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ARTICLE INFO ABSTRACT
Keywords: The sizing of hybrid renewable energy systems (HRES) is a major challenge faced in contemporary energy
Batteries research. The optimal configuration based on the specific consumption requirements is essential for strategic
Deep reinforcement learning energy planning. Effective sizing must balance the investment costs, reliability, environmental impacts, and
Generators coos . P . : .
Hybrid renewable energy gr.een'hou'sn% gas emissions while satisfying t.he expected energy requirements. This study Propo'ses a novel multi-
Sizing criteria sizing approach based on deep reinforcement learning (DRL). The DRL agent is guided by a reward
Solar panels function that integrates three essential performance metrics: energy cost (LCOE), renewable energy fraction
Wind turbines (REF), and the loss of power supply probability (LPSP). A penalty function is also included to consider the
reliance on external sources, such as diesel generators and the public grid, promoting greater autonomy and
renewable usage. The DRL-based approach was implemented and tested on three distinct demand profiles, using
hourly data for one year. A comparative analysis was conducted against three established methods: particle
swarm optimization (PSO), multi-objective PSO (MOPSO), and non-dominated sorted genetic algorithm (NSGA-
I). The results indicate that DRL significantly outperforms all the benchmark methods in terms of economic
efficiency. DRL achieves a significant reduction in the energy costs, ranging from 21.33 % to 30.09 % when
compared with PSO, 27.89 %-30.27 % when compared with MOPSO, and 27.63 %-28.47 % when compared
with NSGA-IIL These findings demonstrate that DRL presents a robust and adaptive framework for the sizing and
operational control of HRES. DRL presents more autonomous, cost-effective, and scalable renewable energy
solutions by minimizing the energy costs while maintaining the system reliability.
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(continued)
Acronyms
SOC State of Charge
SSA Salp Swarm Algorithm
SSO Social Spider Optimization
TRPO Trust Region Policy Optimization
WT Wind Turbine
Symbols
E, Energy bought from grid
E, Energy sells on the grid
Eg Load Energy
Egis Energy available in the BESS
h,¢ Reference height
I(t) Solar irradiance at time t
Tnom Solar irradiance at standard operating conditions
Npy Number of PV panels
Nwr Number of wind turbine
Ppg Power Generation by Generator
PratedpG Diesel generator rated power
Pgria Power from Connected Grid
P, Load demand
Ppy Power generation by PV
Pratedpy PV panel rated power
Pyt Power generation by wind turbine
Pratedwr Wind turbine rated power
Spv PV installation area
T, Ambient temperature
Tc(t) PV panel temperature at the time t
Trom Temperature at standard operating conditions
v(t) Speed at the wind turbine hub at the time t
Vis (t) Speed at the reference height
Greek symbols
[/ Efficiency of the wiring
Nen BESS charge efficiency
Tais BESS discharge efficiency
Neonvpy Inverter efficiency on PV side
N convyess Inverter efficiency on BESS side
Npy PV efficiency
1, PV effectiveness
kp Maximum power coefficient of temperature
Ta Rate of purchase energy from grid
Ty Rate of sale of energy on the grid
a Coefficient of friction
Y Rate of energy permissible via the grid
T Rate for energy permissible by the generator

1. Introduction

Hybrid renewable energy systems (HRES) are being increasingly
implemented owing to the need to reduce greenhouse gas (CO2) emis-
sions and the diversification of energy sources. However, the process of
sizing a hybrid energy system remains a complex challenge owing to the
variability of renewable sources and the specific requirements of each
consumer. Consequently, several approaches have been developed,
including the use of metaheuristic methods such as particle swarm
optimization (PSO) (Faria et al., 2023; Musa and Ibrahim, 2015), genetic
algorithm (GA) (Medghalchi and Taylan, 2023/10), and grey wolf
optimization (GWO) (Mahmoud et al., 2022/11), along with the use of
simulation tools such as HOMER/HOMER Pro (Bazzi et al.; Lilienthal,
2005). These methods present excellent performance in the various
contexts in which they have been used. However, they face several
limitations, which are given below:

e Sensitivity to the initial optimization parameters—metaheuristics
require precise, algorithm-specific parameter adjustments to avoid
being trapped in the local optima.

Partial consideration of dynamic variations—variation in the loads
and generation sources must be considered to ensure a system that is
robust against the intermittent nature of the generation sources.
High computational cost—some approaches, such as dynamic pro-
gramming and simulation tools, require a considerable amount of
time and resources to optimize large ensembles.
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Therefore, in this study, we proposed a method based on a deep
reinforcement learning (DRL) approach.

The application of DRL presents significant advantages in terms of
the adaptability to varying conditions, thereby creating a balance be-
tween exploration and exploitation, multi-criteria management, and
flexibility for different configurations. By applying Deep RL, this study
promotes four key aspects: adaptability and continuous learning, a
balance between exploration and exploitation, flexibility and general-
ization, and reward-based learning.

Since HRES face constant variations in the production and demand,
DRL enables real-time adaptation to these variations, thereby improving
the system efficiency by continuously adjusting the energy management
strategies. Exploration and exploitation must be balanced to achieve
better interplay between energy consumption and maximizing the long-
term efficiency. The proposed approach can be applied to various HRES
to integrate new technologies (thermal storage, gas generators) or
facilitate adaptation at different scales (from microgrids to large-scale
grids). Reward-based learning helps in achieving the perfect compro-
mise between multiple objectives, which is crucial since different and
often conflicting objectives (system cost, energy efficiency, emission
reduction) must be considered for the sizing of a reliable HRES. Rein-
forcement learning makes it possible to model these trade-offs using a
reward function, enabling an efficient multi-criteria optimization that
considers the variability of renewable energy sources.

Based on these observations, this study addresses four issues that
have not yet been addressed in the previous studies conducted on HRES.
(i) Adaptive sizing: component capacities (PV, WT, BESS, GEN) are
learned online using a deep reinforcement learning policy, addressing
the conventional "sizing-dispatch" dichotomy. (ii) Multi-criteria cumu-
lative reward: a unified reward signal simultaneously reduces the lev-
elized cost of energy (LCOE) and loss of power supply probability
(LPSP), while maximizing the fraction of renewable energy (REF),
without requiring the prior heuristic weighting or a posteriori Pareto
front sorting. (iii) Flexible simulator-agnostic framework: the algorithm
interacts with the environment only through state-action pairs, enabling
a high-fidelity digital twin or a data-driven metamodel to be freely
interchanged. (iv) Direct integration of generator-grid constraints:
generator ramp limits and grid purchase/sale quotas are encoded in the
Markov decision process, thereby ensuring operational feasibility in the
island, grid-coupled, or hybrid modes. These four factors constitute the
novelty of this study and pave the way for real-time, multi-criteria, and
scalable optimization of HRES.

The main contributions of this study can be summarized as follows:

e Adaptive and Autonomous Sizing of Renewable Energy Systems
Using Deep Reinforcement Learning (DRL)—Unlike conventional
metaheuristic approaches that require manual parameter tuning,
DRL learns autonomously from system interactions, making it more
adaptable to variations in the energy demand and renewable
resource availability. This extends beyond fixed-rule optimization by
enabling self-learning strategies that improve with time.

e Multi-Criteria Cumulative Reward Modeling for Hybrid
Renewable Energy Systems Optimization—One of the major
challenges in HRES sizing involves balancing conflicting objectives,
such as cost minimization, renewable energy utilization, and system
reliability. This study presents a reward-based framework that
dynamically evaluates the trade-offs between these factors, enabling
the DRL model to optimize the energy dispatch and storage decisions
in real time while ensuring a cost-effective and reliable system
configuration.

Flexible and Scalable Optimization Framework for Hybrid

Renewable Energy Systems—The proposed DRL-based methodol-

ogy is designed to be adaptable to various HRES architectures, from

off-grid microgrids to large-scale grid-connected systems.

The remainder of this article is organized as follows. Section 2
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presents an overview of recent studies on the design of hybrid renewable
energy systems, including their methodologies and types of systems.
Section 3 presents the modeling of the HRES, the problem formulation,
and the proposed systematic DRL approach. Section 4 presents the re-
sults, discusses the methods developed in this study, and compares the
results with those reported in previous studies. Lastly, Section 5 presents
the conclusion and future research implications.

2. Related works

Extensive research has been conducted on HRES. However, there is
no unanimity on the components (photovoltaic (PV) solar panels, wind
turbines (WT), batteries as an energy storage system (BESS)) that
constitute these hybrid systems (Faria et al., 2023; Kushwaha and
Bhattacharjee, 2024; Samy et al., 2018), the best algorithm or optimi-
zation tool (Musa and Ibrahim, 2015; Baidas et al., 2022), or the cost,
reliability, and feasibility evaluation factors required for system per-
formance analysis (Kushwaha and Bhattacharjee, 2024; Kushwaha et al.,
2022). The diversity of these systems can be attributed to the uniqueness
of each problem, which is characterized by a proprietary consumption
profile in various weather conditions that affect the availability of the
exploitable energy sources.

