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Abstract. The increase in demand for electricity all over the world has driven strong
interest in Concentrated Solar Power (CSP) integrated with Thermal Energy Storage (TES).
This paper offers an Al-assisted design framework for a 100 MW solar power tower plant
in Hurghada, Egypt, integrating simulation, metaheuristic optimization, and artificial
intelligence. System Advisor Model (SAM) simulations determine plant performance
across 54 parametric Solar Multiple (SM)-TES combinations. The Aquila Optimizer (AO)
determined the SM and TES duration minimizing the Levelized Cost of Energy (LCOE),
subject to constraints on solar field area, TES capacity, and annual energy, and was
benchmarked against the Grey Wolf Optimizer (GWO). An Artificial Neural Network (ANN)
surrogate model, trained on AO-derived optimal configurations from seven Red Sea
locations, was developed to rapidly predict the optimal solar field area and TES capacity
from Direct Normal Irradiance (DNI) and mean ambient temperature. Results indicated
that the AO identified an optimal configuration of SM = 2.646 and TES = 9.89 h, yielding an
LCOE of 11.18 ¢/kWh, annual electricity generation of 516.22 GWh, and a capacity factor
of 55.3%, where AO and GWO produced nearly identical optimal solutions over five
independent trials, with GWO slightly more repeatable and AO settling in fewer iterations
on average. The ANN model achieved R? values of 0.9987 and 0.9983 for solar-field area
and TES capacity, respectively, on the seven training sites, whereas leave-one-out cross-
validation gave a mean TES-capacity error of 5.4%; the surrogate is therefore presented as
a proof of concept for rapid preliminary design screening that requires more training sites.

1. Introduction

The global energy sector faces the challenge of meeting the rapidly growing demand for electricity
while reducing environmental impacts due to fossil-fuel consumption. Rapid urbanization,
industrialization and population growth have pushed energy consumption to unprecedented
levels across the globe. Global emissions of carbon dioxide increased by 1.7% in 2018. If the
current trends continue, global warming could reach 1.5°C between 2030 and 2052. The shift to
clean energy systems is thus more urgent than ever, especially considering that non-renewable
sources still account for ~74% of the demand for energy worldwide [1]. This is a particularly
relevant challenge for the Middle East and North Africa (MENA) region, where energy demand



has doubled between 1980 and 2005 and is projected to double again by 2050. Therefore, the
development of sustainable energy technologies in the region is very promising and strategic.
Solar technologies to account for much of the growth as worldwide renewable electricity
generation nearly triples by 2030 [2].

CSP is one of the most promising large-scale renewable energy technologies, especially in
regions with abundant solar resources. Compared to conventional PV systems, CSP plants can be
integrated with TES for dispatchable power generation outside of daylight hours, thus improving
grid flexibility and reliability. The solar power tower (SPT) of the CSP configuration uses a field of
heliostats to concentrate solar radiation on a central receiver, thus operating at temperatures
exceeding 500°C, and resulting in higher thermodynamic efficiency and greater potential for cost
reduction compared to other CSP technologies. Thus, SPT technology is expected to become one
of the most economically competitive CSP options with projected levelized costs of energy (LCOE)
aslow as 0.09 USD/kWh [24]. InJuly 2022, 29 CSP projects were under construction globally, with
a total capacity of 15.8 GW, broken down as follows: solar power towers (about 70%), parabolic
trough systems (25%), and linear Fresnel systems (5%) [3].

Numerous studies have studied the techno-economic performance of CSP technologies
through various geographical contexts. In the African continent, Mohamed et al.[4] performed a
comprehensive SAM-based techno-economic analysis of three 20 MW molten salt SPT plants in
Algeria, demonstrating that an optimal configuration of SM = 1.8 and 10 hours of TES achieves a
capacity factor of 51.49% with a minimum LCOE of 0.097 $/kWh. Also, Agyekum & Velkin [5]
studied the techno-economic performance of both SPT and parabolic trough collector (PTC)
technologies at two locations in Ghana using SAM, supplying a comparative basis for technology
selection in high-DNI African environments. Outside of Africa, Hirbodi et al. [6] evaluated SPT and
PTC plant performance in Iran, stating that a 100 MWe dry-cooled SPT configuration with SM =
3.0 and 14 hours of TES represents the most effective design for their site. Also, Lykas et al. [7]
investigated solar-powered cogeneration system that combined PTC with TES and a PEM
electrolyzer for green hydrogen production, achieving an overall energy efficiency of 14.03% and
a payback period of 8.9 years. Khosravi et al. [8] applied a Neuro-Fuzzy Inference System
combined with Genetic Algorithms to optimize SPT design parameters, showing the potential of
Al-based and metaheuristic methods for CSP system optimization. One of the nature-inspired
metaheuristics, the Grey Wolf Optimizer (GWO) [9] has been widely used in renewable energy
optimization problems because of its simple structure and strong convergence behavior, making
it a suitable standard for validating newer algorithms such as the Aquila Optimizer.

