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Abstract: This paper presents a comprehensive techno-economic and environmental
assessment of a grid-connected hybrid renewable energy system (HRES) integrating
photovoltaic (PV), wind turbine (WT), and fuel cell (FC) technologies for a case study
in Dakhla, Morocco. A detailed modeling framework is developed, including renewable
generation, electrolyzer operation, hydrogen storage, and fuel cell conversion, combined
with an energy management strategy to coordinate power flows between system components
and the utility grid. The system design is formulated as a constrained optimization problem
aiming to minimize the total annual cost while incorporating reliability and grid stability
requirements through a penalty-based approach. The optimization is performed using a particle
swarm optimization (PSO) algorithm to evaluate three system configurations: PV–WT–FC,
WT–FC, and PV–FC. The results show that the PV–WT–FC configuration provides the
best overall performance, achieving a total annual cost of 186,957 USD, a levelized cost of
energy (LCOE) of 0.1472 USD/kWh, and a high renewable energy fraction (REF) of 88.32%.
This configuration also ensures excellent reliability (LPSP = 0%) and stable grid operation.
In contrast, the WT–FC configuration achieves a lower LCOE of 0.1164 USD/kWh when
considering component costs alone; however, it results in significant grid instability, leading
to a high penalty cost of 700,588 USD and reduced overall feasibility. Similarly, the PV–FC
configuration shows a higher total annual cost (255,425 USD) and lower renewable penetration
(60%), making it less competitive. These findings highlight the importance of integrating
grid stability and reliability constraints within the optimization framework. The proposed
approach effectively identifies balanced system configurations that ensure cost efficiency,
high renewable penetration, and stable operation, confirming the robustness and practical
applicability of the PV–WT–FC system for sustainable energy deployment.

Keywords: hybrid renewable energy system; hydrogen storage; grid-connected system;
particle swarm optimization; energy management; techno-economic analysis; grid
stability

1. Introduction

The rapid growth in global energy demand, driven by urbanization and industrial
development, has intensified environmental concerns due to the continued reliance on
fossil fuels [1]. In response, renewable energy sources such as solar and wind have
emerged as sustainable alternatives for reducing greenhouse gas emissions and ensuring
long-term energy security. However, the inherent intermittency and stochastic nature of
these resources pose significant challenges to maintaining a reliable and stable power
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supply [2].
To address these limitations, hybrid renewable energy systems (HRES), which

combine multiple energy sources with energy storage technologies, have been widely
proposed as effective solutions for improving system reliability and enhancing
renewable energy utilization [1,3,4].

Among available storage technologies, hydrogen-based systems, including
electrolyzers, hydrogen tanks, and fuel cells, have gained increasing attention due to
their ability to provide long-term energy storage and flexible energy conversion [5–8].
These systems enable surplus renewable energy to be stored and later converted into
electricity, thereby improving system resilience and reducing energy curtailment.

Recent studies have demonstrated that integrating hydrogen technologies with
renewable energy systems can significantly enhance system efficiency, operational
flexibility, and sustainability [5, 9, 10]. In particular, hybrid configurations such as
PV–WT–FC, PV–FC, and WT–FC systems have shown promising performance in
terms of reliability, renewable penetration, and cost reduction [8,11–13]. Moreover,
techno-economic analyses highlight the importance of hybrid systems in optimizing
energy management and reducing operational costs while ensuring sustainable energy
supply [5,9,10,14,15].

Despite significant progress in hybrid renewable energy systems (HRES),
their optimal design and operation remain highly complex due to the need to
simultaneously consider multiple and often conflicting objectives, including economic
performance, system reliability, environmental impact, and grid stability under
dynamic operating conditions [13, 16, 17]. This complexity is further amplified by
the strong interdependence between system components. For example, the sizing
of photovoltaic generation and hydrogen storage systems is inherently coupled, as
increasing renewable capacity may reduce storage requirements, and vice versa [18].
As a result, multiple technically feasible configurations may exist, and optimization
based on isolated criteria may not lead to a unique or practically optimal solution.

In addition, the performance of HRES is highly dependent on local meteorological
conditions, such as solar irradiance, temperature, and wind speed, which directly
affect renewable energy generation and system operation. Consequently, the optimal
configuration of hybrid systems is strongly site-specific, requiring detailed modeling
and long-term simulation under realistic operating conditions [19].

Although numerous studies have addressed the optimization of HRES, several
important limitations remain. Most existing works focus primarily on individual
study aspects, such as minimizing the levelized cost of energy (LCOE) or maximizing
renewable energy penetration, without adequately considering operational constraints
related to grid stability and system feasibility [14,17]. Furthermore, hydrogen storage
systems are oftenmodeled in a simplifiedmanner, without fully capturing their dynamic
interaction with renewable generation and grid exchange [10,15].

For instance, one study evaluated a hybrid system without energy storage in
an urban context, focusing on economic and environmental performance. Although
promising results were obtained in terms of cost and emissions, the absence of storage
limited the system’s ability to ensure reliability and stable operation [20].
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In particular, hybrid configurations combining photovoltaic (PV), wind turbines
(WT), and fuel cells (FC) have shown promising performance in terms of cost
reduction and environmental impact [19, 21]. Recent studies have further confirmed
that integrating hydrogen storage into such systems can significantly enhance
performance by improving reliability and mitigating the intermittency of renewable
energy sources [22]. However, reliability assessment is often limited to conventional
indicators such as the Loss of Power Supply Probability (LPSP), which does not
guarantee stable operation in grid-connected environments. The lack of explicit
consideration of grid stability constraints, therefore, represents a critical gap in the
current literature.

Another important limitation is the insufficient consideration of long-term system
behavior. Many studies rely on simplified assumptions or short-term simulations,
which do not fully capture the variability of renewable resources and system operation
over time. This reduces the applicability of their findings for practical system
design and deployment. In this context, there is a clear need for a comprehensive
optimization framework capable of capturing the complex interactions between
renewable generation, hydrogen storage, and grid dynamics, while ensuring both
economic efficiency and operational feasibility.

To address these challenges, this study proposes an integrated techno-economic
optimization framework for grid-connected hybrid renewable energy systems
combining photovoltaic, wind, and hydrogen-based storage technologies. The
proposed approach simultaneously considers economic performance, system
reliability, and grid stability through a penalty-based multi-constraint formulation.
Unlike conventional methods, this framework explicitly incorporates grid fluctuation
constraints and models the coupled interaction between hydrogen storage and grid
exchange, ensuring that the optimized system is both cost-effective and operationally
viable.

The methodology is applied to a real case study in Dakhla, Morocco, using
hourly meteorological data over a full year (8,760 h), enabling a realistic evaluation
of system performance under actual operating conditions. Three system configurations
(PV–WT–FC, PV–FC, and WT–FC) are comparatively analyzed to identify the most
suitable design.