Kushwaha and Bhattacharjee (2024) reported various systems based
on PV solar panels, WT, BESS, and biogas (BG) and diesel (DG) gener-
ators as an external compensation system for the difference in produc-
tion. Following several evaluations, they obtained an optimal
PV-WT-BESS-BG-DG system based on social, economic, technological,
and environmental criteria, with an energy cost of 0.1799 $/kWh for a
village in India. Mokhtara et al. (Mokhtara et al., 2021/03) also pro-
posed an optimal design approach for PV/WT/BESS/DG hybrid systems
for the electrification of residential buildings in rural areas, considering
the energy performance of the buildings and the climatic conditions.
Medghalchi and Taylan (Medghalchi and Taylan, 2023/10) addressed
the sizing of a system comprising PV, WT, BESS, and a fuel cell elec-
trolyzer (Lu et al., 2017). They reported that a combination of PV, WT,
and BESS is the most favorable system, with an energy cost of 0.1838
Euro/kWh. Bouafia et al. (Bouafia et al., 2023) evaluated various com-
binations comprising PV and WT in 12 localities in Morocco. They re-
ported that the best system is obtained by integrating PV and WT. Lastly,
several studies, including the analyses conducted by Samy et al. (Samy
et al.,, 2021), demonstrated that green energy systems (PV/WT) can
improve the reliability of unstable power grids while highlighting the
economic implications.

Various methods have been developed in the previous studies.
Simulation tools such as HOMER/HOMER Pro (Bazzi et al.; Lilienthal,
2005) and PVGIS (Lemaire et al.) have been used to simulate the typical
examples of predefined systems (configurations). Several works have
highlighted the economic and feasibility factors of this simulation
approach as the criteria for selecting the optimal system (Baidas et al.,
2022; Bahgaat, 2023/10; Lu et al., 2017). Baidas et al. (Sandeep and
Nandihalli, 2020) simulated various configurations using HOMER,
which were then evaluated and compared. The comparison criterion was
the net present cost (NPC), with the most profitable configuration from
an economic and environmental perspective involving integrating WTs
and batteries. Similarly, several studies have adopted metaheuristic al-
gorithms, such as PSO and its derivatives, including MOPSO, instead of
simulation tools (Faria et al., 2023; Musa and Ibrahim, 2015; Med-
ghalchi and Taylan, 2023/10; Bouafia et al., 2023; Samy et al., 2021;
Mansouri Kouhestani et al., 2020; Ukoima et al.; Samy and Barakat,
2019), GA (Medghalchi and Taylan, 2023/10) and its derivatives, such
as the non-dominated sorted genetic algorithm II (NSGA-II) (Ukoima
et al.; Sandeep and Nandihalli, 2020), Salp Swarm Algorithm (SSA),
GWO and its derivatives (Mahmoud et al., 2022/11), and social spider
optimization (SSO) and opposite social spider optimization (OSSO)
(Sandeep and Nandihalli, 2020). Faria et al. (2023) analyzed MOPSO to
analyze the shared energy management between several consumers,
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also known as community management. Economic and technical
criteria, such as the energy costs and self-sufficiency ratios, were in
direct conflict in this work, and based on the analytical approach
adopted, the so-called optimal configuration varies between the mem-
bers of the community and between the approaches used to exploit the
energy produced (Lemaire et al.). In Kushwaha and Bhattacharjee
(2024), several metaheuristic algorithms are used to determine the best
approach, including the marine predator algorithm (MPA), GA, PSO,
and SSA. The MPA is significant due to its ability to evade local mini-
mums while obtaining the best energy cost, at 0.1799 $/kWh, for the
best configuration. Similarly, Mahmoud et al. (Mahmoud et al.,
2022/11) compared SSA, GWO, and improved GWO (IGWO). In they
study, they primarily focused on energy production using PV panels and
WTs, BESS, and external energy production using a diesel generator.
Consequently, they demonstrated that the IGWO method presented the
best performance when compared with the other approaches.

A wide range of factors can be considered as the selection criteria.
Typically, various factors, such as the algorithm or simulation tool used,
performance evaluation criteria, components of the HRES, weather
conditions affecting the choice of renewable sources, and energy re-
quirements to be met, significantly affect the final system to be adopted.
Although the metaheuristic methods present good performance when
the parameters are well defined, they can also underperform and get
trapped in the local optima (Lilienthal, 2005) if the environmental pa-
rameters are not defined precisely. Essentially, the solution approach
depends on the problem to be solved and requires adjusting the hyper-
parameters for each problem instance.

3. System and problem formulation

In this study, we addressed the sizing of HRES, as shown in Fig. 1
(Legrene et al., 2025). PV panels and WTs have been used as the main
sources of energy production in various research projects (Baidas et al.,
2022; Al-Quraan and Al-Mhairat, 2024,/07). These renewable sources
are supported by generators running on natural gas or diesel (GEN). In
particular, generators are included to ensure the system reliability,
particularly in the event of extreme weather conditions or grid outages.
This study minimizes their usage to reduce the carbon footprint and
maximize the use of renewable energies. Additionally, these systems are
typically combined with BESS to make them robust (Mahmoud et al.,
2022/11; Baidas et al., 2022). Consequently, we considered four
different types of HRES (based on the principle depicted in Fig. 1):

e PV solar panels coupled with BESS: PV + BESS;

e PV solar panels coupled with BESS and generators: PV + BESS +

GEN;

PV solar panels and WTs coupled with BESS: PV + WT + BESS; and

e PV solar panels and WTs coupled with BESS and generators: PV +
WT + BESS + GEN.

The following subsection present the mathematical approaches
applied to the system elements (PV solar panels, WTs, BESS, GEN, and
hybrid converter), the problem formulation, and the optimization
strategy.

3.1. System modeling

3.1.1. Solar panel model

Several factors must be considered when producing energy through
PV systems, including solar irradiance, ambient temperature, and panel
efficiency (Mahmoud et al., 2022/11; Tabak et al., 2017; Memon et al.,
2021). The energy produced depends on the number of panels in the
system, which is an optimization problem parameter. An optimization
method is implemented to determine the minimum number of PVs that
help achieve the ideal compromise between the amount of energy pro-
duced and the cost. The amount of energy produced is defined as
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Fig. 1. Hybrid renewable energy system (HRES) (Legrene et al., 2025).

follows:
Ppy =npy % Spy x I(t) (€Y)

where 7,y and Spy denote the instantaneous efficiency and the instal-
lation area of the panels (in m?), respectively, and are defined as follows
(Mahmoud et al., 2022/11; Memon et al., 2021):

k, NOCT - 20
Npy =1y X (1 —Pr(Te(t) - Tnom)ﬁT:ﬁTC(t) =To+ {(T) X I(t)}
()]

N, pv X P ratedpy X Mcab

I, nom

3

SPV =
Here, 1, denotes the effectiveness of the panel, Thom and Loy denote the
standard operating conditions (Tpom = 25 °C and Iom = 1000 W/ m?),
T, and T, denotes the ambient temperature (based on the locality) and
the temperature, respectively, of the panel (in ° C). Additionally, kp
denotes the maximum power coefficient of temperature (in %/ °C), and
NOCT denotes the nominal operating temperature of the PV cells, which
is provided by the manufacturer. I(t) denotes the solar irradiance at time
t (in W/m?), Pyated,, denotes the nominal output power of the panels, and
Near denotes the efficiency of the wiring, which are considered as the
input data of the optimization problem. Npy denotes the number of solar
panels that need to be installed to satisfy the load demand, the principal
solar parameter of the optimization problem. Lastly, Ppy (in W) denotes
the amount of energy produced by the installed solar system. In this
study, we considered monofacial solar panels, with the parameters
defined in Table 1 (Faria et al., 2023; "18 KW All in 1 V).

3.1.2. Wind turbine model

The energy production process using WTs involves converting the
kinetic energy (due to the speed) of the wind into electrical energy. The
energy production of a wind turbine installation is expressed as follows

Table 1

PV specifications.
Parameters Symbols Value Unit
Nominal Output Pratedpy 200 w
Cell efficiency n, 22.90 %
NOCT NOCT 45 °C
PV Cost - 367 $/unit
Installation cost - 1.27 $/W
Maintenance and Op. Cost - 0.015 $/W
CO, Emission - 0.0338 kgCO/kWh
Irradiance at SC - 1000 W/m2
Temperature at SC - 25 °C
Temp. Coef of Voc kp —0.29 %/°C
PV Lifetime - 25 years
Cabling efficiency Neab 95 %

(Tabak et al., 2017; Memon et al., 2021):

0si v(t) < Ve, V(t) > Voo
3 3

—3
PratedWT X ‘ﬁ—g‘,vci < V(t) <V (€©))
r ci

P.,v. < V(t) < Ve

Pywr =Nwr X iy X

where Nwr, fyr, and Praged,, denote the number of WTs, turbine effi-
ciency, and rated power output, respectively, of each turbine (in kW or
MW). These parameters are typically provided by the manufacturer. The
variables, v, V¢, and v, denote the wind cut-off speed (in m/s) at which
the turbine produces power, the cut-off speed at which the turbine is
stopped, preventing damage, and thus ceases to produce energy, and the
rated speed at which the turbine produces energy equivalent to its rated
power output, respectively. The v,; and v,, values are typically provided
by the manufacturer. v denotes the speed of the WT at the hub and is
defined as follows (Memon et al., 2021; Al-Ghussain et al., 2020/04):
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V(t) =vy(t) x (h’f )u 5)

hhub

where vy, hyr, and hy,, denote the speed at the reference height (inm/ s),
reference height at which the data are available, and height of the WT
hub, respectively, and « denotes the coefficient of friction. The BWC XL-
1 model was used for the experiments; Table 2 presents its technical
description (Faria et al., 2023; Al-Quraan and Al-Mhairat, 2024/07).

