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ARTICLE INFO ABSTRACT

Keywords: Meeting the energy demands of high-consumption facilities, such as wastewater treatment plants (WWTPs), is
Machine Learning essential for sustainable urban growth. This study evaluates renewable energy supply strategies through three
Metaheuristic

deterministic models (HOMER software) and a stochastic hybrid machine learning-metaheuristic framework.
The deterministic models produced Levelized Costs of Energy (LCOE) of 0.14 $/kW and 0.284 $/kW, while the
stochastic model yielded a significantly higher 8.41 $/kW, underscoring the impact of uncertainty on economic
feasibility. The hybrid model revealed that battery integration is negligible unless renewable electricity purchase
prices rise to 0.45 $/kW, compared to the grid price of 0.036 $/kW (with a hypothetical sellback price of 0.035
$/kW). These findings demonstrate that while deterministic models provide optimistic baselines, the stochastic
approach offers a more risk-aware perspective, highlighting the importance of uncertainty modeling in WWTP
energy planning. The study contributes a novel methodological framework that integrates machine learning with
metaheuristic optimization, offering transferable insights for optimizing renewable integration in high-demand
facilities worldwide.

Wastewater treatment
Renewable energy

1. Introduction

The escalating scarcity of freshwater resources, driven by climate
change, rapid economic development, population growth, and unsus-
tainable water consumption, poses a severe challenge to global water
security. Projections indicate a 1 % annual increase in water demand
across all sectors (Viet et al., 2019), intensifying pressure on already
stressed water supplies. In alignment with the United Nations SDGs
particularly SDG 6 (Clean Water and Sanitation) and SDG 12 (Respon-
sible Consumption and Production) enhancing wastewater treatment
and reuse is critical for achieving water sustainability (Dange et al.,
2025). With an estimated 300 billion cubic meters of wastewater
generated annually (Zhang et al., 2024), harnessing this vast resource
through advanced treatment technologies is imperative. These tech-
nologies must not only be reliable, energy-efficient, and adaptable to

varying influent conditions but also capable of producing high-quality
effluent with minimal environmental impact while integrating seam-
lessly with existing infrastructure (Elnakar and Buchanan, 2019).

In a study, Ahmadi and colleagues stated that guaranteeing stable
electricity and heating in remote rural areas poses a significant chal-
lenge. Renewable hybrid systems are often recommended for this pur-
pose. However, maintaining sustainability requires a connection to the
electricity grid, which necessitates purchasing power from power plants
that are significant sources of pollution, or deploying extensive equip-
ment to ensure system sustainability (Ahmadi et al., 2025). The
mentioned study examines four climatic regions in Iran and evaluates
the choice between two storage systems battery-hydrogen and
battery-flywheel through a two-stage simulation and optimization pro-
cess (Ahmadi et al., 2025). The findings indicate that the
battery-hydrogen system is significantly more cost-effective, saving up