Egypt offers highly favourable conditions for the large-scale deployment of CSP systems.
Hurghada, in particular, is located within a high-solar-resource region with annual direct normal
irradiance reaching up to 2,300 kWh/m?. CSP development is also aligned with Egypt’s national
Strategy 2030, which targets 30 GW of renewable electricity generation [1]. However, research
addressing the comprehensive optimization of SPT plants under Egyptian climatic and economic
conditions remains limited. Previous studies have mainly focused on evaluating CSP performance
or investigating the effect of different design parameters. In particular, the use of a metaheuristic
optimization algorithm together with an Al-based surrogate model for determining the optimal
solar field and TES design has received limited attention in the Egyptian context [1].

To close this gap, this paper creates an Al-based framework for the optimal design of a 100
MW SPT plant linked with molten salt TES in Hurghada, Egypt. The proposed framework
combines SAM simulations with the AO to minimize the LCOE subject to land area constraints,
annual energy production, and TES capacity [10]; the resulting optimum is then benchmarked
against the GWO to verify solution robustness and convergence performance. An ANN surrogate
model is then created and trained on AO-derived optimal design data from seven representative
locations across Egypt's Red Sea region, aiming at rapid estimation of the optimal solar-field area
and TES capacity directly from site-specific annual DNI and mean ambient-temperature inputs.



The main contributions of this work are threefold. First, a unified framework that links SAM-
based parametric simulation, constrained metaheuristic optimization and an ANN surrogate is
proposed for the design of SPT plants with TES, a combination that has received limited attention
for Egyptian sites. Second, the AO is benchmarked against the GWO on the same constrained LCOE
problem to assess solution quality, repeatability and convergence speed. Third, an ANN surrogate
trained on AO-optimal designs from seven Red Sea locations is developed, with the aim of
estimating the optimal solar-field area and TES capacity from only annual DNI and mean ambient
temperature, and thereby reducing repeated simulation\u2013optimization cycles; its predictive
accuracy is assessed by leave-one-out cross-validation. The novelty of the study therefore lies in
the integration of these tools into a fast, site-adaptable design workflow for SPT plants in the
Egyptian Red Sea region.

The paper is organized into five main sections. Following the literature review presented in
the "Introduction” section, the study location, system description, and the methodology, including
the SAM parametric study, the mathematical formulation of the AO, its benchmarking against
GWO, and the development of the ANN surrogate model, are presented in the "Methodology"
section. The optimization and ANN prediction results are presented in the "Results" section.
Finally, the interpretation of the findings and the concluding remarks are given in the "Discussion”
and "Conclusion” sections, respectively.

2. Methodology

This study aims to develop an integrated framework that combines simulation, optimization, and
an Al framework for the techno-economic design of a 100 MW solar power tower plant with
molten-salt TES. First, System Advisor Model (SAM) is used to evaluate plant performance for
different combinations of SM and full-load TES duration. AO then determines the combination
that minimizes the LCOE while satisfying the land-area, annual-generation, and storage-capacity
constraints. The AO solution is benchmarked against GWO using the same computational settings.
Finally, an ANN surrogate model estimates the corresponding optimal solar-field area and TES
capacity from annual DNI and mean ambient temperature.

2.1 Study location and system description

In this study, the selected study site is Hurghada, Egypt (27.15°N, 33.72°E, 14 m above sea level)
along the western coast of the Red Sea. This location benefits from high sun irradiance. Ambient
temperature averages about 25.2°C throughout the year. The location was chosen due to its high
potential for solar irradiation and because it is the capital of the Red Sea Governorate and one of
Egypt's leading tourist attractions, with a resident population of about 214247 as of 2023 [11]
and served by Hurghada International Airport, Egypt's second-busiest airport, which handled
over 7 million passengers annually as of 2022 [12].This combination of a large resident
population and a high volume of tourist-related activity translates into significant and growing
local electricity demand; siting a large-scale renewable generation facility near such a demand
center is expected to support local grid reliability and reduce transmission losses associated with
power delivery from remote generation sites. The typical meteorological year (TMY) weather data
was obtained from the National Solar Radiation Database (NSRDB) [13] and loaded into the SAM
[14] for simulation.