3.1.3. Battery energy storage system

The batteries in HRES conserve the surplus produced from renewable
sources (solar, wind) when all the energy that is produced is not
consumed by the loads. This energy, which is stored during over-
production, is used when the energy demand is greater than the energy
produced by the system. Defining the battery capacity size to be used in
HRES depends on several factors, including the battery life, acceptable
battery discharge threshold, and ambient temperature (Mahmoud et al.,
2022/11; Ismail et al., 2013). The state of charge (SOC), or the ratio of
stored energy to battery capacity, is an essential parameter during the
charging and discharging of batteries (Mahmoud et al., 2022/11).

3.1.3.1. BESS charging process. Battery charging in HRES occurs when
the energy production by renewable sources is greater than the demand
at a given time, t. The battery charge is defined as follows (Al-Quraan
and Al-Mhairat, 2024,/07; Memon et al., 2021):

Eop = [(PWT(t) + nconvw X PPV(t)) - PL(t)] X ey (6)

Nconvggss

SOC(t) =SOC(t —1)(1 — 6) + Een(t) )

where 7cony,, s Neonvgsss» @0 7 denote the efficiency of the solar con-
verter and battery and charging efficiency of the battery system,
respectively. P (t) and E, are the load demand and the load energy at
time t, and SOC(t) and SOC(t —1) in Eq. (7) represent the battery’s state
of charge at times t and ¢t — 1, respectively.

3.1.3.2. BESS discharge process. The battery discharge process must be
automatic when the total energy produced by renewable sources in the
system (in this case, PV and WT) cannot sufficiently meet the load de-
mand. The battery discharge must consider the allowable depth of
discharge (DoD) and the self-discharge coefficient. The discharge is
expressed as follows (Al-Quraan and Al-Mhairat, 2024/07; Memon
et al., 2021):

o — [Po(t) — (Pwr(t) + Nleonve, X Pev(t))] - ®)

Mconv_BATT

SOC(t) =SOC(t— 1)(1 — &) — Eqs(t)

where 54, denotes the discharge efficiency of the battery (accounting for
the accepted discharge threshold), and § denotes the self-discharge co-

Table 2

WT specifications (Faria et al., 2023).
Parameters Symbols Value Unit
Rated power P, 1 kw
Turbine efficiency wr 96 %
Cut-in Speed Vei 2.5 m/s
Cut-out Speed Veo 20 m/s
Rated speed Ve 11 m/s
Height at WT hub hpup 10 M
Height at reference hyf 20 M
Lifetime - 30 years
Capital cost - 1800 $/kW
Op. & Maint. Cost - 15 $/kW/year
Friction coef. « 0.35 -
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efficient. Eqis(t) denotes the energy available in the battery that can be
applied to the power loads.

3.1.3.3. BESS specifications. Table 3 presents the specifications of the
Elios EA12-200 battery model, which was used in this study ("18 KW All
inlV).

3.1.4. Diesel generators

In this context, energy was produced using diesel-powered genera-
tors. A generator is used only when the energy produced by renewable
sources added to the energy available in the storage sources cannot
sufficiently meet the load demand. However, this study, which also fo-
cuses on limiting the greenhouse gas emissions, defines a production
limit for the generator (e.g., it is not allowed to produce more than 20 %
of the total load demand).

The energy output of a diesel generator corresponds to the amount of
fuel consumed, Cpg, which is defined as follows (Mahmoud et al.,
2022/11; Ismail et al., 2013):

Cpe = apg X Ppg(t) + 6be X Pratedpg ©

where Ppg(t) and Prateq,,, denote the average and the nominal power of
the generator, respectively. The variables, apg and 6pg, denote the co-
efficients of the consumption curve and are equal to 0.246 and
0.08145 1/kWh, respectively. We considered the Generac generators in
the context of these experiments; Table 4 presents the specifications of
these generators (Mahmoud et al., 2022/11).

3.1.5. Hybrid converter

The HRES considered in this study requires the use of solar con-
verters, which can convert the electricity produced by the PV panels in
direct current (DC) into alternating current (AC), suitable for con-
sumption by devices and injectable into the electricity grid, while pro-
tecting against overvoltage incidents and short circuits. On the energy
storage side, a bidirectional converter converts the AC electricity from
the system into DC to recharge the batteries. It converts the DC energy
stored in the batteries into AC to be consumed by the loads. We used the
12 kW ELIOS hybrid converter that is suitable for both PV and BESS.
Table 5 presents its specifications ("18 KW All in 1 V).

3.2. Energy management strategies

Different scenarios can affect the economic factors, feasibility, and
reliability of HRES (Faria et al., 2023). Fig. 2 depicts the process of
managing HRES.

In this process, we considered two renewable sources of energy
production (solar and wind), an energy storage system (lithium battery),
and a diesel generator (Fig. 1).

At each given time, t, the total energy produced by the system (solar
and wind) is calculated and compared with the load demand. When
production is sufficient, two possible scenarios are observed:

1) When the energy produced is equivalent to the demand: In this case,
the load consumes all the energy produced, and no amount of energy

Table 3

BESS specifications.
Parameters Symbols Value Unit
State of Charge min SOCmin 10 %
State of Charge max SOCmax 100 %
Charge-Discharge efficiency Nens> Ndis 92 %
Auto discharge rate S 0.01 %
Power rating - 200, 12 Ah, V
Lifetime - 15 years
Capital Cost - 495 $/unit

Op. & Maint. Cost - 5 $/year/unit
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Table 4

Generator specifications.
Parameters Value Unit
Capacities 7.5, 10, 13, 14, 16, 18, 20, 22, 24 kw

(2.07, 3.31), (2.86, 3.60), (4.36, 6.37),
(5.52, 7.25), (5.15, 6.94), (4.79, 6.99),
(5.78, 8.52), (6.46, 9.26), (5.75, 8.66)

(50 %, 100
%) [m>/hr]

Fuel consumption

Operation load 95 %
Capital cost 370 $/kW
Op. & Maint. Cost 3 %
Fuel cost 1.2 $/L
Carbon emission 66 kg/kW
Carbon emissions 2.6 kg/L
from fuel
Lifetime 25 Years
Table 5
12 kW ELIOS hybrid converter specifications.
Parameters Value Unit
Maximum charging/discharging current 250/250 A
Maximum charging/discharging power 12 kw
Battery charging efficiency 95 %
Battery discharging efficiency 94.50 %
Capital cost 300 $/kW
Op. & Maint. cost 5 $/year
Lifetime 15 year

is imported from the batteries or the grid, nor used to charge the
batteries or injected into the grid.

2) When the energy produced is greater than the demand: In this case,
the difference in the production and load demand that represents the
surplus is initially used to charge the battery until the maximum
allowable SOC is reached. When the surplus production is not
exhausted after charging the storage system to the maximum
allowable, it is fed into the grid at the defined rate, y. When the
storage system is unable to take any amount of surplus, all of it is
injected into the grid at the set rate.

Two scenarios are observed when the production cannot meet the
load demand at time t.

1) The energy storage system contains sufficient energy to cover the
difference: The storage system (the battery) is discharged to satisfy
the difference in energy between the demand and production.

The storage system does not contain sufficient energy to cover the
difference: The generator is used to produce energy, considering its
production condition. Here, 7 denotes the limit of permissible energy
obtained from the generator. This approach presents two forms of
management. The first is if the limit imposed on the generator en-
ables the amount of power to cover the demand. The second is if the
energy produced by the generator does not cover the difference in
the energy demand, considering the imposed limit. In this case, after
using the energy stored in the storage system and the amount safely
generated by the generator, the remaining demand is imported from
the grid at the set rate, 9.

2

—

The rates, 9 and y, are calculated as 0.14 and 0.05 $/kWh, respec-
tively (Medghalchi and Taylan, 2023/10; Bouafia et al., 2023;
Al-Ghussain et al., 2020/04).

3.3. System analysis factors

Previous studies considered the net present cost (NPC) (Bahgaat,
2023/10; Mansouri Kouhestani et al., 2020), LCOE (Bouafia et al., 2023;
Legrene et al., 2024), and weighted average cost of energy (waCOE)
(Medghalchi and Taylan, 2023/10) as factors to evaluate the economics
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of HRES. Similarly, Baidas and Al-Quraan (Baidas et al., 2022; Al-Qur-
aan and Al-Mhairat, 2024,/07) used the REF to analyze the integration of
renewable sources in a hybrid system. Since the reliability of the system
is equally important, Mansouri Kouhestani et al. (Mansouri Kouhestani
et al., 2020) employed LPSP to evaluate the reliability of these systems.
Cheraghi and Hossein Jahangir (Cheraghi and Hossein Jahangir,
2023/10) proposed the use of the human development index (HDI) to
determine the system reliability. Since different factors can be used to
analyze HRES, the sizing process evaluated here considers the LCOE,
REF, and LPSP.