Abbreviation: SDGS, Sustainable Development Goals; NPC, Net Present Cost; COE, Cost of Electricity; LCOE, Levelized Cost of Electricity; WWTPs, Wastewater
Treatment Plants; PV, Photovoltaic; MBRs, Membrane Bioreactors; NZE, Net Zero Energy; SBR, Sequencing Batch Reactor; Al, Artificial intelligence; ML, Machine
Learning; SVR, Support Vector Regression; WT, Wind Turbine; SCOE, System’s Cost of Energy; RF, Renewable Fration; CV, Cross-Validation; CRF, Capital Recovery
Factor; DC, Direct Current; AC, Alternating Current.
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Table 1
Summary of the regional works about the economic optimization of the hybrid systems (Rad et al., 2020a).
Analyzed hybrid system Locations (Peak of the Approaches Size of the optimum Results Ref
load) system
PV/WT/DG/Battery Damghan HOMER software PV: 1430 kWh/yr COE: 0.338 (Razmjoo and Davarpanah,
(1 kw) WT: 8353 kWh/yr $/kWh 2019)
DG: 3009 kWh/yr RF: 76.5 %
PV/WT/ DG/Electrolyzer/HT/ Bandar Abbas, Shiraz, HOMER software For Tehran: For Tehran: (Akhtari and Baneshi, 2019)
Battery/ Tabriz, PV: 997 kW COE: 0.340
Boiler Tehran, Yazd WT: 7 units with 95 kW $/kWh
(370.34 kw) DG: 1000 kW RF: 24.7 %
Electrolyzer: 120 kW
HT: 130 kg
Battery: 9 units with 130
kWh
PV/FC/Electrolyzer/HT/DG Kerman Multi-objective crow search PV: 443 units with 0.26 kW NPC: 1.201 M$ (Jamshidi and Askarzadeh,
(55 kW) algorithm DG: 30 units with 1.8 kW 2019)
FC: 7 units with 2 kW
Electrolyzer: 26 units with
2 kW
HT: 4 units with 6 kg
PV/WT/FC/Electrolyzer/HT/ Kerman HCHSA algorithm PV: 7 units with 0.120 kW Life cycle cost: (Zhang et al., 2018)
Battery (3.3kW) WT: 6 units with 1 kW 4000 $
Battery: 7 units with
1.35 kWh
PV/WT/Biodiesel generator/ Fedeshk, South Khorasan Hybrid algorithm PV: 77 m2 (about 48 units Life cycle cost: (Guanggqian et al., 2018)
Battery (7.5 kW) with 20,534 $
0.26 kW)
Battery: 29 units with 2.1
kWh
Biodiesel Generator:
9.875 kW
PV/WT/Battery Tehran GA-PSO/MOPSO/HOMER PV: 82 kW NPC: 787,193 $ (Ghorbani et al., 2018)
(28.1 kW) software WT: 25 kW COE: 0.508
Battery: 190 kWh $/kWh
PV/WT/Battery Tehran HOMER software PV: 4 kW NPC: 20,527 $ (Mohammadi et al., 2018)
(3.4 kwW) WT: 2 kW COE: 0.258
Battery: 6 units with 7386 $/kWh
kWh
PV/DG/FC/Electrolyzer/HT/ Tehran HOMER software DG: 5 kW NPC: 79,895 € (Mehrpooya et al., 2018)
Battery (8.5 kW) PV: 8 kw COE: 0.316
Battery: 6 units with 7.21 €/kWh
kWh RF: 42 %
PV/Battery Birjand Artificial bee swarm PV: 418.2 m2 (about 261 Life cycle cost: (Maleki et al., 2017)
(19 kw) optimization units 451,730 $
with 0.26 kW)
Battery: 5299 units with
2.1
kWh
PV/WT/DG/Electrolyzer/HT/ Tehran HOMER software WT: 4 units with 2.5 kW NPC: 63,190 $ (Fazelpour et al., 2016)
Battery (1.5kw) DG: 1 kW COE: 0.783
Electrolyzer: 1 kW $/kWh
Battery: 15 units with 9645
kWh
PV/Biogas generator Bardsir HS-GA-PSO algorithms PV: 521 m2 (about 319 NPC: 1.672 M$ (Heydari and Askarzadeh,
(230 kw) units COE: 0.185 2016)
with 0.235 kW) $/kWh
Biogas Generator:
184.28 kW
PV/Biogas generator/DG/Grid Golshan HOMER software PV: 63 kW NPC: 398,151 $ (Kasaeian et al., 2019)
(57.87 kW) DG: 25 kW with two COE: 0.193
generator $/kWh
units RF: 50.65 %
Biogas Generator: 10 kW
Net Grid Supply: 39,120
kWh
PV/FC/Electrolyzer/HT/ Taleghan HOMER software PV: 10 kW NPC: 237,509 $ (Shiroudi et al., 2013)
Battery (5.2 kW) Electrolyzer: 3.5 kW 1C: 193,563 $
FC: 0.4 kW
HT: 2.4 kg
Battery: 60 units with 100
Ah
PV/DG/Battery Kerman A optimization algorithm PV: 154 units with COE: 0.438 (Baniasad Askari and Ameri,
(18 kW) based 0.080 kW $/kWh 2011)
on LPSP DG: 14 kW with three RF: 50 %
generator
units

(continued on next page)
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Analyzed hybrid system Locations (Peak of the Approaches Size of the optimum Results Ref
load) system
PV/DG/WT/Battery Rayen HOMER software PV: 28.7 kW NPC: 268,592 $ (Jahangir et al., 2019)
(79.56 kW) WT: 14 units with 1.5 kW COE: 0.197
DG: 30 kW $/kWh
Battery: 18 units with 7.55  RF: 67.3 %
kWh
PV/WT/WEC/Battery Anzali, Genaveh, Jask HOMER software For Anzali: NPC: 48.8 M$ (Jahangir et al., 2020)
(8258.16 kW) PV: 7221 kW COE: 0.242
WT: 14 units with 660 kW $/kWh
Battery: 454 units with 167  RF: 100 %
Ah
PV/Battery/Grid Tehran, Tabriz, Shiraz, Teaching-learning-based For Shiraz: NPC: 24,065 $ (Ashtiani et al., 2020)
Isfahan, optimization algorithm PV: 2.39 kW COE: 0.175
Mashhad Battery: 4 kWh $/kWh
(1.5 kw) RF: 43.2 %

to $211,327 in NPC and $0.738 in COE. Furthermore, the
battery-hydrogen system demonstrates a greater reliance on renewable
energy sources, increasing by up to 23.6% compared to the
battery-flywheel system (Ahmadi et al., 2025).

Present WWTPs are typically energy-intensive, which require high
investments and operation costs (Hao et al., 2015). Among the current
methods, combining PV technology with wastewater treatment shows
great promise to achieve these goals (Alvarez-Guerra et al., 2011). The
maturity and reliability of the technology also need to be carefully
considered. A comprehensive evaluation of the feasibility of construct-
ing PV-supported WWTPs is crucial and requires in-depth research and a
systematic approach. Achieving the optimal operation of wastewater
treatment plants requires solving the large-scale nonlinear optimization
problem caused by complex biochemical reactions (Du and Peng, 2023).

The peak electricity consumption occurs during biological treatment
processes, especially within activated sludge systems. In these systems,
the energy used for aerating bioreactors accounts for approximately
50-70 % of the total energy expenditure (Maston et al., 2020).