The SPT system model, featuring two-tank molten salt TES system was developed using SAM
version 2025.4.16 from the National Renewable Energy Laboratory (NREL) fora 100 MW nominal
capacity of the SPT system. The three main components of the SPT system are illustrated in Figure
1 which consists of a power block, a central receiver, and a heliostat field. Molten salt (60%
NaNO3/40% KNO3) is used as a heat transfer fluid (HTF) and storage medium. It circulates
between a cold storage tank at 290°C and a hot storage tank at 574°C [5], thus offers dispatchable
solar energy generation by storing extra thermal energy during high-irradiance periods and
releasing it during nighttime or cloudy conditions [1], [15]. The power cycle employs an air-
cooled Rankine cycle with a gross turbine output of 115 MWe and a design-point cycle thermal



efficiency of 41.2%. The key technical parameters adopted in this study are summarized in Table
1 [14].
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Figure 1. System diagram for SPT

Table 1. Technical design parameters

Parameter Value
Nominal net capacity 100 MW
Design turbine gross output 115 MWe
Cycle thermal efficiency 41.2%
HTF hot temperature 574°C
HTF cold temperature 290°C
Design point DNI 950 W/m?
Receiver type External cylindrical
Condenser type Air-cooled
Heliostat width x height 12.2m x12.2m
Mirror reflectance 0.90

The financial parameters adopted are summarized as follows. The analysis used a real
discount rate of 6.4% and an inflation rate of 2.5% over a period of 25 years. The cost of the
heliostat field was assumed to be 100 $/m2 and the reference cost of the receiver was assumed
to be 80 million $. The thermal energy storage (TES) cost was taken as $22 /kWhy,. Contingency
and EPC and owner costs were assumed to account for 7% and 8% of the direct cost, respectively.
An annual insurance rate of 0.5% of the installed cost was considered. The PPA electricity price
was setat 15 ¢/kWh.

2.2 Key performance indicators
The following performance characteristics were used to evaluate and compare plant
configurations throughout this study.
The formula for calculating the total incoming thermal energy is provided in Eq.(1)[4]
Qn =1Iqg X Ap X Ny, (1)



where @y, is the total incoming thermal energy, I, is the DNI, A4, is the reflective area of one
heliostat Ny, is the total number of heliostats. To determine the Efficiency of the field, expressed
as 71y, Eq.(2) [4] can be used:

77 _ QT@C _ QT@C (2)
" Qinc la X Ap X Ny

where Q,.. represents the thermal energy transferred to the receiver, and Q;,,. is the thermal
energy transferred to the incident. Several factors, such as cosine, shading, blocking, overflow,
reflection, and dispersion, contribute to the losses considered in the efficiency calculation. The
resulting calculation can be represented by the following Eq.(3)[4], [16]:

NMh = Ncos X Nomb X Nbioc X Ndeb X Nref X Naisp (3)

where 1¢os, Nomb» Nbiocs Naeb Nres a0d Ngisp represent cosine, shading, blocking, atmospheric
attenuation, intercept/spillage, and mirror-reflectance efficiencies, respectively. All computed
internally by SAM based on the heliostat field layout and site-specific parameters. The ratio of the
energy generated by the system in partial time and the energy generated in full-time determines
the capacity factor and is given by Eq.(4) [4]

CF

__ FEop (4)
~ 365.24 - Egf

where CF is the capacity factor, Egp is the energy generated during the operating period, and
Egf is the is the potential energy generation if the plant operates continuously at full capacity.
The SM is the proportion of thermal energy output by the solar field at the design specification
level of DNI and the heat power demand of the power block at nominal operating conditions [4],
[17].
Qsr (5)
Qpp
where SM is the solar multiple, Qg is the energy generated by heliostats, and Qpj, is the energy
required by the power block.
The LCOE represents the average cost per unit of electricity generated over the plant's lifetime,
accounting for all capital, operational, and financial costs in Eq.(6) [5], [18]:

.

]
n=o L(1 +d)"
where C,, is the total cost incurred in year n, Q,, is the net electricity output in year n (measured
in kWh), N is the total number of years in the analysis period, d is the nominal discount rate.
The Net Present Value (NPV) is another economic indicator used to evaluate the economic
viability of power facilities and is presented in Eq. (7) [5]. a positive NPV indicates that the project
is financially viable, whereas a negative NPV indicates otherwise.

