
GWO generated solutions with minor deviations from the HOMER Grid-derived optimum,
their predicted system settings remained extremely close to the feasible HOMER Grid
solution. The nearest observed validation of the developed framework shows the reliability
of the surrogate model and demonstrates that the optimisation results remained grounded
in viable, achievable renewable energy system design. Nearest-observed validation is a
critical step in verifying the performance of the kNN surrogate model because it emphasises
interpolation within the observed HOMER Grid design space. Furthermore, proximity
between surrogate-predicted solutions and the nearest observed solution provides evidence
that the resulting best-known solution is grounded in the available simulation data, rather
than solely a surrogate extrapolation.

4.5. Statistical Ranking and Pairwise Comparison

The recomputed Friedman and Holm-adjusted Wilcoxon results are presented in
Tables 18 and 19. SFSA obtained the lowest mean Friedman rank (1.10), followed by DE
(1.97) and PSO (2.97). The Friedman test was significant (x* = 135.79, p =1.403 x 10~%).
Pairwise tests against DE were significant for PSO, GA, GWO and WOA after Holm adjust-
ment, whereas SFSA was not significantly different from DE (Holm-adjusted p = 0.999945).
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Table 18. Friedman rank analysis of final fitness across 30 independent runs.

Algorithm Meaan;rIl:le(dman Cl:;f;:l?;r:e Friedman p-Value
SFSA 1.100000 135.790 1.403 x 10~%
DE 1.966667 135.790 1.403 x 10~%
PSO 2.966667 135.790 1.403 x 10~%
WOA 4.266667 135.790 1.403 x 10727
GWO 5.266667 135.790 1.403 x 10~%7
GA 5.433333 135.790 1.403 x 10~%

Table 19. Holm-adjusted Wilcoxon signed rank tests against DE.

Comparison Wilcoxon Raw p-Value Holm-Adjusted  Significant at
Statistic p-Value 0.05
PSO vs. DE 464.000 1.863 x 10~ 4.65661 x 10~°? 1
GA vs. DE 465.000 9.313 x 1010 4.65661 x 10~°? 1
GWO vs. DE 465.000 9.313 x 1010 4.65661 x 1077 1
WOA vs. DE 465.000 9.313 x 1010 4.65661 x 10~°? 1
SFSA vs. DE 57.000 9.999 x 101 0.999945 0

The observation in this study demonstrates that relying on only average optimisation
results may lead to misleading conclusions. The statistical analysis indicates that DE, SFSA,
and PSO are the most effective classical optimisation algorithms examined. However, DE
achieved the best overall performance amongst the evaluated algorithms as it consistently
attains the lowest mean fitness. SFSA delivers statistically comparable optimisation results,
while PSO converges much more quickly and requires less computational effort.

5. Conclusions

This study benchmarked PSO, GA, DE, GWO, WOA and SFSA on a fixed HOMER
Grid-derived PV battery sizing problem. The revised analysis restricts the search to the
supported local domain, selects k = 3 by leakage-controlled cross-validation, compares alter-
native surrogate models, reports NFE, median/IQR, feasibility, objective weight sensitivity
and 100/200/500-iteration stability, and corrects the statistical interpretation. DE achieved
the lowest mean final fitness at the primary 100-iteration budget; SFSA was statistically
indistinguishable from DE, while PSO provided the shortest runtime among the leading
methods. At 500 iterations, DE, PSO and SFSA reached the same best-observed fitness.
These conclusions are specific to the present three-variable HOMER-derived benchmark.
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