Another study stated that in China, significant differences in climatic
conditions, levels of economic development, treatment processes used,
and population density inevitably lead to regional patterns in energy
recovery and consumption of WWTPs. In the aforementioned study, the
geographical distribution of energy self-sufficiency of urban wastewater
treatment plants in China was investigated based on the NZE model. The
results showed that only 19 % of the surveyed WWTPs could generate
enough energy to compensate for their energy consumption under their
existing operating conditions. The maximum self-sufficiency rate among
all the surveyed WWTPs in eastern China was 186.43%. Their

wastewater treatment operation strategies are not conducive to energy
recovery. Thirty percent of the surveyed WWTPs could achieve 100 %
energy self-sufficiency by adjusting their metabolic substrate allocation
(Xiong et al., 2021). Furthermore, wastewater remains largely underu-
tilized as a source of thermal energy (Nowak et al., 2015). Research
conducted by Puchwala and Kotas demonstrated that raw wastewater
has the potential to recover heat, meeting 98 % of the thermal energy
requirements for a SBR. This finding underscores the viability of utiliz-
ing wastewater as a significant source of thermal energy in treatment
processes (Pochwata and Kotas, 2018).

Bogdanov et al. have conducted a research by using LUT university
energy system transition modeling tool resulted that the power and heat
in Kazakhstan can move to be completely based on renewable sources by
2050 with a levelized cost of electricity of 45 € /MWh Bogdanov et al.
(2019).

Al has emerged as a transformative force in environmental engi-
neering, offering innovative solutions to complex environmental chal-
lenges (Talaie et al., 2024). From air pollution monitoring and water
resource management to waste management, climate change mitigation,
and ecological preservation, Al is revolutionizing the way we address
environmental issues (Talaie et al., 2024). Machine learning, neural
networks, and other Al technologies are enabling more accurate pre-
dictions, optimizing resource use, and improving conservation efforts
(Talaie et al., 2024).

To strengthen the background and situate our contribution within
existing research, Table 1, providing a comparative perspective that
highlights both methodological approaches and reported outcomes.

This research addresses a critical gap in evaluating the techno-

Fig. 1. Study area of Lusail Qatar treatment plant.
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Fig. 2. Flow diagram of the energy requirement of the treatment plant.

economic implications of integrating renewable energy sources into
wastewater treatment systems. While most existing studies rely on
deterministic, software-based evaluations that assume fixed conditions,
such approaches often overlook the uncertainty and variability inherent
in real-world operations. Our study systematically compares determin-
istic modeling (via HOMER software) with stochastic, data-driven
methods that couple machine learning algorithms (SVR, Random For-
est, Gradient Boosting) with the Jaya metaheuristic optimization algo-
rithm. Using real-world data from Lusail, Qatar, we analyze four
scenarios to demonstrate how combining deterministic and stochastic
perspectives can provide a more comprehensive understanding of cost-
effectiveness and sustainability in high-demand facilities.

2. Methodology

In this section, the methods are completely explained:

2.1. Study area

The following information is gathered from official reports. Fig. 1
shows that the WWTP in Lusail is designed for the reuse of wastewater in
the development of residential and commercial buildings in the Lusail
area.

The wastewater treatment plant includes the installation of a 12-kilo-
meter collection system to transport sewage from the new city to the
treatment station. The recycled water from this facility enables the
irrigation of vegetation and the maintenance of green spaces throughout
the Pearl artificial island, thereby mitigating desertification effects.

Fig. 2 outlines the process flow for a wastewater treatment plant in
Lusail, Qatar. The system handles an average inflow of 60,000 m? /day
(2500 m®/hour) with a peak flow rate of 7020 m® /hour which corre-
sponds to a population equivalent of 200,000 people. It utilizes aerobic
digestion for sludge stabilization and filter presses for dewatering. The
needed energy for the desalination plant is about 30,000 kWh/day with
a load peak of 2291.5 kW.

The electricity price used in this study (0.036 $/kWh) is based in-
ternational energy price databases (e.g., GlobalPetrolPrices). This value
reflects the average grid electricity cost applicable to high-consumption
facilities such as wastewater treatment plants. In contrast, the sellback
rate applied in the analysis is a hypothetical assumption introduced for
scenario exploration, as Qatar currently does not have a formal feed-in
tariff or sellback policy for renewable electricity. This assumption was
necessary to evaluate the potential impact of future pricing structures on
the economic viability of distributed renewable energy systems.

AC DC

-

M@%

PV

‘Wind Turbine Converter
(a) without battery
AC DC
PV
‘Wind Turbine Converter
Battery
(b) with battery

Fig. 3. the hybrid renewable suppliers: (a) without battery (b) with battery.