SM =

N
NPV = z Cash(i) - (1 + IRR)™ G
i=1
where IRR represents the internal rate of return; Cash(i) cash flow in year i and N the total
project period.

2.3 Parametric study

To obtain training data for the optimization and machine learning stages, parametric research
was undertaken in SAM by altering two critical design parameters, namely the SM and the full-
load TES hours. Nine values of SM were assessed from 1.4 to 3.0 in increments of 0.2, and six TES
durations from 4 to 14 hours in increments of 2 hours, generating a total of 54 simulation cases.



For each combination, the LCOE (nominal), annual AC energy output, solar field area, and TES
design capacity were recorded.

2.4 Optimization using the Aquila Optimizer

The AO, a nature-inspired metaheuristic algorithm introduced by Abualigah et al.[10], was
selected to identify the optimal combination of SM and TES hours that minimizes the LCOE. The
AO imitates the four hunting strategies of the Aquila eagle: expanded exploration, narrowed
exploration, expanded exploitation, and narrowed exploitation, controlled by the iteration
counter as following Eq. (8-11):

X6+ 1) = Xpese (®) X (1= 3) + (Ko (0) = Kose () x rana) ©
X,(t+1) = Xpoot(t) X Levy(D) + Xp(t) + (y — x) X rand (9)
X3t +1) = (Xpese (t) — X () X @ — rand + é(UB —LB) X rand + LB) X § (10)

X,(t+ 1) =0QF(t) X Xppoot(t) — (G; X X(t) X rand) — G, X Levy(D) + rand X G, (11)

where X4 (t) is the best solution up to iteration t, X (t) is the current candidate solution, Xy, (t)
is the mean population position, and X (t) is a randomly selected solution from the population.
The iteration index t = 1,2, ..., T, where T = 200 is the maximum number of iterations with the
population on N = 30 agents in a search space dimension D = 2. Lower and upper bound vectors
are represented by LB = [1.4,4], and UB = [3,14], respectively. The term rand is a uniformly
distributed random numberin [0,1], @ = § = 0.1 are control parameters. Levy(D) represents the
Lévy flight distribution in space, with x and y set the spiral-search trajectory, QF (t) is a quality
function, and G4, G, are adaptive parameters [10]. Figure 2 summarizes the AO procedure used in
this study. The population is initialized within the specified SM and TES bounds, after which the
penalized LCOE fitness of each candidate is evaluated. During the first two-thirds of the iterations,
AO applies its expanded- and narrowed-exploration strategies. During the remaining iterations,
the expanded- and narrowed-exploitation strategies are applied. After each position update, the
decision-variable bounds and design constraints are enforced, the fitness is recalculated, and
Xpest 1S updated. The process continues until T = 200 iterations are completed, after which the
best feasible solution is retained.
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Figure 2 Flowchart of the AO [19]



A 2D continuous response surface was created from the 54 SAM simulation results, using
spline interpolation in MATLAB, allowing the AO to evaluate the LCOE at any continuous (SM, TES)
combination within the examined range. The optimization problem is formulated as:

min LCOE(SM,TES) (12)
SM,TES
Subject to:
Arie1a(SM) < 1,483,600 m? (13)
EannuaL(SM» TES) = 4006Wh/year (14)
Cres(TES) < 3,907.77 MWht (15)

The decision-variable bounds were 1.4 < SM < 3.0and 4 < TES < 14h. The AO was set up
with a population of 30 agents and 200 iterations, executed across 5 independent trials, Keeping
the best outcome. Constraint violations were penalized using a weighted penalty method added
to the objective function.

2.5 Optimization framework and comparative analysis

To determine the optimal solar field area and TES capacity for the Hurghada site, both the AO and
GWO algorithms were applied to the interpolated LCOE response surface. To ensure a fair
comparison, both algorithms were set up with the same 200 iterations, same five independent
trials, and same population size of 30 agents [20].

Mirjalili et al. [9] introduced the GWO, which divides the population into alpha, beta, delta,
and omega wolves based on the social structure and hunting habits of grey wolves. The ideal
solution is represented by the alpha wolf, and the other wolves adjust their positions based on
the alpha, beta, and delta positions accordmg to [2 1]:

X+ X%,+X (16)
Xt+1) = %
where fl, fz, and )_()3 are the positions estimated based on the alpha, beta, and delta wolves

respectively.