3.3.1. Levelized Cost Of Energy—LCOE

The LCOE is the measurement factor used to define the cost (in
$/kWh) of the energy produced by a system. This coefficient must be
minimized while sizing HRES. The total cost of a system is determined
based on the ratio of the HRES LCOE Crqq (in $) to the total load for a
year (in kWh), which is given as follows (Eq. (10)):

LCOE — Sroal (10

> P

The total cost of a system includes the initial investment capital,
Ccapital, costs associated with replacements, Cgemp, and the operations
and maintenance costs, Copgmaine (Coban, 2024,/09). Additionally, for
HRES connected to the electricity grid, the cost of the energy purchased
from the grid and the total cost of sales must also be considered (Coban
et al., 2024). The total cost, Croal, is expressed as follows (Memon et al.,
2021; Coban et al., 2024):

CTotal = ([:Capital + CRemp + COp&Maint + Ea X Tq — Ev X min (Tuv Tv) (11)

where E,, E, , 74, and 7, denote the quantities of energy bought and sold
and the rates of purchases and sales on the grid, respectively.

e Capital cost

The total cost of capital involves the sum of the product of the initial
cost of each piece of equipment, j, Chnitial; » multiplied by its recovery

factor, CRF (r,m;). This initial cost is defined as follows:

Ceapitat =, Crnitia; X CRF (r, my;) 12)
r(1+r)™
CRF (r, m]) = m

Crnitial; = Cap; x Cy

where Cap; and C,; denote the capacity of the PV, WT, DG, and BESS
components (in W for PV and WT and in Wh for BESS and DG) and the
unit cost of each component (in $/kW or $/W for PV and WT and in $
/kWh or $/Wh for ESS and DG), respectively, and where r and m; denote
the interest rates (in %) and the life of the component, j.

e Replacement cost

The replacement cost helps in preventing a component from mal-
functioning during the lifetime of the system, ms. This cost is introduced
for each component when m; is greater than the lifetime of the
component, m; (m; > m;), and can be expressed as follows:

(m; —m;)

CRemp = Z (Dlnitialj X (13)

m;
e Maintenance and operation cost

The cost of operation and maintenance, Copgmaint; represents the
main cost of the operation of HRES (Mahmoud et al., 2022/11). When
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this cost cannot be determined annually, it can be calculated based on
the product of the operating (or maintenance) cost per hour of each
component (Copgmaint;) and the duration of operation and maintenance

(top&aint;), as shown below:

COp&Maint: E COp&Maintj X tOp&Maintj

Fig. 2. Energy management process.

3.3.2. Loss of Power Supply Probability - LPSP

The reliability of HRES is measured based on the value of the LPSP
(in %) (Mansouri Kouhestani et al., 2020). This probability helps in
quantifying the underproduction of energy by the system (LPS) when
compared with the load demand, P;. This probability is expressed as

14) follows:
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8760

8760
Z Lps(t) Z (pL (t) - PTotal(t))

LPSP= t8:7160 == 8760 (15)
t; Py(t) ; Pi(t)

where Py (t) and LPS (t) denote the load demand and energy loss at the
instant t, respectively.

LPS loss occurs only when all the energy produced (PV + WT) is
added to that available in the storage systems, and when these amounts,
combined with the additional energy produced by the generator, cannot
satisfy the load demand. The acceptable reliability threshold for HRES is
5 % (Mansouri Kouhestani et al., 2020).

3.3.3. Renewable Energy Fraction—REF

The REF is designed to help in selecting HRES whose main produc-
tion sources are solar and wind. Thus, in HRES that employs a diesel
generator, the REF (in %) is defined as follows (Baidas et al., 2022):

Zprenewable _ Z (PWT + 7y X PPV)

REF =
Y Prowi Y (Pwr +#py X Ppy + Pgria + Ppg)

(16)

where Pyt and 5jpy X Ppy denote the energy production from the wind
and solar sources, respectively. The variables, Pg;q and Ppg, represent
the quantities of energy taken from the electricity grid and produced by
the diesel generator, respectively. In a hybrid renewable energy system,
the fraction of renewable energy must be maximized, thereby reducing
the greenhouse gas emissions.

3.3.4. Constraints

The feasibility constraints affect the reliability criterion, the energy
produced by the diesel generator, and the amount of energy taken from
the grid. These constraints are summarized in Eq. 17.a, 17.b, and 17.c,
respectively. The impact of these constraints on the search for the
optimal system is determined based on a set of values considered within
the framework of the study.

We set € = 0.05 (Mansouri Kouhestani et al., 2020), conducted
different experiments with y and r values of ([0.1,0.2,0.3,0.4]), and
proposed a methodical evaluation of the parameters that can affect the
performance of the HRES. The selection of the values helps in isolating
the effects of the different parameters and in identifying the sensitivities
that enable more efficient optimization of the system, owing to a good
understanding of the impact of each constraint.

LPSP < LPSP™™ =¢ (17.a)
Ppi <P = rxP, (17.b)
Pgia <Py =y x Pr 17.09)

£=0.05,7¢[0.1,0.2,0.3,0.4],7¢[0.1,0.2,0.3,0.4]
3.4. Problem formulation

The optimization of a hybrid renewable energy system in this
framework is a multi-criteria optimization problem under the previously
defined constraints, as shown below:

min f; = min LOCE
min f, = min LPSP 18)
max f3 = max REF

In the framework of the proposed method, we proposed a DRL
optimization approach in which a reward function is defined based on
the above objective functions. This reward function in the sizing process
is expressed as follows:
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Sips i U)

2 | 2 e g=12 )

fibest :fi(l)’ ifi -0
fbest _ f_(i) lf fbest < f_(i)
J ] J —JJ]
f:ibesr — fibm’ else

where n and k denote the number of iterations and number of objective
functions, respectively. Normalizing the differences between new and
best values by maximizing them helps avoid prioritizing a single goal
function. Additionally, ¢ denotes a cost function corresponding to the
search constraints, which is defined as follows:

ax _ p(i)
$= P"(yl) Por + (LPSP™> — LPSP")
max({ Pmax — Py }7 Pyse{Pyi 7PDG}>

(20)

Applying ¢ enables the adjustment of the objectives. Normalization
between —1 and 1 helps in avoiding maximization or minimization at
the expense of other objectives. Thus, the proposed method aims to
maximize the cumulative reward, R.

3.5. Research approach

This section presents the proposed approach and the methods used as
a benchmark. Furthermore, we define the framework, including the case
studies considered and the values of the parameters.

3.5.1. Deep reinforcement learning

We used DRL with greedy epsilon to optimize the HRES.

Reinforcement learning is a major breakthrough in the fields of
machine learning and artificial intelligence for the development of
intelligent, autonomous, and emerging technology (Du and Ding,
2021/06; Le et al., 2022/04; Mnih et al., 2015/02; Nguyen et al., 2020).
DRL helps in overcoming the inability of conventional reinforcement
learning methods to obtain a better understanding of environments with
high variability and adapt to complex state systems owing to the usage
of neural network models in the reinforcement learning process (Zhu
et al., 2023). Advances in the use of deep reinforcement learning models
have helped in solving previously unsolvable problems, such as learning
to play video games from pixel inputs (Mnih et al., 2015/02; Arulku-
maran et al., 2017).

Various DRL models have been developed for solving various prob-
lems. Three of these ar: deep Q-network (DQN), which approximates the
value of the Q-value function, enabling agents to learn policies from
inputs (Mnih et al., 2015/02); trust region policy optimization (TRPO)
(Arulkumaran et al., 2017), which ensures that policy optimization is
achieved stably and efficiently without deviating significantly from the
current policy (Kiran et al., 2022); and asynchronous advantage
actor-critic (A3C), which involves parallelizing several agents, promot-
ing stability, and accelerating the learning process that enables it to
adapt to complex environments (Kiran et al., 2022).

These models have been analyzed in other areas, such as automatic
driving (Kiran et al.,, 2022), in multi-agent systems, enabling better
communication and collaboration in complex tasks, such as
non-stationarity and partial observability problems (Nguyen et al.,
2020; Kiran et al., 2022), and in neuroscience (Botvinick et al.,
2020/08).

3.5.2. Approach
Fig. 3 depicts the reinforcement learning approach adopted in this
study, which is based on TD3 with the epsilon-greedy approach. This
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Fig. 3. Proposal approach steps.

approach comprises five main steps: state initialization, agent decision-
making, HRES evaluation, agent reward calculation, and agent man-
agement and training on the buffer.

3.5.2.1. Initial state. Defining the initial state helps in assigning a state
to the system, i.e., a set of values that enables the system to be defined at
time O of the process. The system state settings always remain un-
changed. The values are only updated during the training process,
enabling the changes caused by a particular decision of the agent to be
known at any given time. The state of the system, S, is then defined as
follows:

S = {Npv, Nwr, Cappyss, CaPpg, Enp, Ei, Crcor, Crpsp, Crer } (21)
where Npy and Ny denote the number of photovoltaic solar panels and
wind turbines, respectively. Capggss and Cappg denote the capacity of
the storage system (battery) and the diesel generator. E,, and E; denote
the amount of energy not supplied and the amount of energy lost over
the entire evaluation period, respectively, and Cicog, Crpsp, and Crgr

denote the LCOE, LPSP, and REF values obtained for this evaluation. The
first four parameters represent the decisions made by the agent, and the
agent’s decision directly impacts the last five.