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

(i) Development of an integrated optimization framework combining economic,
reliability, and grid stability criteria;

(ii) Introduction of a penalty-based objective function incorporating LPSP and grid
fluctuation constraints;

(iii) Detailedmodeling of hydrogen storage and its interaction with system components;
(iv) Implementation of a full-year simulation using site-specific data; and
(v) Comparative assessment of multiple hybrid system configurations under identical

conditions.

Furthermore, although several studies have investigated hybrid renewable
energy systems in different geographical contexts, limited research has focused on
the Moroccan case, particularly for grid-connected PV–wind–hydrogen systems
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integrating reliability and grid stability constraints. Most existing studies in Morocco
are restricted to simplified configurations or focus primarily on economic or resource
assessment aspects, without considering the combined effects of hydrogen storage,
grid interaction, and operational constraints. Therefore, there remains a clear need
for comprehensive, system-level optimization studies based on realistic Moroccan
conditions, which can support the design of reliable and sustainable energy systems in
the region.

2. Materials and methods

In this study, a comprehensive methodological framework was developed to
design and evaluate a grid-connected hybrid renewable energy system integrating
photovoltaic, wind, and hydrogen-based storage technologies. First, appropriate
mathematical models for each system component, including PV panels, wind turbines,
electrolyzer, hydrogen storage tank, and fuel cell, were selected from well-established
literature and adapted using relevant technical parameters. All component models
were then implemented within a unified MATLAB simulation environment, enabling
dynamic interaction between renewable generation, storage, and grid exchange.

An energy management strategy was developed to govern system operation
under different scenarios (surplus, deficit, and balanced conditions), ensuring efficient
utilization of renewable energy and optimal use of hydrogen storage. The system
design problem was formulated as a constrained optimization problem, where the
objective function minimizes the total annual cost while incorporating reliability, grid
stability, and environmental considerations. Key performance indicators—including
economic metrics, loss of power supply probability (LPSP), grid fluctuation index, and
renewable energy fraction—were evaluated over a full-year simulation (8,760 h) using
site-specific meteorological and load data for Dakhla, Morocco.

Finally, the proposed framework was applied to analyze and compare the
performance of several hybrid system configurations (PV–WT–FC, PV–FC, and
WT–FC), allowing a detailed assessment of system behavior under realistic operating
conditions. This integrated approach provides a robust basis for evaluating the
effectiveness, feasibility, and sustainability of hybrid renewable energy systems in
real-world applications.

2.1. Hybrid renewable energy system components modeling
This study proposes a grid-connected hybrid renewable energy system (HRES)

integrating photovoltaic (PV) panels, wind turbines (WT), and a hydrogen-based
storage subsystem composed of an electrolyzer, hydrogen storage tank, and fuel cell
(FC), as illustrated in Figure 1.

The system is designed to ensure a reliable and efficient energy supply by
coordinating renewable generation, hydrogen storage, and grid interaction. The
modeling framework adopts a system-level integrated approach, where all components
are dynamically coupled through energy balance equations and operational constraints.

Unlike conventional studies that treat system components independently, the
present work explicitly considers: The interaction between renewable generation
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and storage, the coupling between hydrogen production and consumption, and the
bidirectional exchange with the utility grid.

This integrated formulation enables a more realistic representation of system
behavior under varying operating conditions.

Figure 1. Schematic of the grid-connected PV/WT/FC hybrid energy system.

2.2. Photovoltaic (PV) model
The instantaneous power output of the photovoltaic (PV) system at time t is

determined using Equation (1) [23].

PPV(t) = Pr×ηpv ×
G(t)
Gref

× [1 + β (T− Tref)] (1)

In this model, PPV(t) indicates the real-time power output of the PV system
(kW). The term ηpv defines the panel efficiency, and G(t) represents the incident solar
radiation. The reference irradiance Gref is specified under standard test conditions.
The factor β is introduced to model the impact of temperature on PV performance,
reflecting how power output responds to thermal deviations. In this context, Tref defines
the reference temperature, while T(t) indicates the cell’s operating temperature and is
obtained from Equation (2) [11]. Normal Operating Cell Temperature (NOCT) denotes
the normal operating temperature of the PV cell.

T(t) = Tamb(t)+ NOCT−20
1,000 × G(t) (2)

The overall PV power at time t is obtained by multiplying the number of PV
units,denoted NPV, by the output of a single unit, as follows [24]:

EPV(t) = NPVPPV(t) (3)

2.3. Wind turbine model
The mathematical representation of the wind turbine power output PWT(t) is given

as follows [25]:
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PWT(t) =


0, if Wh(t) < Wci or Wh(t) > Wc

Prated (Wh(t)−Wci)
(Wr−Wci)

if Wci ≤ Wh(t) < Wr

Prated, if Wh(t) ≥ Wr

(4)

where Prated denotes the rated turbine power, while Wci, Wr, and Wco represent the
cut-in, rated, and cut-off wind speeds, respectively.

Wind speed data measured at a reference height are converted to the wind turbine
hub height using the power-law wind profile to account for vertical wind shear effects.
This conversion ensures that the wind resource is accurately represented at the turbine
operating level. In order to convert wind speed between heights, the power-law profile
is adopted in this study, as shown in González Cusa et al.’s study [26]:

Wh(t) = Wref(t)
(

Hh
Href

)n
(5)

Wh(t) and Wref(t) denote hub and reference wind speeds, respectively. The
parameter n is thewind shear exponent, which reflects the influence of terrain roughness
and atmospheric stability on the vertical wind profile. For open and low-roughness
terrains with good wind exposure, a commonly adopted value of n = 0.14 is used in this
study [24].

In a similar manner, the total wind energy production is is evaluated as a function
of the number of wind turbine units NWT.

EWT(t) = NWTPWT(t) (6)

2.4. Electrolyzer model
The proposed HRES utilizes surplus renewable energy for hydrogen production

via electrolysis. This is achieved by supplying a direct current to electrodes immersed
in water, resulting in the generation of hydrogen and oxygen as described in reaction
(R1) [27]. The corresponding electrical power transferred from the renewable sources
to the hydrogen storage system via the electrolyzer, denoted PElz−tank (kW), is given in
Equation (7) [28].

Pren−Elz + H2O −→ H2 +
1
2O2 (R1)

PElz−H2tank = Pren−ElzηElz (7)

where ηElz defines the efficiency associated with the electrolyzer, which is assumed
to remain constant throughout the simulation period, and Pren−Elz corresponds to the
surplus renewable power supplied to it.

The amount of energy allocated to hydrogen production is determined by
subtracting the load demand from the total renewable energy generation [3].
Furthermore, hydrogen production is constrained by the electrolyzer’s rated capacity
and the available storage in the hydrogen tank. The hydrogen produced at time t,
PH2_Produced, is limited by the available storage capacity as well as the power supplied
to the electrolyzer. Accordingly, it can be expressed as [18]:

PH2Produced(t) = min
{
EmaxH2 tank

− EH2 tank (t− 1),min (Pren − Elz(t), PmaxElz )×ηElz
}

(8)
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where, EmaxH2tank
represents the maximum storage capacity of the hydrogen tank, and

EH2tank(t  1) indicates the previously stored energy. P ren−Elz(t) denotes the surplus
renewable power supplied to the electrolyzer, while PmaxElz is its rated capacity.