2.6 ANN surrogate model

An ANN-based surrogate model was developed to estimate the optimal solar field area and TES
capacity for any location within Egypt's Red Sea region using only local climatic inputs, namely
annual DNI (kWh/m?/year) and average ambient temperature (°C). This is intended to reduce the
need for repeated SAM simulations and expands the optimization framework beyond site-specific
SAM simulations. The AO was applied to the SAM parametric data of seven locations in the region,
namely Hurghada, Sharm El-Sheikh, Marsa Alam, Dahab, Quseir, Ras Sedr, and Saint Catherine.
The ANN's training targets were the AO-derived ideal design configurations, with the input
variables being the average ambient temperature and annual DNI. The ANN architecture consists
of a 2-neuron input layer, two hidden layers (8 neurons each) with logistic activation functions,
and a 2-neuron output layer, trained using the Levenberg-Marquardt backpropagation algorithm.

The network architecture is shown in Figure 3.
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Figure 3 ANN architecture diagram



The dataset used to train the ANN consists of seven samples, one per location, each
comprising two inputs (annual DNI and mean ambient temperature) and two targets (the AO-
optimal solar-field area and TES capacity). Within each of the 20 training runs, MATLAB’s default
random division of the seven samples into training, validation and test subsets (70/15/15%, i.e.,
about five, one and one samples) was applied, and the network with the highest average R?
computed over all seven samples was retained; the R? values reported in Section 3.3 therefore
describe the fit to the AO-derived designs rather than independent prediction accuracy. The
architecture was selected by trial, balancing approximation capability against the risk of over-
fitting on this small dataset: two hidden layers of eight logistic neurons capture the nonlinear
dependence of the optimal design on DNI and temperature, while the Levenberg-Marquardt
algorithm is well suited to small networks and small datasets. Two smaller networks (2-4-2 and
2-2-2) and a linear regression were also tested in the leave-one-out evaluation described below
(Section 3.3). To examine generalization beyond the fitted samples, a leave-one-out cross-
validation was also carried out, in which the network was trained on six locations (repeating the
20 random initializations and the selection on those six sites only) and used to predict the
seventh; the results are reported in Section 3.3.

The model accuracy is evaluated using the coefficient of determination R? presented by Eq.

(17)[22]
Z?I:l(}’i - 9)° (17)

N (y; — y)?
i1 (i =)
where y; is the actual value, J; is the ANN-predicted value, y is the mean of actual values, and
Nis the number of data points. Training was repeated 20 times with random weight initialization,
and the best-performing model was selected based on the average R* across both output variables

R2=1-—

3. Results

This section presents the results of the proposed framework. Section 3.1 reports the SAM
parametric results and the resulting LCOE response surface. Section 3.2 presents the AO-based
optimal design for Hurghada, its economic performance and its comparison with the GWO.
Sections 3.3 and 3.4 then describe the performance and validation of the ANN surrogate model.

3.1 SAM simulation results

The SAM parametric study for the Hurghada site comprised 54 simulation runs covering SM
values from 1.4 to 3.0 and TES durations from 4 to 14 h. The LCOE response surface, illustrated in
Figure 4, shows a low-LCOE region at SM values between 2.4 and 2.8, with TES hours between 8
and 12 hours. As shown in Figure 4, smaller solar field installations are accompanied by higher
LCOE values, while increasing the SM beyond the low-cost region provides limited economic
benefit. This trend is a trade-off between the additional investment required for a larger heliostat
field and the resulting increase in electricity generation. Annual electricity generation also varies
with the solar-field and storage configuration, reaching 262.5 GWh at SM = 1.4 and a TES duration
of 4 h, compared with 521.7 GWh at SM = 2.6 and a TES duration of 14 h. The SAM parametric
results were employed to generate a continuous LCOE response surface through spline
interpolation, as illustrated in Figure 4. The AO-based optimisation was conducted using this
surface as the objective function to determine the optimal combination of SM and TES duration
within the continuous design space, while adhering to the prescribed design constraints.
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3.2 Optimization results