3.5.2.2. Decision-making agent. Starting from the initial state or the
updated state, the agent selects the value of the parameters of the pre-
vious state. The agent considers the state of the system following his
previous decision or the initial state. Consequently, four probability
values are predicted between 0 and 1 from the actor of the system (the
agent), or a sequence of 4 random values is generated between 0 and 1
based on the value of the epsilon at the time of the decision. The values
thus obtained are then recalibrated between the maximum and the
minimum to determine the values corresponding to the number of PV
panels and WTs, capacity of the battery (BESS), and the capacity of the
diesel generator (DG). Here, p denotes the predicted probability value
for a parameter, P, and the corresponding value, X, can be defined as
follows:
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p+1
2

X= \‘Xmin + (Xmax _Xmin) X (22)

where Xin and X.x denote the minimum and maximum values of P.

3.5.2.3. System evaluation. The evaluation of the system involves esti-
mating the amount of energy produced at each moment and the man-
agement of the system at each moment over the entire duration (a full
year). Based on the state of the system, the LCOE, LPSP, and REF are
calculated to determine the impact of each decision. Lastly, the corre-
sponding cumulative agent reward is calculated. This total agent
reward, R, is calculated (Eq. (18) without considering Pg;g in the
calculation of the REF and is calculated based on the difference between
the demand and production for the HRES (Eq. (15)). The new final state
obtained is then added to the buffer for the replay phases.

3.5.2.4. Update states and replay buffer—agent training. When the
maximum number of iterations, i.e., the stop condition, is not reached,
the system state is updated for the agent with the new values that the
agent would have considered as an action and the new cumulative
reward based on that decision. The replay buffer, which contains the
past decisions and reward history of an agent, is updated with the cur-
rent decision and the earned reward. The agent is then trained on
minibatches of these decisions and the rewards obtained at the end of
these past decisions. In particular, a mini-batch of T random transactions
is taken from the replay buffer (Eq. (23)).
{ (s, ,17,51,done)) } | @3

For each of the transactions of T, the target value, y;, is calculated as
shown in Eq. (24), where ¢ denotes the discount factor and Q(s,a; 67)
denotes the target shares value function parameterized by 6. 6~ rep-
resents the weight of the target network, which is a delayed copy of 6.
The model parameters are then updated using the gradient descent
method (Eq. (26), where a denotes the learning rate and L(6), which is
defined by Eq. (25), represents the minimization of the loss function
corresponding to 6.

; ii1,d; 0),done; =0
e { n+ Lfrnae,le(s]H a; 67),done 24
rj,done; = 1
L(6) _1 i - Q(s;,a; 6)° (25)
=T e Yi jr @
0=6— avV,L(0) (26)

Table 6 presents the parameter values used to train the DRL agent.

The replay buffer is used to break the correlations between the
sequential data along with the target network, enabling it to stabilize
learning (Mnih et al., 2015/02). The agent makes a new decision at the
end of this training phase, and the evaluation process is resumed. This
process enables the agent to improve their understanding of the system
and the environment and conform to it as the training is continued.

3.5.3. Particle swarm optimization

The PSO is a robust and commonly used optimization algorithm. This
algorithm was first proposed in 1995 by Kennedy and Eberhart (1995).
It is based on the social behavior of birds in flight or fish in schools

Table 6
DRL train and decision parameters.
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(Mohamed et al., 2016). Since its inception, PSO has been successfully
applied in various fields, addressing a wide range of complex optimi-
zation problems. The PSO algorithm was used for the sizing process of
the HRES (Kushwaha and Bhattacharjee, 2024; Mansouri Kouhestani
et al., 2020). The search process for this problem begins with defining
several particles, P, which collaborate during T iterations (generations)
to determine the system that satisfies the defined optimality criteria.
Each particle has a position xl@ at each moment t representing a gen-
eration (iteration) (Eq. (28). For the particle, the position constitutes the
set of values required to define the system. Essentially, each position in
the framework comprises two (PV-BESS) to four (PV-WT-BESS-GEN)
values to determine the number of panels, number of turbines, battery
capacity, and capacity of the diesel generator based on the system type.

The particle also has a velocity vl@, which defines the rate of change and
the direction when analyzing the search space for each particle (Eq.
(27)).

V§t+1)

=ov? + 1 (pbest; — xﬁ‘)) +coay (gbest(t) -x"), 27)

(t4+1)
i

t+1)

X =x 4y (28)

Generation after generation, each particle stores the values of the
parameters required for its solution, xlm , in the memory. Thus, the best
value is obtained from the goal function and is represented by pbest,.
With each generation, the algorithm updates the best position of all the
particles, gbestm. The coefficients of inertia, w, confidence, c¢; and c,,
and random values, a; and a,, enable the algorithm to define the ad-
justments that must be made to the various parameters, generation after
generation. Apart from the decision-making method on the values of the
optimization problem parameters, the procedure for evaluating the
system remains identical to applying DRL.

PSO is used as the reference method in this study since it is one of the
most commonly used methods in HRES optimization (Faria et al., 2023;
Bouafia et al., 2023). However, this analysis also includes a discussion of
other metaheuristics, such as GA and SSA, along with simulation tools
such as HOMER Pro to place the proposed approach in a broader
context. The PSO algorithm used here is based on the "global best" al-
gorithm proposed by Miranda (2018).

Table 7 presents the values of some specific PSO parameters assumed
in this study.

3.5.4. Multi-objective particle swarm optimization

MOPSO is an extension of the previously reported PSO algorithm.
MOPSO was developed specifically for multi-objective, often conflicting,
optimization problems, such as the discounted energy cost, REF, and
system reliability. MOPSO algorithms depend on the Pareto dominance
mechanisms and the use of external archives to store non-dominated
solutions. This approach guides the search for well-distributed Pareto
fronts, thereby ensuring the diversity of the solutions (Samy et al., 2021;
Cui et al., 2022-02). The effectiveness of MOPSO algorithms has been
demonstrated in various applications, from standardized test functions
to real-life industrial applications, such as industrial process optimiza-
tion and energy system optimization (Cui et al., 2022-02; Agarwal et al.,
2022/05). The results indicate that MOPSO outperforms other evolu-
tionary algorithms in terms of the speed of convergence, quality, and
diversity of solutions (Cui et al., 2022-02).

In this study, we applied MOPSO as one of the comparison methods
for its ability to generate diversified solution sets that are well

Table 7
PSO Parameter specifications.

Batch Learning Policy Policy Epsilon Epsilon Epsilon

size rate noise update decay min Population Iteration  Inertia Confidence Confidence
frequency size coefficient coefficient, cl coefficient, c2

64 0.001 0.2 10 0.995 0.01 0.1 10 100 0.9 0.5 0.3

10
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distributed on the Pareto front, as well as its demonstrated performance
on benchmarks and real applications (Cui et al., 2022-02; Shu et al.,
2023). Fig. 4 depicts the application of MOPSO in this 6-stage research.

In the context of HRES, MOPSO is used as a reference method for
simultaneously optimizing the conflicting objectives of the discounted
cost of energy (LCOE), energy reliability (LPSP), and renewable energy

Initialize Swarm

!

Select leader particle from archive

2

S

Update personal best

Upadate archive

Max iterations ?
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share (REF). Each particle represents a possible technological configu-
ration of the system (number of PVs, number of WTs, battery capacity,
generator capacity) and is developed in the decision space based on its
past experiences and those of others via a leader selection mechanism.
During the process, MOPSO maintains a dynamic archive of the Pareto
optimal solutions, thereby ensuring a good balance between exploration

Update each particle velocity and
position

Evalute each particle

YES

v

Save Pareto front

Return best solution

Fig. 4. MOPSO Approach steps.
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and exploitation. MOPSO presents a robust benchmark for evaluating
the performance of advanced optimization approaches in sustainable
energy systems owing to its ability to rapidly converge on various Pareto
fronts.

Table 8 presents the values of the MOPSO parameters assumed in this
study (Cui et al., 2022-02; Nshimirimana et al., 2021-01).

3.5.5. Non-dominated sorting genetic algorithm II

NSGA-II is a multi-objective evolutionary algorithm that is widely
used owing to its ability to efficiently solve multi-objective optimization
problems. Proposed by Kalyanmoy Deb in 2002, the excellent perfor-
mance of NSGA-II was demonstrated in several fields, from engineering
and architectural design to water resource management and bioinfor-
matics (Bailey and Caldas, 2023/11; He et al., 2024/07; Shirajuddin
et al., 2022-08).