2.5. Hydrogen storage tank modeling
The level of hydrogen energy in the tank changes continuously in response to

production and usage processes. At time t, it is expressed as [12]:

EH2 tank(t) = EH2 tank (t− 1) +
(
PElz − H2 tank(t)−

PH2 tank − FC (t)
ηHST

)
∆t (9)

where the term PElz−H2tank(t) refers to the power supplied from the hydrogen tank to the
fuel cell. Δt defines the time interval, and ηHST defines the storage efficiency, assumed
constant throughout the analysis [27].

The energy stored in the hydrogen tank is continuously updated according to the
balance between the hydrogen produced by the electrolyzer and the amount consumed
by the fuel cell. An increase in stored energy occurs when excess renewable power
is converted into hydrogen, whereas it decreases when hydrogen is utilized for power
generation.

To quantify the stored hydrogen in physical terms, the energy content of the tank
is converted into mass using the higher heating value of hydrogen. Accordingly, the
hydrogen mass at time t is determined as [29]:

mH2(t) =
EH2 tank(t)
HHVH2

(10)

where HHVH2 represents the higher heating value of hydrogen, corresponding to
the energy content per unit mass and is taken as 39.7 kWh/kg based on the adopted
references [15, 27]. The stored hydrogen mass is restricted between predefined
minimum and maximum limits, mH2_min and mH2_max, to guarantee safe operation of
the storage system. The following limits apply to stored hydrogen mass:

mH2_min ≤ mH2 (t) ≤ mH2_max (11)

2.6. Fuel cell stack modeling
In the fuel cell, hydrogen is converted into electrical energy through an

electrochemical process. The overall reaction can be written as [11]:

2H2 + O2 −→ 2H2O+ PFC − inv (R2)

where PFC−inv is the electrical power output of the fuel cell is given by [15]:

PFC − inv = PH2 tank − FC (t) · ηFC (12)

where ηFC represents the fuel cell efficiency, and PH2tank−FC(t) denotes the power
supplied from the hydrogen tank to the fuel cell.

The electrical power delivered by the fuel cell can also be expressed as a function
of the hydrogen consumption mH2,c , which represents the amount required to meet the
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load demand. It is given by [11]:

PFC − inv =
mH2,c ·HHVH2

ηFC·µinv
(13)

2.7. Inverter modeling
In the proposed HRES, a Direct Current (DC)/Alternating Current (AC) inverter

is employed to convert the direct current generated by the renewable sources and the
fuel cell into alternating current suitable for load consumption. The inverter efficiency,
µinv, is used to account for conversion losses and is assumed constant in this study [15].

Accordingly, the power supplied to the load can be expressed as [12]:

Pinv − load = (PFC − inv + Pren − inv )× µinv (14)

The rated power of the inverter is determined based on the maximum load demand.
Pinv,r can be calculated using Equation (15) [30]:

Pinv,r =
PMax
load
µinv

(15)

2.8. Optimization problem formulation

2.8.1. Decision variables

The design process of the proposed HRES is modeled as an optimization problem,
where the capacities of the key components serve as decision variables. The objective
is to determine the optimal configuration of these components that minimizes the total
annualized cost while ensuring reliable and efficient system operation. To achieve this,
the optimization process adjusts the capacities of the renewable generation units and
the hydrogen storage subsystem. The corresponding decision vector is defined as:

X = [NWT,NPV,NElz,NTank,NFC] (16)

where NWT,NPV,NElz,NTank and NFC represent the variables for capacity of WT, PV
panels, electrolyzer, hydrogen storage tank and FC.

2.8.2. Objective funciton

The optimization process aims to achieve minimum overall system cost while
maintaining reliable and sustainable performance.This is achieved by minimizing the
total annual cost (TAC), while accounting for penalties associated with reliability
constraints. The objective function is therefore expressed as follows:

ob = min
[
TAC(X) + Cpc(X)

]
(17)

where TAC is the total annual cost and Cpc represent the penalty cost associated with
constraint violations.

The total annual cost, TAC, is calculated by summing the annualized cost of the
hybrid system, including capital, operation and maintenance, replacement costs, and
salvage value of all HRES component includingWT, PV panels, electrolyzer, hydrogen
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storage tank and FC [28]. In addition, since the system operates in a grid-connected
mode, the cost function incorporates the economic impact of energy exchanges with
the utility grid.

Depending on the balance between generation and demand, the system may either
import energy from the grid or export excess power. These exchanges are evaluated
based on predefined electricity tariffs, where the cost of imported energy is determined
by the amount of energy purchased from the grid, while exported energy generates
revenue. Accordingly, both Cgridsand Cgridp are included in the overall cost formulation
to ensure an accurate representation of the system’s economic performance. As a result,
the overall cost formulation can be expressed as follows [3]:

TAC(X) =
∑NComponent

k = 1 NKTCK + Cgrids − Cgridp (18)

where, NK and TCK denote denote the number and annualized cost of component K,
respectively. The annualized cost of each component is calculated as follows [31]:

TCK = (CapitalK + O&MK + ReplacementK − SalvageK) (19)

The capital investment of each subsystem i is converted into an equivalent annual
cost by applying the capital recovery factor, which accounts for both the interest rate
and component lifetime [15]:

CapitalK = Ccap,K × CRF(r, LHRES) (20)

where, r denotes the effective discount rate, which accounts for the influence of
inflation, and LHRES represents the operational lifetime of the hybrid system. While the
CRF (d,Yi) is the capital recovery factor of the HRES and is calculated using Equation
(21) [11,15].

CRF (d,Yi) =
d.(1+d)Yi
(1+d)Yi−1

(21)

In this context, d refers to the rate of interest, which includes the impact of inflation,
while Yi represents the complete lifespan of the hybrid system.

The annualized replacement cost of subsystem i is quantified according to the
following formulation [15]:

ReplacementK = Crep,K × ( LHRES−Li)
Li

(22)

The overall project lifetime of the hybrid renewable system, represented by LHRES,
is set to 25 years. Therefore, replacement costs are considered for all components whose
lifetimes are less than this period.

The hybrid system exchanges energy with the utility grid depending on the
generation–demand balance, exporting surplus power and importing deficit power.
These exchanges are economically evaluated as:

Cgrid_ imp = Egrid_ imp × λimp (23)

Cgrid_ exp = Egrid_ exp × λexp (24)
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The economic interaction between the hybrid system and the utility grid ismodeled
using fixed electricity tariffs. The unit cost of electricity imported from the grid is
denoted by λimp, while the selling tariff for electricity exported to the grid is represented
by λexp. The total electrical energy exchanged with the grid is quantified by Egrid_imp
for imported energy and Egrid_exp for exported energy.