The AO was applied to the interpolated LCOE response surface to identify the best feasible
combination of SM and TES duration for the Hurghada site. The selected configuration
corresponds to SM = 2.646 and a TES duration of 9.887 h, with a nominal LCOE of approximately
11.18 ¢/kWh. Figure 5 presents the feasible design region and the location of the selected solution
relative to the prescribed constraints. Figure 6 illustrates the variation in LCOE with SM at a fixed
TES duration of approximately 9.89 h. The curve decreases towards a minimum near SM = 2.65
and then increases slightly, suggesting a trade-off between the additional investment in the
heliostat field and the associated electricity-generation benefit. To guarantee solution reliability,
the optimization was carried out over five separate trials, and the best outcome was retained. The ideal
design parameters and associated performance indicators for the Hurghada SPT plant are
compiled in Table 2.
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Table 2. Optimal design configuration and performance results for Hurghada

Parameter Value
Optimal SM 2.646
Optimal TES Hours 9.887 h
Optimal LCOE (nominal) 11.18 ¢/kWh

Annual AC Energy 516.22 GWh/year



Capacity Factor 553 %

Solar Field Area 1,481,055 m?
TES Design Capacity 2,759.6 MWht
Net Capital Cost $621.7 M
NPV +$234.3 M
Internal Rate of Return (IRR) 22.67%

Table 2 summarizes the optimal design data. At the optimal point, all three design constraints
were achieved: the TES capacity (2,759.6 MWht) stayed below the maximum limit of 3,907.77
MWht, the solar field area (1,481,055 m?*) was below the limit of 1,483,600 m?, and the annual
energy output corresponding to 516.22 GWh exceeded the minimum requirement of 400
GWh/year. The obtained LCOE of 11.18 ¢/kWh compares favourably with reported results in
literature for similar SPT designs in high-DNI African and MENA regions. Rouibah et al. [4]
estimated a minimum LCOE of 9.7 ¢/kWh for a 20 MW SPT plant at Mechria, Algeria, at SM = 1.8
and 10 hours of TES. In line with utility-scale CSP economics, the bigger plant scale (100 MW) and
higher capital cost estimates used in this analysis are reflected in the higher LCOE. Molten-salt
power towers have the most potential for cost reduction among CSP technologies, according to
the NREL Annual Technology Baseline [3],[23], which supports the suggested configuration's
economic feasibility

3.2.1 Comparison with GWO

Table 3 presents a direct comparison of the optimization results obtained by both algorithms.
Both algorithms converged to almost identical ideal solutions, with a negligible LCOE difference
of 0.0001 ¢/kWh, confirming the robustness of the optimal design point. The AO and the GWO
therefore differ mainly in repeatability and convergence behaviour, as discussed below. Since both
algorithms reach the same optimum, the AO was retained as the primary optimization tool for the
multi-location analysis used to generate the ANN training targets, with the GWO serving as an
independent benchmark.

To assess robustness, both algorithms were run for five independent trials starting from
different random populations (Table 3). The optimal LCOE was 11.18112 + 0.00020 ¢/kWh for
the AO and 11.18085 + 0.000005 ¢/kWh for the GWO (mean + standard deviation), so that all ten
runs lie within 0.0005 ¢/kWh (about 0.004%) of each other. The GWO was the more repeatable
algorithm and reached practically the same solution in every trial (SM = 2.6487 + 0.0008, TES =
9.883 + 0.006 h), whereas the AO showed a slightly larger spread in the decision variables (SM =
2.650 +0.004, TES =9.94 + 0.07 h). This spread has a negligible economic effect because the LCOE
surface is very flat around the optimum (Figure 4): the trial-to-trial differences in SM (up to 0.009)
and TES (up to 0.15 h) change the LCOE by less than 0.0005 ¢/kWh. Regarding convergence speed,
the best LCOE stayed within 0.0001 ¢/kWh of its final value after 114 + 64 iterations for the AO
and 164 * 19 iterations for the GWO. The AO therefore settled earlier on average, but with a much
larger trial-to-trial variability (55-193 versus 142-184 iterations), so that this difference is not
conclusive with five trials. Both algorithms used the same population size, number of iterations
and constraint-penalty scheme, so the differences reflect their search behaviour rather than the
experimental setup.