2.2. The studied software

HOMER Pro is a sophisticated software tool designed for optimizing
microgrids and hybrid power systems, particularly those incorporating
renewable energy sources such as solar and wind (Qiblawey et al.,
2022). This software facilitates the technical and economic analysis of
various energy configurations, enabling users to determine the most
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System Devices Power (kW) Life Time (years) Efficiency (%) Capital ($) Replacement ($) Maintenance ($/year)
Photovoltaic 0.45 25 24 990 990 10
Wind Turbine 1500 20 40 3000000 3000000 30000
Battery 1 10 95 178 150 12.5
Converter 1 15 95 300 300 10
cost-effective solutions for energy generation and consumption (He I
et al., 2018). The designed systems are shown in Fig. 3 and Table 2. Ciw = < AC> Oy (5)
con

2.3. Simulation mathematical expression

A rise in solar cell temperature (T,) adversely impacts PV efficiency.
Therefore, when estimating hourly PV power output (Eq. (1)) it is
essential to account for both the PV cell temperature (Eq. (2)) and the
corresponding changes in module efficiency (Eq. (3)). In these formu-
lations, Ppydenotes the power output of the module, while Ypyrefers to
its nominal capacity (kW). Grand Grsrcrepresent the actual and stan-
dard test condition solar irradiance on the module surface (kW/m?),
respectively. The module derating factor is indicated by fpy (%), and
usignifies the temperature-to-power sensitivity (%/°C). STC stands for
standard test conditions. Additionally, #is the efficiency (%), Toand Vare
the ambient temperature (°C) and wind speed (m/s) under real condi-
tions. NOCT refers to the nominal operating cell temperature, y is the
correction factor for potential cooling effects, @ indicates the solar
absorptance of the PV module (%), and zis the transmittance of the PV
cover (%). Dac represents the peak hourly AC bus demand (kW), and o
is the inverter safety margin (%) (Rad et al., 2024).

Ppy = Ypyfov <%) [1+u(Tc —Tesre) | m

u U a-—+ bVNOCT NOCT - 20
= 14+—(Ty — Tsrc) +
Npy = Npy,stc ( oy (Ta = Tsrc) Npvstc  a+bv 800 )

(1 - ’YPV.STC) Gr ) v

Tenocr and Tynocr refer to the cell and ambient temperatures,
respectively, under nominal operating cell conditions (20 °C). Moreover,
Nmpscindicates the photovoltaic module’s efficiency at its maximum
power point (%), arepresents the solar absorptance of the module (%),
and rdenotes the transmittance of any protective cover placed over the
PV array (%) (Rad et al., 2020b):

)( Gr )( 1—nmp src(1-#Tcstc

Grsrc ar @
1+ (Texocr — Tanocr) (GerTrc) (%#)

T nocr represents the nominal operating temperature of the panel,
typically 45 °C, while T, yocr denotes the standard ambient temperature,
set at 25 °C. The parameter 7,,, 51 refers to the panel’s efficiency at its
maximum power output under standard test conditions. Additionally,
is the absorption coefficient of the solar cell surface, and 7 indicates the
transmittance of the panel’s surface coating. The optimal orientation of
the photovoltaic panel is determined based on the surface azimuth angle
(y), zenith angle (6,), solar azimuth angle (y,), and the module tilt angle
(), as outlined in Eq. 4 (Sadeghitabar et al., 2025).

Tq + (Tenocr — Tanocr

TC:(

COSo = Sind,SinpCos(y, — y) + CosO,Cosf 4

Inverters serve the function of transforming DC generated by solar
panels into AC, ensuring a stable power supply to end-users, storage
systems, and other electrical devices. They also perform the reverse
conversion from AC to DC when needed. The inverter capacity is
determined using Eq.5: (Sadeghitabar et al., 2025)

In this formulation, Ly represents the peak current load passing
through the inverter (kW), »;,, indicates the inverter’s efficiency, typi-
cally rated at 95 %, and o stands for the reliability factor (%) used to
safeguard against overloading. The inverter’s output power is deter-
mined based on the manufacturer-specified efficiency and the real-time
input power (Py,,.in), as expressed in Eq. 6 (Sadeghitabar et al., 2025).

Pinv.out = NipyPinv.in (6)

Battery charging and discharging behavior can be assessed at each
time step using Eqgs. 7 and 8. In these equations, SOC indicates the
battery’s state of charge (%), orefers to the internal discharge rate of the
battery system, Dj,,q denotes the energy demand (kWh), Pgeis the
renewable power generated, and Py, represents the available energy
within the battery bank. Additionally, #,, defines the nominal efficiency
of the storage system, while C and D correspond to the charging and
discharging modes, respectively (Sadeghitabar et al., 2025).

_ DLoad (t)

SOCc(t) = Ppg(t—1) % (1 —0) + {(PRen(t)) "

:| * NGbar (7)

Ren(t) - M:|

prnto 2
SOCh(t) = Poar(t—1) % (1 —0) + " ®)

Tpbat

2.4. Converter

In hybrid energy systems, the converter plays a crucial role in
coordinating the AC and DC outputs of various components. The in-
verter’s capacity can be defined as shown below (Singh et al., 2016)
where 7, represents the inverter efficiency (%), and fg,corresponds to
the maximum load demand (kW), which directly affects the sizing of the
converter.

Py (t) = PM ©)
Miny

The power output of a WT is determined using hourly wind speed
data in conjunction with the turbine’s power curve. Egs. (10) through
(12) define the actual power output (Pyr) in kilowatts, based on the
specifications provided by the turbine manufacturer (Toopshekan et al.,
2022), Eq. (13) presents the theoretical power output of the wind tur-
bine. In this expression, Vdenotes the actual wind speed (m/s), Yyris the
turbine’s rated capacity (kW), Arefers to the swept area of the blades
(m?), prepresents the air density at the designated hub height (kg/m?),
and C is the power coefficient of the turbine. Subsequently, Eq. (14) is
used to estimate the total potential renewable energy generation.