2.8.3. Economic metrics

These economic indicators play a fundamental role in evaluating the financial
performance of the proposed hybrid energy system, as they directly support the
cost–benefit assessment and the determination of overall economic feasibility. Three
key parameters are considered: the total annual cost (TAC), penalty costs, and the
Levelized Cost of Energy (LCOE).

Equation (24) is used to calculate LCOE based on TAC, as detailed in the study of
Drici et al. [18]:

LCOE = TAC∑t = 8,760
t = 1 Etotal

(25)

where Etotal represents the total energy produced by the HRES.

2.8.4. Reliability metrics

In the proposed framework, the penalty cost Cpc quantifies the system’s deviation
from the desired reliability level, measured by the Loss of Power Supply Probability
(LPSP), and from acceptable grid interaction behavior, represented by the power
fluctuation index Fgrid. According to the recommendations reported in the studies of
Sultan et al. and Mohamed et al. [15,32] the LPSP must not exceed a predefined upper
boundβL = 0.01. In addition, the surplus power fluctuation rate Fgrid is constrained by a
threshold Bg, which is limited to 33% of the installed system capacity within a 10-min
time interval. Due to the hourly resolution of the available data, the grid fluctuation
index is approximated using hourly variations, assuming constant behavior within
each hour. This simplification is commonly adopted but may slightly underestimate
short-term fluctuations.

The penalty cost is expressed as follows [32]:

Cpc = Cpc1 (LPSP− βL)
∑N

i = 1 Pload (ti) + Cpc2
Fgrid−Bg

Bg × 100 (26)

where Pload (ti) is the penalty coefficient associated with reliability violation (Cpc1= 100
$/kWh) and Cpc2 is the penalty coefficient related to grid power fluctuation violation
(Cpc2 = 50,000/%)

LPSP =
∑t = 8,760

t = 1 (Pload(t)−PWT(t)−PPV(t)−PFC − inv )∑t = 8,760
t = 1 Pload(t)

(27)

The rate of power fluctuation Fgrid(unitless) can be expressed as follows [31]:

Fgrid =
Psur,max−Psur,min

∆t (28)

where Psur,max are the maximum and minimum surplus powers exchanged with the grid
during the time interval Δt.

To ensure that renewable energy sources supply the majority of the load demand,
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a relative load fluctuation index, denoted as Dload, is introduced.
This index evaluates the degree of mismatch between renewable power generation

and load consumption, thereby reflecting the effectiveness of renewable energy
utilization within the system. Following the methodology reported in the study of
Mohamed et al. [32], Dload is defined as:

Dload =

√
1
N
∑N

t = 1[PPV(t)+PWT(t)−Pload(t)]2

Pload
(29)

where Pload represents the average load demand over the considered period, and N
is the total number of time steps (8,760). According to the analysis reported in the
studies of Sultan et al., Mohamed et al. and Xu et al. [15, 32, 33], the relative
load fluctuation index Dload serves as a key indicator of renewable energy utilization
efficiency. A lower value of this index indicates a stronger alignment between
renewable power generation and load demand, which reflects a higher penetration of
photovoltaic and wind resources in the overall energy mix. When the index remains
below the predefined reference threshold εL = 2, the system can be regarded as
operating predominantly on renewable energy, with only minimal reliance on auxiliary
or external power sources. Maintaining Dload within the allowable range confirms
that renewable generation closely matches load demand, thereby enhancing energy
utilization, reducing curtailment, and demonstrating the effectiveness of the proposed
hybrid system configuration.

2.8.5. Environmental indicator

The reduction in carbon dioxide emissions achieved by the proposed hybrid system
can be evaluated as [11]:

tCO2 = EF · Etotal (30)

where tCO2 denotes the amount of CO₂ emissions avoided, EF is the emission factor
expressed in tons of CO₂ per unit of generated energy, and Etotal represents the annual
energy production of the HRES. In addition, the Renewable Energy Fraction (REF) is
used to quantify the share of the load supplied by renewable sources. It is defined as [3]:

REF = 1−
∑8,760

t =1 Pdefit∑8,760
t =1 Pren

(31)

where Pdefit and Pren represent the total power deficit and the total renewable power
generation, respectively. In the proposed grid-connected HRES, any deficit in power
is compensated by importing electricity from the utility grid. Therefore, the imported
grid energy can be used as an equivalent measure of the deficit when evaluating this
factor.

2.8.6. Constraints

A number of technical and operational limitations are imposed on the optimization
problem to guarantee feasible and reliable operation of the HRES. These constraints
define the allowable ranges of the decision variables as well as the system performance
requirements.

The bounds of the decision variables are defined as follows:
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0 ≤ NWT ≤ NWT_ max

0 ≤ NPV ≤ NPV_ max

0 ≤ NElz ≤ NElz_ max

0 ≤ Ntank ≤ Ntank_ max

0 ≤ NFC ≤ NFC_ max

In addition, the hybrid system must satisfy other performance constraints [3]:

LPSP ≤ 0.01

REF ≥ 0.60

Dgs ≤ 0.33

Dload ≤ 2

2.9. Operational simulation and energy management strategy
The operational strategy of the proposed hybrid PV–WT–FC system is based on

continuous monitoring of the renewable generation and load demand to ensure optimal
power management. At each time step, the total renewable powerPren(t) and the load
demand Pload(t) are measured and compared, considering inverter efficiency. When
the renewable generation equals the load requirement, the load is fully supplied by the
photovoltaic and wind sources, and the fuel cell remains inactive. If the renewable
generation exceeds the load demand, the surplus power is directed to the electrolyzer
for hydrogen production, while any excess beyond the electrolyzer capacity is exported
to the utility grid. Conversely, when the renewable generation is insufficient to meet
the load, the deficit power is supplied by the fuel cell using the hydrogen stored in the
tank. The hydrogen tank level is continuously checked to ensure operation within its
allowable limits. If the fuel cell cannot fully compensate for the deficit due to capacity
or storage constraints, the remaining power shortage is covered by the grid. This
hierarchical control strategy prioritizes renewable energy utilization, promotes efficient
hydrogen storage and recovery, and minimizes grid dependency while guaranteeing an
uninterrupted power supply.

The system operates according to the following scenarios:
Case 1: Renewable generation equals load
If Pren(t) = Pload(t)

µinv
,

the load is fully supplied by renewable sources, and the fuel cell remains inactive.
Case 2: Renewable surplus
If Pren(t) > Pload(t)

µinv
,

the surplus power is sent to the electrolyzer to produce hydrogen. Any excess power
beyond the electrolyzer capacity is exported to the grid.

Psurp(t) = Pren(t)× µinv − Pload(t) (32)

Case 3: Renewable deficit
If Pren(t) < Pload(t)

µinv
,
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the power deficit is supplied by the fuel cell. If the fuel cell capacity is insufficient, the
remaining shortage is covered by the utility grid.