Table 3: Comparison of AO and GWO results -Hurghada site; the first six rows refer to the best of
five trials, and the last four rows give the mean + standard deviation over the five independent



trials (convergence iteration: first iteration after which the best LCOE stays within 0.0001 ¢/kWh
of its final value)

Parameter Aquila Optimizer (AO) Grey Wolf Optimizer (GWO)
SM 2.6459 2.6487

TES Hours (h) 9.887 9.890

LCOE (¢/kWh) 11.1809 11.1808
Annual Energy (GWh) 516.22 516.29

Solar Field Area (m?) 1,481,055 1,481,700

TES Capacity (MWht) 2,759.6 2,760.6

LCOE mean * SD (¢/kWh) 11.18112 + 0.00020 11.18085 + 0.000005
SM mean * SD 2.64983 + 0.00355 2.64868 + 0.00076
TES hours mean # SD (h) 9.94367 + 0.06701 9.88307 £ 0.00635
Convergence iteration 114 + 64 164 +19

(mean #* SD)

3.3 ANN surrogate model results

The best design configurations obtained from the AO for seven locations in the Red Sea region
were used to train the ANN surrogate model. The trained ANN reached an coefficient of
determination R? = 0.9987 for the predicted solar field area and an R? value of 0.9983 for TES
capacity prediction, as shown in Figures 7 and 8 respectively. These values indicate that the ANN
closely reproduced the AO-derived optimal CSP design parameters across the training dataset. As
shown in Figure 7, the predicted solar field area values are nearly identical to the AO-derived
actual values across all seven locations, reflecting the near-uniform optimal area driven by the
land area constraint. Figure 8 indicates that the ANN accurately predicts the TES capacity, which
shows greater variation across locations, ranging from 2,350 MWht at Ras Sedr to 2,885.4 MWht
at Saint Catherine, possibly due to variations in ambient temperature.
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Figure 8 ANN TES capacity prediction



Figure 9 shows the relationship between annual DNI and optimal solar field area across the
training locations. The near-flat trend indicates that although the Red Sea region's DNI ranges
(2,131-2,628 kWh/m?/year), the optimal solar field area is primarily constrained by the
permitted land area rather than climatic variability. In contrast, results in Figure 10 may indicate
that colder sites require greater storage capacity to compensate for increased thermal losses and
to maintain continuous power generation during cooler periods. When applied to a simulated
new location with DNI = 2,400 kWh/m?/year and average temperature = 24°C, the ANN predicted
an optimal solar field area of 1,483,012 m? and a TES capacity of 2,825.50 MWht, consistent with
the local patterns seen in the training data and illustrating the intended use of the surrogate,
although this prediction has not been verified against an independent SAM-AO optimization and
the leave-one-out results below indicate limited predictive accuracy.

A leave-one-out cross-validation gives a more demanding assessment than the R? values
above, which describe the fit to the training sites. When each site was excluded from training and
then predicted, the selected 2-8-8-2 network gave a mean error of 5.35% for the optimal TES
capacity (R? = -0.31), with errors between 0.5% and 4.9% for six sites and 18.7% for Ras Sedr,
which has the lowest DNI and the second-lowest temperature and therefore requires
extrapolation. The solar-field area was predicted within 0.13% at every site, but this mainly
reflects its near-constant value (1.481-1.484 million m?) rather than a learned dependence. The
smaller networks (2-4-2 and 2-2-2) and a linear regression gave comparable TES errors (5.1%,
5.8% and 6.9%), and simply predicting the mean TES capacity of the training sites gave 5.9%.
With seven sites, the surrogate therefore reproduces the training designs but shows only a small
improvement over a simple average for TES capacity, and more sites are needed before it can be
used for reliable screening.

3.4 ANN validation against AO results

To verify the ANN model, its predictions were compared against the AO-derived optimal values
for the main study location (Hurghada). As shown in Table 4, the ANN predicted a solar field area
0f 1,481,073 m? and a TES capacity of 2,758.44 MWht, with prediction errors of 0.00% and 0.04%,
respectively, relative to the AO optimal results. This strong agreement shows that the ANN closely
reproduces the optimization result at the site on which it was verified without the need for further
simulation. Since Hurghada is one of the seven training locations, this comparison verifies the
fitting accuracy at that site rather than independent predictive performance.
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Figure 9 Annual DNI and optimal solar field area
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Table 4 ANN Validation Against AO Optimal Results — Hurghada

Parameter AO Result ANN Predicted Error (%)
Solar Field Area (m?) 1,481,055 1,481,073 0.00%
TES Capacity (MWht) 2,759.60 2,758.44 0.04%