Pwr=0 V<V in
Pyr=aV?=b.Ywr Vewr-in <V < Vigea
Pyr =Pyr Vigea <V < cht—off

Pyr = 0 V> cht—off

(10)

Pyr =

Y,
a= 5" (an
Vrated - cht—in
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Fig. 4. flowchart of machine learning models.

Ve
b= 12
rated cut—in
1 3
Put oy = 5-CAV (13)
PRenewable = PPVﬂinv +PWT (14)

In HOMER, data are refreshed at each time interval set to one hour in
this case. For wind turbines, the wind speed is computed hourly at the
hub height, based on the characteristics of the specified wind resource,
as outlined below (Javidmehr et al., 2021).

Zhub
Ln—zo

Zsnem
Ln e

Unis = Uanem (15)

In this equation, Ug,, (m/s) refers to the wind speed measured at the
anemometer height, Z,;, (m) is the elevation of the wind turbine hub, Z,
(m) represents the surface roughness length, and Z,,,, (m) is the height
of the anemometer. It is important to note that the WT does not generate
power when wind speeds fall below the cut-in threshold or exceed the
cut-out limit. Based on the wind speed at hub height and the turbine’s
power curve, the WT output is initially calculated under standard con-
ditions. To reflect actual operating conditions, a density correction
factor is applied to determine the real power output (Baneshi et al.,
2016).

Py = G) Pyre stp (16)
o

Under standard temperature and pressure conditions, the wind tur-
bine’s generated power and air density are denoted as Py srp (kW) and
po (kg/m?), respectively. The actual air density is represented by p(kg/
m?), and the ratio p/p,can be calculated using the ideal gas law.

P

P=RrT a7
p_PT,

L 1
Po Po T 9

Assuming a linear decrease in temperature with altitude up to
11,000 m, as described by the US Standard Atmosphere model, the air
density can be expressed accordingly (Akhtari and Baneshi, 2019).

T=Ty,—B; (19)
P_q_ B T
Po a To) (To - Bz) (20

Within these equations, T(K) denotes the actual temperature, while
To(K) refers to the temperature under standard conditions. R(J/kg-K) is
the specific gas constant, P(Pa) represents the atmospheric pressure, and
Py(Pa) is the reference pressure at standard conditions. The lapse rate is
indicated by B(K/m), z(m) corresponds to the altitude, and g(m/s?) is the
acceleration due to gravity.

LCOE and NPC are the two primary indicators used in economic
evaluations, as they represent the core financial goals in energy system
development. Their computation is outlined in Eq. (21) (Oueslati, 2023;
Oueslati and Fezai, 2024; Oueslati and Toumi, 2024). The LCOE calcu-
lated by dividing the annualized cost of producing electricity Cann,tot

($/yr) by the total power servedEserved (kWh/yr) (Saberi et al., 2024).

LCOE — Cunn.toml 21
Load Served

The LCOE is determined by dividing the total annualized electricity
production cost, Cunr ($/year), by the total energy delivered, Egeyeq
(kWh/year).

While these parameters provide an overview of the system’s eco-
nomic performance, the cost-effectiveness of each individual component
can be evaluated by calculating its LCOE, using the component-specific
cost Ceomponen: and its corresponding energy output Ecomponent, as defined
in Equation 30 (Mousavi et al., 2021).

LCOE — CCOV[POH@H[ (22)
component
The SCOE is calculated using Eq. 23, where Capp total is the total
annual cost of the system, and Eyeesy is the annual useful energy
consumed by users (kWh).

SCOE = Carm.,total (23)
Euseful
The RF is defined as the share of effective renewable energy specif-
ically, the total renewable power utilized either to meet the load directly
or stored in batteries for future use relative to the overall energy pro-
duced, as formulated in Eq. 24 (Sadeghitabar et al., 2025).

RE — DRenewableusefut G
Etotal

2.5. Machine learning models

As shown in Fig. 4 The dataset underwent normalization to improve
processing efficiency and aid the models in recognizing patterns effec-
tively. Following this, the data was split into two categories, training and
testing, with an 80:20 ratio to be able to evaluate the trained model by
the 20 % of the data. To optimize hyperparameters, Grid Search CV was
employed to assess

the performance of various parameters on the model, ultimately
identifying the most effective option among those evaluated. The ac-
curacy of the model's performance was measured using the R-Squared
metric, which involved analyzing the discrepancies in accuracy between
the training and testing results for each model.