Pdefit(t) = Pload(t)− (Pren − inv + PFC − inv)× µinv (33)

Figure 2 presents the overall optimization framework and operational strategy of
the proposed grid-connected hybrid renewable energy system (HRES). The procedure
begins with the initialization of input parameters, including hourly meteorological data
(solar irradiance, wind speed, and ambient temperature), electrical load demand, and
the technical and economic specifications of system components. Subsequently, the
appropriate system configuration is selected from candidate structures (PV–WT–FC,
PV–FC, and WT–FC). For each configuration, component capacities are optimized
to achieve the best techno-economic performance. Finally, the selected system is
evaluated using an optimization algorithm, followed by a simulation stage (node A)
to assess system performance and determine the optimal design solution.

Figure 2. Overall optimization framework.

The second part of the flowchart depicted in Figure 3, which represents the hourly
operational simulation and energy management strategy of the proposed HRES. The
system is simulated over an annual horizon of 8,760 hourly time steps. At each time
step, the power generated by the photovoltaic array and wind turbines is computed
to estimate the total available renewable energy. The operational strategy described
previously is activated, and the system energy balance is determined.

After completing the yearly simulation, several performance indicators are
calculated to evaluate the reliability and operational behavior of the system. These
indicators include the Loss of Power Supply Probability (LPSP), the load fluctuation
index Dload, and the grid fluctuation index Dgs.
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Figure 3. Flowchart of operating management strategy.

To ensure that the obtained solution satisfies all operational requirements, a
penalty-based constraint handling mechanism is incorporated into the optimization
framework. When reliability or operational constraints are violated, additional penalty
costs are introduced into the objective function. Consequently, the optimization
problem aims to minimize the total annualized system cost combined with the
associated penalty costs.

The optimization algorithm iteratively updates the decision variables
corresponding to the capacities of the system components and repeats the simulation
procedure until convergence is achieved. The final result corresponds to the system
configuration that provides the minimum objective function value while satisfying
all technical and operational constraints, thereby ensuring reliable and economically
efficient operation of the grid-connected hybrid renewable energy system.

2.10. Simulation analysis of HRES

2.10.1. Study area location

This study presents a techno-economic evaluation, optimization, and comparative
analysis of several grid-connected hybrid renewable energy configurations, including
PV–wind–Fuel Cell, PV–Fuel Cell, and Wind–Fuel Cell systems. These systems are
designed to supply electricity to a load within a microgrid located in the southern
region of Morocco, specifically in the province of Dakhla, as illustrated in Figure 4.
The geographical coordinates of the study site are approximately 23.41° longitude and
15.58° latitude.

2.10.2. Load profile data

The annual electrical load profile of the microgrid located in Dakhla is presented
in Figure 5. It illustrates the continuous variation of electricity demand over 8,760 h
throughout the year. The profile exhibits temporal fluctuations, with alternating periods
of low and high consumption, reflecting typical daily and seasonal variations. This load
profile provides a representative basis for evaluating system performance under realistic
operating conditions.
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Figure 4. Location of the proposed grid-connected system.

Figure 5. Annual hourly electrical load profile (8,760 h) for the studied system in Dakhla.

2.10.3. Meteorological data

In this study, the System Advisor Model (SAM) software is used exclusively to
determine the solar irradiance incident on the photovoltaic modules. The available
solar radiation data, typically provided for horizontal surfaces, are imported into SAM
in Excel format together with site-specific parameters such as latitude, longitude, and
PV module tilt angle. Using its built-in solar geometry and transposition models, SAM
converts the horizontal irradiance into the effective irradiance received by the tilted
photovoltaic panels. The resulting time-series profile of the incident solar irradiance,
denoted G(t) (W/m2), is then exported in CSV format and integrated into the hybrid
system simulation framework. This approach provides a practical and computationally
efficient method for solar resource assessment, while avoiding the need to implement
complex solar radiation modeling procedures and ensuring the reliability of the overall
system analysis. Figure 6 illustrates the temporal variation of key meteorological
parameters at the study site, including ambient temperature, wind speed, and solar
irradiance over an annual period. The ambient temperature profile shows a clear
diurnal and seasonal trend, with values ranging from approximately 10 °C to 40 °C.
Higher temperatures are observed during the middle of the year, indicating strong
seasonal influence, while short-term fluctuations reflect daily thermal cycles. The solar
irradiance exhibits a highly regular and repetitive pattern, varying from nearly 0 to about
1,100W/m2. The presence of sharp, periodic peaks followed by near-zero values clearly
reflects the day–night cycle. The consistency of these peaks, with frequent values
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exceeding 800 W/m2, highlights the strong solar potential of the site. In contrast, the
wind speed displays a more stochastic behavior, generally fluctuating between 2 m/s
and 9 m/s, with intermittent peaks.

(a) (b) (c)

Figure 6. (a) Hourly ambient temperature profile of the study area; (b) Corresponding wind
speed variation at the selected location; (c) The estimated solar irradiance on the PV array.

By combining accurate solar irradiance transformation and wind speed
extrapolation, the proposed methodology ensures reliable meteorological data
preprocessing, thereby improving the credibility of the performance evaluation and
optimization of the hybrid PV/Wind/Fuel Cell energy system.

2.10.4. Optimization algorithm selection

Particle Swarm Optimization (PSO) is a population-based global optimization
technique introduced by Kennedy and Eberhart in 1995. The method is inspired by
the collective behavior observed in nature, such as bird flocking, where individuals
interact and adapt based on both their own experience and that of the group [34]. In
PSO, a set of candidate solutions, referred to as particles, forms a swarm that explores
the search space collaboratively.

The optimization process is carried out iteratively through three main stages [3,35].
First, a population of particles is generated with random positions and velocities within
the defined search space, and the objective function is evaluated for each particle. Then,
the best positions are updated by comparing the current solution with both the particle’s
personal best and the global best among all particles. Finally, the velocity and position
of each particle are adjusted using the PSO update equations, allowing the swarm to
progressively move toward the optimal solution. The process continues for several
iterations until the algorithm arrives at a stopping criterion.

Each particle i represents a candidate solution in the search space, defined by
its position xi(k) and velocity vi(k) at iteration k. In addition, each particle stores
two reference positions: the personal best position Pbest,i(k) corresponding to the
best solution previously found by the particle, and the global best position Gbest,i(k)
corresponding to the best solution identified by the entire swarm.

Initially, a population of NP particles is randomly generated within the feasible
search space. For each particle, the hybrid system is simulated using its initial position
xi(0) and key performance indicators, including the TAC, LPSP, Fgrid, Dload and Cpc are
computed. The objective function is defined as described in Equation (16).

As the algorithm progresses, particles update their trajectories by considering
three main influences: their previous motion, their own experience, and the collective
experience of the swarm. At each iteration k, the velocity and position of particle i are
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updated according to:

vi(k+ 1) = ωvi(k) + c1r1 (Pbest, i(k)− xi(k)) + c2r2 (Gbest, i(k)− xi(k)) (34)

xi(k+ 1) = xi(k) + vi(k+ 1) (35)

In these equations, vi(k) and xi(k) denote the velocity and position of particle i
at iteration k, respectively. The parameter ω is the inertia weight that controls the
influence of the previous velocity, promoting exploration of the search space. The
coefficients c1 and c2 represent the cognitive and social components, guiding the
particle toward its personal best and the global best positions. The random variables
r1 and r2 are uniformly distributed in the interval [0,1], introducing stochastic behavior
into the search process. Through successive iterations, particles adjust their positions
and share information, enabling the swarm to gradually converge toward an optimal
or near-optimal solution. The process continues until a predefined stopping criterion,
such as the maximum number of iterations, is reached.