In this study, each individual represents a system configuration
(number of PVs, number of WTs, battery capacity, generator capacity),
which is evaluated based on the conflicting criteria of this study: LCOE,
LPSP, and REF. The NSGA-II algorithm generates a solution through
crossover and mutation and classifies the population based on the Pareto
fronts and a density distance to preserve the diversity, as shown in Fig. 5.
NSGA-II stands out from other multi-objective optimization algorithms
owing to its fast, non-dominated sorting, elitism, and diversity without
sharing parameters. NSGA-II introduces a more efficient non-dominated
sorting method, thereby reducing the computational complexity to O
(MNZ), where M denotes the number of objectives and N denotes the
population size (Deng et al., 2021-11). Therefore, NSGA-II can identify
the reliable trade-offs between the economic, energy, and environ-
mental performance owing to its efficient non-dominated sorting
mechanism and its ability to produce a well-distributed Pareto front
(Deng et al., 2021-11). Furthermore, its elliptical design combines
parental and child populations to select the best configurations, which
ensures that high-quality solutions are preserved over generations
(Bailey and Caldas, 2023/11; Shirajuddin et al., 2022-08; Bora et al.,
2019/01).

Table 9 presents the values of the NSGA-II parameters assumed in
this study (Ferreira et al., 2023-05; Wang et al., 2019-05).

4. Results and discussions

This section presents the case studies regarding the energy con-
sumption profiles, type of system, different scenarios, and the imposed
constraints.

4.1. Study data

Three energy consumption profiles, P1 [Building 1 consumption], P2
[Building 2 consumption], and P3 [Building 3 consumption], were
considered for the significant variability that exists between them from
the perspective of total consumption and the average monthly distri-
bution, as shown in Fig. 6 for each of the profiles. These profiles were
previously selected at random from the National Renewable Energy
Laboratory (NREL) database of energy consumption profiles (Wilson
et al., 2021/10). The datasets present hourly consumption profiles over
1 year (8760 rows of values).

Fig. 4 depicts the differences between the different profiles (in kWh).
The most important requests occur in December and January for most of
these profiles. The periods of low demand are typically recorded in
April, May, September, and October.

Table 8

MOPSO Parameter specifications.
Population Iteration  Inertia Cognitive Social
size weight coefficient coefficient
20 50 0.5 1.5 1.5
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Comparatively, the boxplots in Fig. 7 show that the consumption
profile P3 is more stable throughout the year. Additionally, the con-
sumption profiles, P1 and P2, demonstrate significant variability in the
summer and peaks in demand in the winter (December and January).
The boxplots show that some values in the P1 and P2 profiles could be
outliers. A comparison with Fig. 4, which presents the monthly average
consumption, indicates that the profile with the highest demand is P1,
totaling 72,157.99 kWh, whereas P2 and P3 register 56,341.69 and
18,317.89 kWh, respectively.

This study considers the available Typical Meteorological Year
(TMY) data of the region (Wilson et al., 2021/10) since the profiles were
randomly extracted from the same region. Table 10 presents a descrip-
tive analysis of this data.

Moderate temperature variability can be observed over the year,
with an average value of 14.8 °C and a standard deviation of 10.2 °C.
Furthermore, the wind conditions are typically moderate, with an
average speed of 3.45 m/s; however, there are a few extreme episodes,
with gusts reaching up to 12.8 m/s. The solar irradiance demonstrates a
large variation between the sunny and cloudy days, with an average of
169 W/m?, a maximum value of 993 W/m?, and a minimum value of 0
W/m?,

The graph in Fig. 8 demonstrates significant temperature variations
in the summer (from June to September), which is a phenomenon of
seasonal variations. The minimum temperatures are reached during the
winter months (December to February). Meanwhile, the wind speed plot
demonstrates significant variations throughout the year, with somewhat
larger variations in the winter. The peak periods could represent periods
of strong winds, such as storms or gusts. Part 03 of this graph depicts the
distribution of solar irradiance over the entire year. A high intensity of
solar irradiation can be observed in the summer due to the longer days
and direct sunlight, whereas it is minimal in the winter owing to the
lower levels of the sun and shorter days. Periods of low intensity could
indicate cloudy episodes or storms.

Additionally, the correlation matrix in Fig. 9 depicts the relation-
ships between the different variables (temperature, wind speed, and
solar irradiance). The value scale from 0.0 to 1.0 demonstrates the de-
gree of correlation (relationships) between the variables. The darker
blue color represents weaker correlation, whereas the darker red color
represents stronger correlation, where each variable is strongly corre-
lated with itself and is represented on the diagonal. Sunny days are
typically associated with higher temperatures, which presents a positive
correlation between the temperature and solar irradiance (0.42). The
negative correlation of —0.014 between the wind speed and temperature
indicates that windy days tend to be cool. This could explain the
windchill factor. Additionally, a positive correlation of 0.27 between
wind speed and solar irradiance can be noted. This could be explained by
the fact that sunny days, besides having less cloud cover, are typically
characterized by moderate wind conditions.

4.2. Study systems

This approach was analyzed using four different types of systems for
each profile. Additionally, the analysis was performed with constraints
imposed on both the tau (z) rate of energy permissible by the generator
when it is part of the system and the gamma (y) rate of energy permis-
sible via the electrical grid. The four types of systems are

(a) PV-WT-BESS-GEN
(b) PV-WT-BESS

(c) PV-BESS-GEN

(d) PV-BESS

In each of the above cases, the battery is used for storage when the
energy production exceeds the demand at a given time. Consequently,
the energy stored in the battery fulfills the energy demand when pro-
duction cannot meet the demand. Additionally, when it exists, the
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Fig. 5. NSGA-II Approach steps.

Table 9
NSGA-II Parameter specifications.

Population size Generation Mutation probability Crossover probability

20 50 0.1 0.9

generator provides the difference up to the limit imposed when the
battery energy cannot sufficiently compensate for the demand.

7,7€[0.1,0.2,0.3,0.4]
4.3. Results and discussions

An optimal renewable energy hybrid system is defined based on

13

several factors. A sensitivity analysis demonstrates the behavior of four
typical systems on different energy demand profiles under stress to
determine the characteristics of the systems that would best meet the
energy, cost, and reliability requirements.

Each system was evaluated annually on each profile while varying
the energy production constraint from the generator and the constraint
of the energy admissible via the grid. This evaluation approach helps in
capturing the seasonal and climatic variability. Renewable sources are
strongly influenced by seasonality; however, the energy demand of a
consumer is also variable between the seasons. This year-long assess-
ment enables these variations to be captured to provide a realistic esti-
mate of the system performance. Table 13 summarizes the best
parameter values for each system and profile and the values obtained for
each objective.
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Table 10

Average monthly consumption (kWh)
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Load profiles
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Fig. 6. Average monthly energy consumption.
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Temperature [°C]

Wind Speed [m/s]

Solar Irradiance [W/m?]

Count
Mean
Std.
Min
25 %
50 %
75 %
Max

8760
14.8257
10.1880

—14.0000
7.0000
16.0000
22.8000
39.0000

3.4460
1.9379
0.0000
2.1000
3.1000
4.6000
12.8000

169.0066
256.6405
0.0000
0.0000
0.0000
253.0000
993.0000
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The results presented in Table 13 demonstrate that the P1 profile
obtains the lowest energy costs (between 0.2198 and 0.2479 $/kWh)
when compared with the P2 and P3 profiles (Fig. 10). This indicates that
the specific characteristics of the P1 profile, such as the energy demand
and environmental conditions, are better aligned with all the configu-
rations (scenarios studied) of the optimized renewable energy hybrid
system. This analysis demonstrates the importance of customizing the
energy systems based on the demand profiles and environmental con-
ditions. This approach minimizes the overall costs and the system’s cost
per kWh. The search intervals typically defined for all the profiles could
also explain this result. Based on this analysis, it can be concluded that
applying management and optimization strategies to each profile’s
specificities can considerably reduce the energy expenditure in real-life
scenarios.



L Legrene et al.

Engineering Applications of Artificial Intelligence 159 (2025) 111650

40
— —— Temperature (°C)
g
520 " ‘ | i
8
<
z
o
Eo |
&
2023-01 2023-03 2023-05 2023-07 2023-09 2023-11 2024-01
= —— Wind Speed (m/s)
210
=1
3
o
zs AL O LG
£
=
0 {10 AT T
2023-01 2023-03 2023-05 2023-07 2023-09 2023-11 2024-01
4 1000
g —— Solar Irradiance (W/m?)
2 750
3
£ 500
B
=}
— 250
£
[=}
2 0

2023-01 2023-03 2023-05

Fig. 8. Time series data.

10
o
B
E
<
g 038
(=9
g
=
-06
-04

Solar Irradiance [W/m?] Wind Speed [m/s]

Temperature [°C] Wind Speed [m/s]

Solar Irradiance [W/m?]

Fig. 9. Correlation matrix of time series data.

The scenario-oriented analysis with and without generators as
backup demonstrates that the absence of generators in the system (PV-
WT-BESS and PV-BESS) significantly reduces the cost of energy. This
indicates that the integration of renewable sources, such as PV panels
and WTs, in addition to being beneficial for the environmental footprint,
is also economically advantageous in certain cases (Fig. 10). However,
this increases the dependence on the intermittent renewable sources,
thereby requiring more robust storage sources (BESS) to maintain the
system stability (Table 11). This observation concurs with the require-
ment for an optimized design that comprehensively evaluates the need
for a generator based on the variability of demand and available
resources.