The datasets were gathered from the Kaggle website and analyzed to
be aware of the influence of each feature on power production, and to
have a better accuracy the less important features were removed based
on the correlation matrixes shown in Fig. 5. Although the dataset was
obtained from Kaggle and the exact site location is not disclosed due to
confidentiality agreements, it represents real operational data. To
ensure transferability to the Lusail case study, after training and testing
the model on this dataset, the meteorological inputs were replaced with
real Lusail data. Since the machine learning algorithms primarily learn
the relationships between features, updating the input data with site-
specific values allowed the model to generate results that are repre-
sentative of the Lusail context. It should be noted that the Lusail WWTP
does not currently have on-site renewable energy installations such as
PV or wind turbines; therefore, the renewable generation component in
this study is scenario-based, intended to explore the potential
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Fig. 5. The heat map of correlation matrix: (a) PV dataset (b)Wind turbine dataset.

integration of such systems in the future. The PV dataset consists of 21
variables with 4214 observations, although the exact timespan of these
measurements is not specified. The wind turbine dataset comprises 10
variables and 43,801 observations, with records beginning on January
2, 2017, though the end date is not indicated. To enhance model
interpretability and reduce dimensionality, feature selection was

applied to both datasets: the number of PV features was reduced as
summarized in Table 3, while the wind dataset was streamlined from 10
to 7 features. This preprocessing ensured that the models focused on the
most informative variables, thereby improving computational efficiency
and predictive robustness. The correlation analysis revealed that the
features closer to —1 indicate a negative correlation, meaning they have
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Table 3
Selected features based on correlation matrix.
PV Wind turbine
Selected Features Temperature Temperature
Relative Humidity Relative Humidity
Pressure Dew Point
Snowfall Wind Speed at 10 m

Wind Speed at 100 meter
Wind Gust

Wave Radiation
Wind Speed

Angle of Incidence
Zenith

Azimuth

Initialize the population size and the
variables

l

Calculate the objective function and
idntify the best solution and worst
solution

l

Calculating the update variables

Fitness Value is
Better?

Convergance
Criteria is
Met?

Keep the earlier
lution and
variables

Replace the earlier

and
variables Yes

Fig. 6. Jaya flowchart.

an inverse effect on the target function, while those closer to 1 indicate a
positive correlation. Additionally, three distinct models were employed,
Random Forest, Gradient Boosting Decision Tree, and Support Vector
Regression. To be more, Grid Search CV was utilized to determine the
most suitable hyperparameters for each model.

2.6. The Jaya algorithm

The Jaya algorithm was used for economic analysis as illustrated in
Fig. 6. The algorithm functions by iteratively improving a population of
candidate solutions based on the principle of survival of the fittest (Xu
et al., 2023). It encourages movement toward the best-known solution
while steering clear of the worst solutions, thus balancing exploration
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and exploitation in the search process (Kader and Zamli, 2020).

We seek to minimize the combined LCOE for a hybrid PV + wind
system, accounting for both served load and surplus sales. This mini-
mization is cast as the objective function of the Jaya algorithm. Jaya
explores four continuous decision variables: capital cost ($/kW) -
operation and maintenance cost ($/kW-yr) each variable is bounded by
a realistic range forming the search space for Jaya.

Fixed Inputs such as annual generation (kWh/year) - Installed ca-
pacities (kW) Demand and pricing Daily load (kWh/day) - Surplus sale
price ($/kWh) and economic parameters for instance: Discount rate -
Asset lifetimes.

Annualized Cost Components: CRF To convert upfront capital into an
equivalent annual payment, which is showed in Eq. (1):

i1 +i)"
CRF= ———— 1/
1+i)"-1 )

i is the discount rate, n is asset lifetime.

Annualized costs are calculated by Egs. (2,(3") and (4'):
Ceqp = capital cost x Capacity w x CRF )
Com = operation and maintainece x Capacity,,, 3
Ctutal = Ccap + Cum (4/)

The objective function is calculated by Eq. (5):
LCOE — Total Cost — (Surplus electricity x Sell Price) )

Generated Electricity

Moreover, the Table 4 is provided to ilusstrate the strength, limita-
tion and use case of the selected algorithms.

3. Results
3.1. Simulation results
The Four scenarios of simulation is discussed:

3.1.1. Scenario 1 (Renewable source without batteries)

Fig. 7 demonstrates a seasonal variation in electricity production,
with peak generation occurring at the end of spring and during the
summer months, primarily due to increased PV output under higher
solar irradiance. The G1500 (WT) system consistently contributes a
significant portion of the monthly electricity supply, confirming its
reliability as a baseline energy source throughout the year. The grid’s
supplementary role, particularly evident during months of reduced PV
generation, indicates an effective balance between renewable and non-
renewable energy sources.

From an operational perspective, these seasonal patterns can guide
WWTP managers in scheduling energy-intensive processes, such as
aeration or sludge treatment, during periods of higher renewable output
to minimize grid dependence and operational costs. Additionally,
recognizing the seasonal decline in PV production highlights the need
for strategic battery management and predictive maintenance planning

Table 4
advantages, disadvantages, and use cases of selected algorithms.
Algorithm Strengths Limitations Use Cases References
SVR Handling Nonlinearity - Parameter Selection - Industrial Applications - Financial ~ (Xu, 2024; Ji and Bende, 2007; Farahmand et al., 2014;
Versatility Computational Cost Forecasting Das et al., 2025)

Random Fores Robustness - Versatility

Gradient Flexibility
Boosting
Jaya Parameter-Free - Global

Optimization

Computational Cost - Model
Interpretability
Overfitting - Training Time

Local Optima - Premature
Stagnation

Feature Selection - Environmental
Studies

Feature Importance
-Environmental Studies
Engineering Design - Power
Systems

(Pious et al., 2024; Rodriguez-Galiano et al., 2014;
Wang, 2023)

(Liu et al., 2024; Kulhare, 2024; Reddy and Kumar,
2023; Tomas et al., 2022)

(Barakat et al., 2018; Peng et al., 2025; Grzywinski
et al., 2023)
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Fig. 7. Monthly Electricity Production Breakdown by Source: PV, Grid, and G1500 (WT) Systems.
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Fig. 9. Monthly Electric Production.

to ensure uninterrupted operation during low-solar months. Overall, the
results emphasize that hybrid energy systems not only support sustain-
ability goals but also provide actionable insights for optimizing WWTP
energy management and cost-efficiency across different seasons.