3. Results and discussion

3.1. Optimization results and system sizing
The optimization procedure was carried out over 100 iterations, where each run

was performed independently. The best solution was selected based on the minimum
value of the objective (fitness) function. The Particle Swarm Optimization (PSO)
algorithm was implemented using a population size of 60 particles and a maximum
of 100 iterations. This optimization framework was applied to three different system
configurations: PV–WT–FC, WT–FC, and PV–FC, in order to evaluate their relative
performance and identify the most suitable design.

In this section, the results corresponding to the best-performing runs of the PSO
algorithm are presented. The convergence curves of the PSO algorithm for the different
hybrid system configurations are presented in Figure 7. It can be observed that, for
all cases, the algorithm exhibits a rapid decrease in the fitness value during the initial
iterations, followed by a gradual stabilization, indicating effective exploration and
exploitation capabilities. The PSO algorithm successfully converges toward optimal
or near-optimal solutions within a limited number of iterations, demonstrating its
robustness and efficiency in solving the hybrid system optimization problem. Among
the studied configurations, the PV–WT–FC system achieves the lowest fitness value,
highlighting its superior economic performance compared to the PV–FC and WT–FC
configurations.

The optimal component sizes and associated economic metrics for each
configuration are summarized in Table 1. The PSO algorithm successfully determines
the most suitable combination of system components for each configuration. The
optimal configurations obtained for the three hybrid systems can be expressed in terms
of their component capacities. For instance, the optimal PV–WT–FC system consists
of 530 kW of PV, 140 kW of wind capacity, a 199.1 kW electrolyzer, a 100-kW fuel
cell, and a hydrogen storage capacity of 780 kWh (19.65 kg). while for the PV–FC
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configuration, the system includes a photovoltaic capacity of 670 kW, an electrolyzer
rated at 276.1 kW, a hydrogen storage capacity of 1,490.5 kWh (37.54 kg), and a fuel
cell rated at 100 kW. Figure 8 presents a Comparison of component capacities for
PV–WT–FC and PV–FC configurations obtained from the optimization algorithm.

(a) (b)

(c)

Figure 7. Convergence curve for: (a) Convergence curve of PV–WT–FV; (b) Convergence
curve of PV–FC; (c) Convergence curve of WT–FC.

Table 1. Optimal system configuration.

Configuration PV–WT–FC WT–FC PV–FC

Pramater
LCOE ($/kWh) 0.1472 0.1164∗ 0.1964
Total annual cost ($) 186,957 151,412 255,425
Penalty cost ($) 0 700,588 0
Objective function value ($) 186,957 852,001 255,425
Component
Wind turbines unit 70 171 0
Wind capacity (kW) 140 342 0
PV units 265 0 335
PV capacity (kW) 530 0 670
Electrolyzer (kW) 199.1 152.6 276.1
Fuel cell (kW) 100 149.1 100
H₂ storage (kWh) 780 21,020.1 1,490.5
H₂ storage (kg) 19.65 529.47 37.54

Note: ∗ The penalty costs are not included in the reported total annual cost, but are introduced separately to account for system stability
and reliability.

From an economic perspective, significant differences are observed among the
configurations. While theWT–FC system achieves the lowest LevelizedCost of Energy
(LCOE) at $0.1164/kWh, it incurs a substantial penalty cost of $700,588 due to grid
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instability. When this penalty is incorporated into the objective function, the total cost
for theWT–FC system rises to $852,001, which ismore than three times higher than that
of the other configurations. This result highlights the critical importance of including
reliability and grid interaction constraints in the optimization framework, as a purely
LCOE-based analysis would be misleading. Conversely, the PV–FC system exhibits
the highest LCOE ($0.1964/kWh), driven by the high investment cost of its 670 kW
PV array and a greater reliance on grid purchases.

Figure 8. Component capacities for PV–WT–FC and PV–FC configurations.

3.2. System reliability and grid interaction
System reliability and grid compatibility were assessed using the Loss of Power

Supply Probability (LPSP), renewable fraction (REF), grid fluctuation index (Dgs), and
load fluctuation index (Dload), as detailed in Table 2 and illustrated in Figure 9. All
configurations demonstrate near-zero LPSP values, confirming their high reliability in
meeting the load demand.

Table 2. Reliability indicators.

Metric PV–WT–FC WT–FC PV–FC

Renewable fraction (%) 88.32 96.54 60.00
LPSP 0.0000 0.0000 0.0001
Grid fluctuation index (Dgs) 0.33 0.376 0.33
Load fluctuation index (Dload) 0.988 0.814 1.115

Figure 9. Reliability indicators comparison across configurations.
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Figure 9 further illustrates the comparative performance of the studied
configurations in terms of renewable fraction (REF), grid fluctuation index (Dgs),
and load fluctuation index (Dload), relative to their respective operational constraints.
All configurations satisfy the minimum REF requirement, with the WT–FC system
achieving the highest renewable penetration. Nevertheless, this advantage is offset
by its inability to maintain grid stability, as evidenced by its violation of the Dgs

constraint.
In contrast, the PV–WT–FC and PV–FC configurations remain within the

acceptable Dgs limits, demonstrating enhanced grid compatibility. This improvement
can be attributed to the stabilizing effect of photovoltaic generation, which mitigates
the variability associated with wind power. Additionally, all configurations comply
with the Dload constraint, confirming their capability to ensure stable load supply.

Importantly, the discrepancy observed in the WT–FC configuration where Dload

remains acceptable while Dgs exceeds its limit highlights the fundamental distinction
between load reliability and grid stability. Overall, the PV–WT–FC configuration
achieves the most balanced performance, ensuring high reliability, acceptable
renewable contribution, and stable interaction with the grid.

3.3. Environmental impact
The environmental analysis presented in Table 3 shows that all configurations

significantly reduce CO₂ emissions. The WT–FC system achieves the highest
savings (868 t/year), followed by the PV–WT–FC system (778 t/year). The PV–FC
configuration provides lower emission reduction (534 t/year) due to its limited
renewable contribution. Overall, hybrid systems with higher renewable integration
offer greater environmental benefits.

Table 3. Environmental index.

Configuration CO₂ emissions saved (t/year)

PV–WT–FC 778
WT–FC 868
PV–FC 534

3.4. Economic analysis and cost distribution
To better understand annual system costs by category, Figure 10 provides a

breakdown for each subsystem, revealing the overall cost allocation. Pie charts in
the Figure 10 show the percentage of total annualized cost for each subsystem across
the three hybrid configurations: PV–WT–FC, WT–FC, and PV–FC. Additionally, bar
charts illustrate the distribution of capital, O&M, and replacement costs for system
components in all configurations.