Additionally, Fig. 10 also shows that scenarios without WTs, such as
PV-BESS-GEN and PV-BESS, typically present a higher LCOE. This is
more evident for P3, where the costs increase drastically. This analysis
indicates an overload on the battery energy storage (BESS) or an over-
sizing of resources caused by predefined confidence intervals, present-
ing higher setup and operating costs and less efficient energy

2023-07 2023-09 2023-11 2024-01
Period
management.
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This observation corresponds to the definition of discrete values used
to determine the optimal values for the generator (between 7.5 and 24
kWh), which may not be adequate for all the energy profiles. The ca-
pacity of the generator in each of the scenarios where it exists demon-
strates that defining the discrete values for these capacities could
significantly affect the total cost of the system and, by extension, the
LCOE (the cost per kWh). Defining an inappropriate granularity of
values can present additional costs owing to the undersizing or over-
sizing of the generators based on the actual requirements of a system.
Therefore, the values of this complex must be adapted based on the
specific characteristics of the consumption profile and the surface area
of the building (the available installation space). The proposed approach
considers a typical case study, which could present suboptimal results
for specific cases. It can also help in minimizing the costs without
compromising system performance. This analysis highlights the impor-
tance of a carefully calibrated optimization approach.

One significant observation is the improvement in the REF in sce-
narios that include both the PV panels and WTs (Table 13). This dem-
onstrates the positive impact of these technologies on the sustainability
of an energy system by increasing the contribution of renewable sources.
This analysis indicates that the PV and WT must be integrated within the
same system wherever possible, particularly in contexts where the
reduction of CO, emissions and dependence on fossil fuels are major
issues, to maximize the usage of clean energy.

Fig. 11 shows that the dynamic management of energy flows be-
tween the renewable sources, public grid, and generator is crucial. The ¢
and y factors could contribute to the definition of adaptive strategies that
present a balance between the local exploration and external supply,
accounting for the actual demand conditions and the associated costs.
The LCOE values (0.63 and 0.58 $/kWh) were obtained in generator-
free scenarios for P3. These costs are the lowest energy costs for P3.
This indicates that the absence of WT and a high percentage of supply
allowed by the generator in that scenario contribute to the increase in
the energy cost (0.67 and 0.73 $/kWh). Furthermore, the areas with the
lowest LCOE of 0.23 and 0.24 $kWh (blue colors) demonstrate that a
moderate proportion of qualifying energy from the generator, combined
with a balanced use of qualifying energy via the grid, reduces the energy
costs. The energy cost will likely increase when there is a low depen-
dence on the generator, as shown in Fig. 11. This could indicate that
when there is insufficient generation, taking energy from the grid is
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Table 11

DRL vs. PSO comparison table.

Profile Method Scenario LCOE ($/kWh)
Load Profile 1 DRL PV-WT-BESS-GEN 0.2282
PV-WT-BESS 0.2198
PV-BESS-GEN 0.2479
PV-BESS 0.2335
PSO PV-WT-BESS-GEN 0.2895
PV-WT-BESS 0.2800
PV-BESS-GEN 0.2892
PV-BESS 0.2806
MOPSO PV-WT-BESS-GEN 0.3048
PV-WT-BESS 0.3445
PV-BESS-GEN 0.4021
PV-BESS 0.4149
NSGA-II PV-WT-BESS-GEN 0.3073
PV-WT-BESS 0.3712
PV-BESS-GEN 0.3726
PV-BESS 0.4457
Load Profile 2 DRL PV-WT-BESS-GEN 0.2794
PV-WT-BESS 0.2611
PV-BESS-GEN 0.3000
PV-BESS 0.2752
PSO PV-WT-BESS-GEN 0.3504
PV-WT-BESS 0.3323
PV-BESS-GEN 0.3487
PV-BESS 0.3319
MOPSO PV-WT-BESS-GEN 0.3899
PV-WT-BESS 0.3786
PV-BESS-GEN 0.4707
PV-BESS 0.5465
NSGA-II PV-WT-BESS-GEN 0.3836
PV-WT-BESS 0.4472
PV-BESS-GEN 0.5004
PV-BESS 0.5599
Load Profile 3 DRL PV-WT-BESS-GEN 0.6720
PV-WT-BESS 0.5826
PV-BESS-GEN 0.7349
PV-BESS 0.6264
PSO PV-WT-BESS-GEN 0.9490
PV-WT-BESS 0.8498
PV-BESS-GEN 0.9269
PV-BESS 0.8333
MOPSO PV-WT-BESS-GEN 1.0364
PV-WT-BESS 0.9435
PV-BESS-GEN 1.0539
PV-BESS 0.8879
NSGA-II PV-WT-BESS-GEN 1.0155
PV-WT-BESS 0.9244
PV-BESS-GEN 0.9720
PV-BESS 0.8724
Table 12
Comparison with other research.
Systems/ Methods Criteria (Results) References
Resources
PV, WT, BESS PSO LPSP (1-30 %) Mansouri Kouhestani
et al. (Mansouri
Kouhestani et al., 2020)
PV, WT, BG, MPA, PSO, LCOE ($0.1799/ Kushwaha and
DG SSA, GA kwWh) Bhattacharjee (Kushwaha
and Bhattacharjee, 2024)
PV, WT, BESS, Hybrid waCOE (0.1838 Medghalchi and Taylan (
EFCS PSO + GA Euro/kWh), DSF Medghalchi and Taylan,
(44.63 %), Fres 2023/10)
(60.1 %)
PV, WT, BESS, PSO, LCOE ($0.0148/ Vaka and Matam (Vaka
DG epsilon- kWh), PSRF and Matam, 2023)
PSO (0.0730)
PV, WT, BESS HOMER LCOE ($0.295/ Igbal et al. (Igbal et al.,
(LIB/LAB), Pro $0.284/kWh) 2024/02)
FC, DG

16

Engineering Applications of Artificial Intelligence 159 (2025) 111650

relatively more expensive than obtaining it from the generator. The grid
integration improves energy reliability. Additionally, hydroelectricity
could be a viable renewable alternative based on the region. Therefore,
the proposed approach could be extended to model the impact of
different sources of the energy mix of the grid. Furthermore, the dif-
ference between the purchase and sale rates of energy significantly af-
fects the overall cost of the system. An increase in the purchase price of
electricity tends to increase the dependence on batteries. Conversely,
reducing the grid sale price could limit the interest in injecting surplus
energy. In future works, sensitivity analysis must be conducted to
evaluate these impacts and optimize the energy management.

4.3.1. Comparison between deep reinforcement learning and benchmarks

This section presents a comparative analysis of the results obtained
by the proposed DRL method and the three conventional optimization
algorithms: PSO, MOPSO, and NSGA-II. The comparison is based on
three performance indicators: discounted cost of energy (LCOE), load
satisfaction ratio (LPSP), and renewable energy penetration ratio (REF).
Simulations were performed on the three different load and generation
profiles presented above, representing the energy contexts of increasing
complexity.

4.3.1.1. Economic evaluation using LCOE. The results presented in
Fig. 12 demonstrate that the DRL method consistently achieves the best
LCOE scores for profiles 1 and 2. For profile 1, DRL achieves an average
value of 0.23 $/kWh with wide variations, when compared with 0.37
$/kWh for MOPSO and NSGA-II and 0.28 for PSO. This adaptability of
DRL can also be observed in profile 2, where DRL maintains a relatively
low LCOE of $0.28/kWh, whereas the other methods exceed $0.34/
kWh. These results demonstrate the effectiveness of DRL in reducing the
costs by learning optimal policies in a dynamic environment.

All the LCOEs increased in profile 3, corresponding to a relatively
constant profile. However, DRL maintains a significant advantage (0.65
$/kWh) when compared with 0.98 $/kWh for MOPSO, 0.95 $/kWh for
NSGA-II, and 0.89 $/kWh for PSO. This result demonstrates the eco-
nomic resilience of DRL in unfavorable environments, where the coor-
dinated management of sources is essential.

The results presented in Fig. 13 demonstrate the superiority of DRL
in reducing the costs of the system, regardless of the profile and type of
the system (PV-BESS, PV-WT-BESS, PV-BESS-GEN, and PV-WT-BESS-
GEN).

4.3.1.2. Reliability assessment using LPSP. The DRL method demon-
strates a high average LPSP when compared with other methods for
profiles 1 and 2 (0.69 and 0.65, respectively), relatively close to the
acceptable limit of 0.50, as shown in Fig. 14. This highlights the ability
of DRL to provide a system with a reliable power supply. The results
obtained by DRL are comparable to those of PSO (0.65 for profile 1 and
0.60 for profile 2), whereas the evolutionary methods (MOPSO and
NSGA-II) obtain mean values significantly below the threshold, at
approximately 0.40.

In profile 3—where profile incompatibility naturally limits the
overall performance of the DRL—PSO, MOPSO, and NSGA-II methods
achieve average LPSP values below the threshold. These results
demonstrate the ability of the DRL to anticipate load fluctuations and
adapt control decisions accordingly.