Fig. 8, part a depicts the energy purchased from the grid over time,
providing a clear indication of reliance on external power sources. The
data shows fluctuations in energy procurement, which can be attributed
to varying demands placed on the WWTP throughout different periods.
Part b indicates specific times when energy demand exceeds local gen-
eration capacity, necessitating increased purchases from the grid. This is
particularly relevant during periods of low renewable output, such as
cloudy days or nighttime. Frequent reliance on grid energy can lead to
higher operational costs, emphasizing the importance of integrating
renewable sources to mitigate expenses and enhance sustainability. The
ability to purchase energy from the grid allows for operational flexi-
bility, ensuring that treatment processes remain uninterrupted even
during periods of low renewable generation. The results suggest that
implementing predictive control strategies and energy storage man-
agement could enhance grid interaction efficiency and stabilize opera-
tion under variable renewable conditions. The overall COE for this

configuration was 0.137 $/kWh.

3.1.2. Scenarios 2(a) and 2(b) (Renewable sources with batteries)

This Fig. 9 illustrates the monthly electricity production, categorized
by sources: PV (solar photovoltaic), Grid, and G1500 (Wind turbine).
The production levels vary throughout the year, with higher total energy
production observed in spring and early summer months, particularly in
June. Solar PV contributes consistently, especially during sunnier
months, while reliance on grid energy is prominent across all months.
This data can provide insights for optimizing energy management by
balancing renewable sources and grid dependency to achieve cost and
sustainability goals.

In this section, although the system includes a battery, it was not
utilized for charging due to the low cost of purchasing electricity from
the grid, priced at 0.036 $/kWh. Instead, it was more cost-effective to
forego battery charging entirely and sell the surplus generated power
back to the grid at a rate of 0.035 $/kWh.

According to the sensitivity analysis, utilizing a battery is not cost-
effective unless the grid electricity purchase price reaches 0.45
$/kWh, known as Scenario 2(b) in this paper.
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Table 5
Results of the simulations.

NPC (million dollars) LCOE ($/kWh) Renewable Fraction

Scenario 1 40.9 0.14 77.8 %
Scenario 2 (a) 41 0.14 77.9 %
Scenario 2 (b) 67.3 0.284 91.2%

Table 6
Performance and Prediction Values of Machine Learning Based on Energy
Source Dataset.

ML Models Train R2- Test R2- Overfit Energy
Square Square Rate Source
SVR 0.75 0.73 0.02 Solar
Random 0.91 0.79 0.12
Forest
Gradient 0.90 0.79 0.11
Boost
SVR 0.68 0.67 0.01 Wind
Random 0.90 0.69 0.21
Forest
Gradient 0.76 0.68 0.08
Boost

In Scenario 2(b), Fig. 10 presents a detailed time series analysis of
power sources throughout the year. The x-axis spans from January to
December, while the y-axis indicates power values in kW. The figure’s
legend identifies the different power flows: energy input and output to a
1 kWh lead-acid battery (green), power sold to the grid (red), and power
purchased from the grid (blue). Although the battery is integrated into
the system, the figure illustrates that surplus power is predominantly
exported to the grid rather than stored for later use by the desalination
site. This trend suggests a potential mismatch between the generated
power and the storage capacity, indicating that the current configura-
tion may not be optimal for effective onsite energy utilization.

To provide a clearer comparison of the scenario outcomes, Table 5
summarizes the key results. As evident from the table, incorporating a
battery is not cost-effective in terms of both NPC and LCOE. The use of
battery storage significantly enhances the ability of renewable
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generators to supply power across different hours, contributing to
improved sustainability and load balancing. From an operational
perspective, this higher renewable contribution reduces dependence on
the grid during peak demand or low-generation periods, improving
energy reliability for WWTP operations. This finding suggests that,
although batteries are currently less viable economically, their long-
term value lies in supporting stable, low-carbon operations, particu-
larly if future policy measures, such as improved sellback prices or
battery incentives, are introduced.

3.2. Machine learning prediction results

According to Table 6, it can be observed that the SVR model exhibits
weaker performance with the dataset. It demonstrates robustness
against overfitting compared to other models. Despite the potential for
some overfitting in the other two models, they achieve better accuracy
given the number of samples available in the dataset.

The predicted values from both the Random Forest and Gradient
Boosting models show a strong correlation, particularly evident in the
solar dataset.