The pie charts show that the main generation technology accounts for the largest
cost share: PV represents 52% of costs in the PV–WT–FC system and 65% in the
PV–FC system, while wind power accounts for 51% of the WT–FC system. Hydrogen
contributes substantially across all configurations (26–46%), whereas inverter costs
remain small (3–4%). Capital cost is the dominant contributor across all generator
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technologies, especially for PV and wind power. Replacement costs are largely tied
to hydrogen components (fuel cells and electrolyzers) due to their shorter lifespans,
while O&M and other components play a minor role. The PV–WT–FC system shows
the most balanced cost distribution, underscoring the benefit of integrating multiple
renewable sources.

(a) (b) (c)

(d) (e) (f)

Figure 10. Cost distribution of: (a) PV–wind–FC; (b)Wind–FC; (c) PV–FC; distribution of
capital, O&M, and replacement costs of: (d) PV–wind–FC; (e)Wind–FC; (f) PV–FC.

The economic benefit of grid interaction is quantified in Table 4. Enabling
electricity export consistently improves economic performance across all
configurations. For the PV–WT–FC system, the annual cost decreases from
$198,612 to $186,957, and the LCOE from $0.1527/kWh to $0.1437/kWh. This
confirms that the ability to sell surplus renewable energy significantly enhances the
economic viability of these hybrid systems.

Table 4. Annual system cost and levelized cost of energy (LCOE) for Hybrid configurations
with and without grid trading.

System Scenario Annual cost ($/yr) LCOE ($/kWh)

PV–wind–FC Grid trading allowed 186,957 0.1437
No selling to grid 198,612 0.1527

Wind–FC Grid trading allowed 151,412 0.1164
No selling to grid 179,081 0.1377

PV–FC Grid trading allowed 255,425 0.1964
No selling to grid 264,887 0.2037

Figure 11 presents the distribution of the annualized cost (TAC) of the
proposed grid-connected PV–WT–Fuel Cell hybrid system, highlighting the economic
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contribution of each component. The results indicate that the PV subsystem accounts
for the largest share of the total cost due to its high installed capacity required to
ensure adequate energy production, followed by the wind subsystem, while the
hydrogen subsystem introduces additional costs but provides essential flexibility
and reliability through energy storage and conversion. In contrast, the inverter
contributes only a minor portion of the total cost, whereas the grid interaction yields
a negative cost due to revenue generated from excess energy export. From an
economic perspective, these results demonstrate that although renewable generation
and hydrogen technologies require significant initial investment, the integration of PV,
wind, and fuel cell systems enables efficient energy utilization, reduces dependence
on external supply, and enhances profitability through grid sales, thereby improving
the overall cost-effectiveness of the proposed hybrid system.

Figure 11. Annual cost breakdown of PV–WT–FC.

3.5. Energy management and operational dynamics
Figure 12 compares the energy production and grid interaction of the three hybrid

systems (PV–wind–FC, Wind–FC, and PV–FC), showing renewable generation, fuel
cell output, grid purchases, and grid exports. The results indicate that the WT–FC
system produces the highest renewable energy, followed by the PV–WT–FC system,
both of which export significant surplus electricity to the grid. In contrast, the PV–FC
system generates less renewable energy and relies heavily on grid purchases, while
the fuel cell plays a larger role in compensating for solar variability. Overall, Figure
12 highlights that combining wind and solar resources improves energy balance and
reduces dependence on grid electricity.

The energy management strategy of the optimal PV–WT–FC configuration was
analyzed in detail. Figure 13 illustrates the daily energy contributions of the PV, wind,
fuel cell, and grid within the proposed hybrid system, highlighting their complementary
roles in meeting the load demand. The PV generation shows a relatively stable trend,
while wind power exhibits significant variability due to changing wind conditions. The
fuel cell ensures continuity of supply by compensating for periods of low renewable
generation through the use of stored hydrogen. Additionally, the grid provides
supplementary support when necessary, ensuring a reliable and balanced energy supply
throughout the year.
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Figure 12. Energy production and grid interaction.

Figure 13. Daily energy supply contributions over a year.

Figure 14 illustrates the hourly operation of the proposed hybrid PV–WT–FC
system during the first week of January. Figure 14a presents the comparison between
total renewable generation (PV +WT), fuel cell output, and load demand, showing that
renewable sources supply the majority of the energy, while the fuel cell is activated
during deficit periods to ensure continuous power supply. Figure 14b depicts the grid
interaction, highlighting alternating periods of electricity import and export depending
on the balance between generation and demand.

(a)

Figure 14. Cont.
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(b)

Figure 14. Hybrid PV–WT–FC performance during the first week of the year: (a) Renewable
energy weekly production and FC output vs. load; (b)Weekly grid exchange.

To further evaluate the dynamic performance of the proposed hybrid PV–WT–FC
system, representative weeks from different seasons (January and June) are analyzed,
as illustrated in Figure 15. Figure 15 provides a detailed insight into the short-term
operational behavior of the system under varying climatic conditions and load patterns.

(a)

(b)

Figure 15. Hybrid PV–WT–FC performance during the first week of: (a) System
evolution—January week; (b) System evolution—June week.

In January (Figure 15a), the system operates under moderate solar availability
and variable wind conditions. The PV generation follows the expected daily cycle
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but with lower peak values compared to summer months, while wind contributes
intermittently. As a result, the system experiences several periods where renewable
generation alone is insufficient to meet the load demand. During these intervals, the
fuel cell is actively engaged, supported by occasional grid imports, ensuring continuous
load satisfaction. This highlights the importance of hydrogen storage and grid support
during low renewable availability periods.

In June (Figure 15b), the system exhibits significantly improved performance
due to higher solar irradiance and relatively stable wind conditions. PV generation
reaches its highest levels, often exceeding the load demand during daytime hours.
Consequently, the reliance on the fuel cell and grid import is considerably reduced.
Instead, surplus energy is either stored or exported, demonstrating enhanced system
autonomy and improved renewable energy utilization. This period represents
near-optimal operating conditions for the hybrid system.

3.6. Analysis and discussion of system performance during peak load
conditions
Figure 16 examines the system’s response during a 48‑h peak demand interval

(starting at 3,625 h). The plot captures the load profile alongside the contributions of PV,
wind turbine (WT), fuel cell (FC), and grid exchange, revealing how the components
coordinate to maintain power balance.

Figure 16. System performance of the PV–WT–FC hybrid system under peak load conditions
(48-h peak load period, starting at 3,625 h).

At the beginning of the interval (0–10 h), the load is high while PV output is
negligible (nighttime) andwind generation is limited or fluctuating. To cover the deficit,
the fuel cell is activated, and the grid may also provide support, demonstrating the
system’s immediate response to renewable shortages. As solar irradiance increases
(10–20 h), PV generation rises, and with possible wind contribution, the reliance on the
fuel cell gradually decreases, minimizing grid usage.