4.3.1.3. Sustainability analysis using REF. Contrary to the two indicators
(LCOE and LPSP), Fig. 15 shows that DRL does not achieve the best
performance in terms of the REF for profiles 1 and 2, achieving an
average value of 23.25 % and 30.00 %, respectively. Although this
seems low, it could be a strategic compromise where DRL prioritizes
economic optimization and load satisfaction over the maximum usage of
renewables, which may be desirable in some real-life situations where
renewable sources are insufficient or unstable.
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Table 13
DRL Simulation results.
Profile Scenario Parameters Constraints Criteria
PV (Numbers) WT (Numbers) BESS (kWh) DG (kW) % T LCOE ($/kWh) LPSP (%) REF (%)
Load profile 1 PV-WT-BESS-GEN 81 23 16.8 7.5 0.4 0.2 0.2282 0.53 33
PV-WT-BESS 79 25 19.2 - 0.2 - 0.2198 0.69 34
PV-BESS-GEN 76 - 36 10 0.4 0.1 0.2479 0.68 13
PV-BESS 76 - 36 - 0.2 - 0.2335 0.87 13
Load profile 2 PV-WT-BESS-GEN 85 24 16.8 7.5 0.4 0.3 0.2794 0.49 42
PV-WT-BESS 84 24 16.8 - 0.2 - 0.2611 0.65 41
PV-BESS-GEN 85 - 36 7.5 0.3 0.2 0.3000 0.63 19
PV-BESS 82 - 31.2 - 0.3 - 0.2752 0.82 18
Load profile 3 PV-WT-BESS-GEN 74 23 19.2 7.5 0.4 0.1 0.6720 0.26 79
PV-WT-BESS 76 25 16.8 - 0.3 - 0.5824 0.34 80
PV-BESS-GEN 80 - 33.6 7.5 0.3 0.4 0.7349 0.44 49
PV-BESS 74 - 36 - 0.2 - 0.6264 0.59 46
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Fig. 10. LCOE vs. Profile for Different Systems.
4.3.1.4. Discussions. The results demonstrate the significant advantages
of the DRL method:

L e Economic performance: DRL minimizes the LCOE for all profiles and
system types, making it particularly suitable in contexts with sig-
nificant budgetary considerations.

-0.6 . . .
e Reliability: The load satisfaction rates demonstrate that the DRL can
maintain an adequate supply, regardless of the context (small, me-

. -05 uo-l dium, or large load demand).
£ Q e Adaptive compromise: Although the REF is sometimes lower, it can

= . Lo .
be adjusted based on systemic priorities. In this way, DRL can learn
-0.4 multi-objective management policies in real time, unlike conven-
tional evolutionary methods, which are typically limited by a rigid
search structure and static heuristics.

0.3
Although the PSO, MOPSO, and NSGA-II methods present a high

capacity to maximize the use of renewables, they demonstrate a
0.2 & 03 0.4 considerable net degradation in terms of the discounted cost of the
amma

Fig. 11. Heatmap of LCOE

However, in profile 3, DRL achieves an average REF of 63.50 %. This
result demonstrates that DRL can effectively integrate renewable sour-
ces in contexts where the renewable potential is sufficient and highly
exploitable.

17

system. Therefore, the DRL approach, as presented in this study, stands
out for its ability to provide a balanced solution between economic
performance, operational reliability, and environmental sustainability.
This approach is observed to be effective in the dynamic and uncertain
environments that are typically observed in HRES owing to its ability to
adapt and learn continuously.

The results demonstrate that using DRL for HRES optimization pre-
sents a significant reduction in the energy cost, of 21.33 %-30.09 %
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when compared with the PSO, of 27.89 %-30.27 % when compared with
the MOPSO, and of 27.63 %-28.47 % when compared with the NSGA-II,
as shown in Table 7. Dynamic and adaptive learning for optimizing
hybrid renewable energy systems could guide future choices in
designing and operating more robust, reliable, and economically viable
systems.

4.3.2. Comparison of the proposed DRL approach with other works

Several works and various contexts have been considered in this
study, such as the maritime transport sector analyzed by Igbal et al.
(Igbal et al., 2024/02) (Table 12). However, these works evaluate
different hybrid system configurations and optimization methods based
on several criteria, such as the LCOE, waCOE, REF, and LPSP. Some
studies have focused on the PSO and GA methods and their variants.

When compared with the DRL approach, whose energy cost varies
between $0.2198 and $0.7349/kWh based on the simulated systems and
profiles, the proposed approach achieves a minimum LCOE that is better
than or almost equivalent to that reported in previous studies
(Medghalchi and Taylan, 2023/10; Igbal et al., 2024/02), which
employed the HOMER Pro and PSO + GA approach. However, Vaka and
Matam (2023), who performed a 24-h evaluation, reported that opti-
mization over a short period of time could better satisfy the re-
quirements and help in defining a more optimal system.

Medghalchi and Taylan (Medghalchi and Taylan, 2023/10) reported
a REF of 60.1 %, which highlights the significant contribution of
renewable resources to the energy mix. The proposed DRL approach
obtains values between 13 % and 80 % based on the profile and the
system, which demonstrates that this approach can define a system that
effectively considers the renewable sources.

Additionally, Medghalchi and Taylan (Medghalchi and Taylan,
2023/10) reported that the hybrid PSO + GA method helped in sizing a
system that can satisfy almost half of the demand based on the energy
generated and stored, with a DSF value of 44.63 %. The DRL approach
helps in obtaining a demand satisfaction of approximately 34 % by the
locally generated energy in the case of the best LCOE.

Considering the results of Mansouri Kouhestani et al. (Mansouri



L Legrene et al.

Kouhestani et al., 2020), whose approach is based on optimizing the
LPSP, the proposed approach obtains high reliability results of between
0.26 and 0.87 %.

Several types of configurations were covered, from simple combi-
nations (PV + WT + BESS) to complex configurations that integrate BG
and EFCS. The results of this study demonstrate that the use of advanced
technologies such as EFCS or resource technology, such as lithium-ion
batteries or lead-acid batteries (Igbal et al., 2024/02), could improve
the cost and reliability indicators (Medghalchi and Taylan, 2023/10;
Kushwaha and Bhattacharjee, 2024; Vaka and Matam, 2023). These
results present avenues for improving the DRL method by optimizing the
operating points of the different technologies integrated into the system.

5. Conclusion

This study demonstrates that DRL can achieve cost-effective, reli-
able, and highly renewable hybrid energy systems. Four complementary
innovations highlight the proposed framework. (1) Adaptive sizing
mitigates enumerative searches by letting the agent learn optimal ca-
pacities directly through interactions; (2) a cumulative, explicitly multi-
objective reward helps in achieving concurrent gains in the LCOE, LPSP,
and REF; (3) a simulation-agnostic interface decouples the optimizer
from a specific modelling engine, thereby expanding its applicability;
and (4) the explicit embedding of generator ramp-rate and grid-quota
constraints yields operating strategies that are feasible under stringent
real-world limits.

Applied to three highly variable demand profiles, this approach re-
duces the LCOE by 30.27 %, outperforming PSO, MOPSO, and NSGA-II
in all the scenarios. These results demonstrate the potential of DRL as a
suitable technique for the dynamic, multi-criteria optimization of HRES.

We presented several graphical illustrations to analyze the results.
The experimental results demonstrated the superior adaptability of DRL
when compared with the benchmark methods in several scenarios.

Subsequently, the main outcomes of this study can be summarized as
follows:

The DRL reduces the energy costs by 21.33 %-30.27 %, demon-
strating its efficiency in minimizing the total costs of the system.
Renewable energy sources are effectively integrated through the
application of DRL, which increases the dependence on sustainable
generation over fossil-fuel-based alternatives

The DRL model dynamically adapts to fluctuations in the energy
demand and resource reliability, thereby ensuring greater system
resilience.

The sensitivity analysis demonstrates that variation between the
amount of energy obtained from external sources and the renewable
energy system affects the overall system profitability, highlighting
the importance of economic factors in HRES design.

When implementing optimal HRES, the electricity supplier’s
permissible injection limit must be considered in the system design.

Although DRL is an effective approach for HRES optimization, it
faces certain limitations and presents areas for future improvements.
These include:

e Multi-agent reinforcement learning (MARL) for component-level
optimization: Rather than using a single DRL agent to manage all
the system components, a multi-agent approach could enhance the
efficiency by enabling independent agents to optimize the PV panels,
WTs, BESS, and backup generators while interacting collaboratively.
Incorporating tariff policies and grid injection limits: Future works
must further analyze regulatory and economic constraints, such as
grid energy purchase prices, dynamic tariffs, and restrictions on the
renewable energy injection into the power grid. These factors
directly affect profitability and system configuration and must be
dynamically integrated into the DRL framework.
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e Extending the proposed model to alternative configurations: Future
works must also analyze additional HRES configurations, including
offshore wind power, hydrogen storage, and hybrid systems with
thermal energy storage to demonstrate the scalability and robustness
of the DRL-based approach across a broader range of applications.

Based on these aspects, the DRL framework can be refined to enhance
the intelligence, adaptability, and economic feasibility of HRES, paving
the way for next-generation autonomous energy management solutions.
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