Based on the results of each model Gradient Boosting was selected to
be used to predict energy production and the result is showed in Fig. 11,
it can be understand that wind source is more reliable compared to solar.
The optimization performed using the Jaya algorithm yielded a COE that
converged to 8.41 $/kWh, while achieving a renewable energy pene-
tration of 20.39 % with a system of comparable scale to the previous
scenarios. This elevated COE can be partly attributed to the fact that the
dataset used for training the machine learning model was not of high
quality, which is reflected in the model’s accuracy metrics. To mitigate
this, we applied feature reduction techniques, and CV to improve per-
formance, though some limitations remain. Although, This outcome
contrasts sharply with the earlier simulation-based result, primarily
because the Jaya method employs a heuristic search strategy rather than
a deterministic simulation. As a consequence, the renewable penetration
in the Jaya-derived solution is 57.51 % lower than that obtained via first
scenario and also, the total electricity output predicted under the ma-
chine learning method is approximately one-eighth of that produced in
the first scenario.
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4. Conclusion

Supplying reliable energy to high-consumption facilities such as
wastewater treatment plants is essential for the sustainable growth of
modern cities. Integrating clean energy generation into these facilities
not only reduces dependence on conventional grid electricity but also
delivers measurable economic and environmental benefits. This study
advances beyond traditional HOMER-based analyses by combining
three deterministic scenarios simulated in HOMER with a stochastic
scenario developed through a mnovel hybrid Machine Lear-
ning-Metaheuristic framework. Unlike prior work, this dual approach
captures both baseline techno-economic performance and the un-
certainties arising from data quality and system variability. By bench-
marking results against grid electricity prices and exploring hypothetical
sellback conditions, the study highlights the practical applicability of the
findings and underscores their significance for future energy planning in
Qatar and similar contexts. Key contributions and results are summa-
rized as follows:

e The results revealed a substantial divergence between deterministic
and stochastic modeling outcomes. Specifically, the deterministic
models produced LCOE of 0.14$/kWh and0.284 $/kWh , values
that are broadly consistent with benchmarks reported in previous
renewable integration studies under average operating conditions. In
contrast, the stochastic hybrid model yielded a markedly higher
LCOE of 8.41 $/kWh, reflecting the explicit incorporation of uncer-
tainty in meteorological inputs, renewable intermittency, and oper-
ational variability. This discrepancy highlights the critical
importance of adopting stochastic approaches when evaluating
renewable energy integration in WWTPs, as deterministic models
may underestimate costs by smoothing over variability. The finding
underscores the novelty of this study in demonstrating, quantita-
tively, how risk-aware modeling can alter the economic feasibility
assessment and provide more conservative, yet operationally real-
istic, insights for decision-makers.
The most positively influenced parameter for predicting PV energy
production is short wave radiation on the surface, while the zenith
angle has the most negative impact. For wind turbines, wind speed at
100 m height has the strongest positive impact, while the dew point
exerts the most negative influence.
e Among the four scenarios, wind turbines demonstrate stronger po-
tential to meet energy demands, as the energy produced by wind
(from the Machine Learning model) is 5.7 times greater than that of
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PV systems. It is essential to evaluate the limitations associated with
site selection for wind turbines in the region.

The analysis further revealed that the contribution of battery storage
to the system was negligible under current cost conditions. Only
when the purchase price of renewable electricity decreases to
approximately 0.45 $/kWh does battery deployment become
economically viable. This threshold highlights the sensitivity of
storage integration to market prices and underscores the importance
of future cost reductions, policy incentives, or technological ad-
vancements in making batteries a competitive option for wastewater
treatment plants.

The hybrid Machine Learning—Metaheuristic optimization model
demonstrated that, under current market conditions in Qatar, sup-
plying energy from a hybrid renewable configuration is not
economically feasible. The analysis assumed a grid electricity pur-
chase price of 0.036 $/kWh and a hypothetical sellback price of
0.035 $/kWh, since no official feed-in tariff currently exists. This
assumption was introduced solely for modeling purposes to explore
potential economic outcomes. The results indicate that, given the
present tariff structure, hybrid renewable systems cannot compete
with grid electricity. Their viability would therefore depend on
either substantial reductions in renewable technology costs or the
introduction of supportive policy mechanisms, such as feed-in tariffs,
subsidies, or carbon pricing, to improve competitiveness.

4.1. Suggestions

The sellback rate used in this study is a hypothetical value for sce-
nario analysis, as Qatar currently lacks a formal feed-in tariff policy. This
assumption enables exploration of future pricing structures and their
impact on system viability. The finding that battery systems become
economically viable only when the sellback price reaches approximately
0.45 $/kWh highlights the critical role of governance and policy design
in promoting renewable integration. In future scenarios, the imple-
mentation of dynamic pricing schemes, renewable energy incentives, or
feed-in tariffs could help achieve such sellback rates, thereby enhancing
the economic attractiveness of battery storage in renewable-based sys-
tems. One of the key challenges encountered in this research was the
difficulty of accessing high-quality datasets specific to the WWTP
context. To address this, we applied feature reduction techniques to
minimize the influence of less relevant variables, but further improve-
ments could be achieved through enhanced data collection strategies,
such as integrating smart metering, sensor-based monitoring, and long-
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term site-specific measurements. Future research should also consider
data preprocessing methods, such as outlier detection, normalization,
and data augmentation, to improve dataset robustness and ensure more
reliable model outcomes.
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