4. Discussion

4.1 Optimal design configuration

Based on the aforementioned results, AO was able to successfully obtain the optimal SPT
configuration of Hurghada, Egypt, with the lowest LCOE of 11.18 ¢/kWh at a SM of 2.646, 9.887
TES hours, and a high-capacity factor of 55.3%. This configuration balances the additional
investment in the solar field and storage against the benefits of extended electricity generation
beyond daylight hours. Additionally, the storage duration is comparable to the 10 h reported by
Rouibah et al. [4] for a 20 MW SPT plant in Algeria, although their optimal SM was lower at 1.8,
which can be interpreted due to difference in plant scale, site conditions, and design constraints.
Although the estimated LCOE was slightly below the reported global weighted average [24], this
study provides context rather than a direct benchmark because project costs and financing
assumptions differ. The positive NPV of +$234.3M and IRR of 22.67% further confirm the high
economic viability of the proposed design with the adopted financial parameters, including a PPA
price of 15¢/kWh, and a study period of 25 years. These results are in line with the Egyptian
national energy strategy to reach 30 GW of renewable electricity by 2030 with CSP as an
important technology to provide dispatchability for grid stability.

4.2 ANN Surrogate Model Performance

The ANN surrogate model reproduced the AO-derived designs of the training sites, achieving R?
values of 0.9987 and 0.9983 for solar field area and TES capacity prediction, respectively. The
highly accurate solar field area prediction shows the low variability of the ideal solar field area
across the Red Sea region sites, driven by the dominance of the land area restriction. An inverse
association between average ambient temperature and optimal TES duration was observed
across the investigated sites. For example, Saint Catherine, with an average temperature of 12.1°C,
required 10.33 h of storage. This trend highlights the relevance of local climatic conditions but
does not establish temperature as the sole cause of the variation, since storage sizing also depends
on solar-resource availability and plant operation. The surrogate gives a rapid approximation of
the optimized design without repeating the full SAM-based optimization process and agrees
closely with the Hurghada result in Table 4, which is, however, one of the training sites; its
application to a hypothetical site illustrates how it could be used for preliminary regional
screening.



The leave-one-out cross-validation in Section 3.3 shows the practical limits of the surrogate:
the mean error of the predicted TES capacity was 5.4%, only slightly lower than the 5.9% obtained
by simply predicting the average TES capacity of the training sites, and it reached 18.7% at Ras
Sedr, which lies at the edge of the training range. The potential advantage of the surrogate is
computational, since it replaces the 54 SAM simulations and the repeated optimizer runs required
for each new site by a single forward pass, but this advantage is only useful if the accuracy is
sufficient; the current surrogate should therefore be regarded as a proof of concept. [t was trained
on only seven locations, so its accuracy outside the sampled DNI range (2,131-2,628
kWh/m?/year) and the sampled temperature range is unknown, and the prediction for the
hypothetical site (DNI = 2,400 kWh/m? /year, 24°C) was not verified against an independent SAM-
AO optimization. In addition, because the optimal solar-field area is dominated by the land-area
constraint, its prediction mainly reflects that constraint rather than climatic sensitivity. Future
work will extend the training set with additional sites, repeat the AO runs several times per site
to reduce the noise of the training targets, and test the surrogate on locations outside the training
set.

5. Conclusion

This study presented an optimization, Al-based design framework for a 100 MW SPT plant with
molten salt TES in Hurghada, Egypt integrating SAM simulations, the AO, and an ANN surrogate
to identify configurations that minimize LCOE. First, the AO algorithm identified an optimal SPT
design configuration for Hurghada, with SM = 2.646 and TES = 9.887 hours, leading to a minimum
nominal LCOE of 11.18 ¢/kWh, an annual energy output of 516.22 GWh/year and a capacity factor
of 55.3% with all design constraints met. Additionally, positive NPV of +$234.3 M and IRR of
22.67% were reported, confirming the economic viability of the optimized plant configuration
under the chosen financial parameters, and aligning with Egypt’s national renewable energy
targets. Next, the LCOE response surface revealed a balance between capital cost and energy yield,
beyond which additional heliostat area offered no further cost reduction. Across the seven
investigated locations, optimal solar field areas varied narrowly, reflecting the influence of the
imposed area constraint. TES capacity showed greater variation, with colder sites generally
associated with larger storage requirements. AO and GWO achieved nearly identical minimum
LCOE values over five independent trials; the GWO was slightly more repeatable, whereas the AO
settled in fewer iterations on average. Finally, the resulting AO-derived configurations were used
to train an ANN surrogate, which reproduced them with R? values above 0.998 for both solar field
area and TES capacity at the seven locations; however, leave-one-out cross-validation gave a mean
TES error of 5.4% (up to 18.7%), so the surrogate should be regarded as a proof of concept for
rapid preliminary design screening that needs more training sites.
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