During the peak renewable production phase (20–30 h), PV and wind together
largely or fully meet the load; the fuel cell operates at a minimum or is turned off,
and any excess energy is diverted to hydrogen production, illustrating effective energy
storage. When solar radiation declines (30–40 h), PV output drops while wind remains
variable, creating a new gap that is compensated by reactivating the fuel cell and, if
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needed, by grid support. In the final hours (40–48 h), with PV again negligible and
wind possibly insufficient, the fuel cell acts as the primary backup, and the grid serves
as a final safety net.

Overall, Figure 16 confirms that the hybrid system can reliably supply the load
during peak demand intervals. PV and wind serve as primary sources whenever
available; the fuel cell (backed by hydrogen storage) bridges periods of renewable
deficit, and the grid provides a last‑resort reliability layer. This coordinated operation
ensures uninterrupted power delivery, validating the system’s effectiveness under the
most challenging conditions.

Figure 17 illustrates the operation of the hybrid system and the behavior of the
hydrogen subsystem during the same period of peak load.

Figure 17. System operation and behavior of the hydrogen subsystem during peak load
conditions.

During the analyzed peak load period, the hydrogen subsystem comprising the
electrolyzer, hydrogen storage tank, and fuel cell plays a critical role in maintaining the
balance between energy supply and demand.

At the beginning of the period, when renewable generation from PV and wind
is insufficient, the system experiences a power deficit. In this situation, the fuel cell
is activated, converting the stored hydrogen into electrical energy to support the load.
The hydrogen tank, therefore, acts as an energy reserve, discharging its stored energy
to ensure continuity of supply. If the deficit exceeds the fuel cell capacity, the grid
provides additional support.

As renewable generation increases during daylight hours, particularly with rising
PV output, the dependence on the fuel cell decreases. When the combined renewable
power becomes sufficient to meet the load demand, the fuel cell is either partially
loaded or completely turned off. Under these conditions, if excess renewable energy
is available, the electrolyzer is activated, converting the surplus electrical energy into
hydrogen. This hydrogen is then stored in the tank for later use, effectively shifting
energy from periods of surplus to periods of deficit.

During peak renewable generation intervals, the electrolyzer operates at higher
capacity, increasing the hydrogen storage level. This process enhances the system’s
ability to handle future shortages. The hydrogen tank is thus continuously updated,
storing energy when excess is available and releasing it when required.
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As solar generation declines later in the period and renewable output becomes
insufficient again, the system re-enters a deficit state. The electrolyzer is deactivated,
and the fuel cell resumes operation, supplying power by utilizing the previously stored
hydrogen. This transition highlights the bidirectional role of the hydrogen subsystem
as both an energy storage and energy supply mechanism.

Toward the end of the period, when PV generation is negligible and wind power
remains limited, the fuel cell becomes the primary internal source of energy. The
hydrogen tank continues to discharge until its minimum limit is reached, after which
the grid compensates for any remaining unmet demand.

3.7. Discussions validation with existing literature in Morocco, including
FC
To validate the effectiveness of the proposed optimization framework, a

comparison with existing studies conducted in Morocco involving fuel cell-based
hybrid systems is presented in Table 5. The results demonstrate that the proposed
grid-connected PV–WT–FC system achieves a competitive LCOE of 0.1472 $/kWh,
which is significantly lower than several reported configurations, such as PV–WT–FC
systems in Dakhla (0.3115 $/kWh [36]) and PV–WT–FC–GES systems in Safi
(0.23 €/kWh [37]), while remaining comparable to advanced grid-connected systems
in Tangier (0.21 $/kWh [38]). In addition, the proposed system ensures excellent
reliability performance (LPSP = 0%) and a high renewable energy fraction (REF
= 88.32%), outperforming many previous studies where reliability constraints or
renewable penetration were not fully optimized.

Table 5. Similar recent case studies.

System
components

Off-Grid
(OG)/Grid-Connected
(GC)

Location/Application
Economics obtained
using various
methods

Reliability and
others obtained
using various
methods

Ref.

PV–WT–FC (Off-Grid/Standalone)
Dakhla City, Morocco
Application: Powering a
remote, isolated area

LCOE: $0.3115/kWh

LPSP of 0.04647,
well within the 5%
constraint,
indicating high
system reliability.

Bouaouda
and
Sayouti [36]

PV–WT–FC–GES (Off-Grid/Standalone
Safi, Morocco—Coal plant
replacement

LCOE = 0.23 €/kWh at
full reliability

100% supply
reliability

Sahab et
al. [37]

PV–WT–BT–FC Grid connected
Tangier,
Morocco—Residential
building

LCOE = 0.21 $/kWh

Environmental:
CO₂ reduction of
18.21, 15.13
tCO₂e/year

Elaouzy et
al. [38]

WT–FC–DG–FC (Off-Grid/Standalone
Dakhla, Morocco/Remote
off-grid residential
settlement

LCOE: $0.0701/kWh
44.57% renewable
fraction;

El Hassani
et al. [39]

PV–WT–FC Grid connected
Dakhla City, Morocco
Application: Powering an
isolated area

LCOE = 0.1472

LPSP = 0%
REF = 88.32%
Dgs = 0.33
Dload = 0.988

This work
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Although the WT–FC–DG–FC configuration reported in El Hassani et al.’s
study [39] achieves the lowest LCOE (0.0701 $/kWh), this result is obtained at the
expense of a relatively low renewable energy fraction (44.57%). This indicates a
significant dependence on non-renewable sources, with more than half of the energy
supplied by conventional generation. Consequently, despite its economic advantage,
such a configuration cannot be considered fully sustainable from an environmental
perspective. In contrast, the proposed system achieves a more balanced trade-off by
combining competitive cost with a high renewable energy penetration, thereby ensuring
both economic viability and environmental sustainability.

The superior performance observed in this study is a direct consequence of
the adopted optimization methodology. By integrating economic, reliability, and
grid stability constraints within a unified framework, the proposed approach enables
the identification of system configurations that are not only cost-effective but also
operationally stable and environmentally sustainable. This comprehensive formulation
explains the improved results achieved, particularly the combination of lowLCOE, zero
loss of power supply probability (LPSP), and high renewable energy fraction (REF). In
addition to its competitive economic performance, the proposed system demonstrates
enhanced reliability and high renewable energy penetration, reflecting a well-balanced
trade-off between cost efficiency and operational performance. These outcomes
clearly highlight the effectiveness of the multi-constraint optimization approach, which
ensures more robust and realistic solutions compared to previous studies in the same
region, where optimization is often limited to individual study aspects rather than a
comprehensive multi-criteria evaluation.

4. Conclusions

This study investigated the techno-economic and environmental performance
of grid-connected hybrid renewable energy systems (HRES) for a case study in
Dakhla, Morocco. Three system configurations, PV–WT–FC, WT–FC, and PV–FC,
were analyzed by optimizing the capacities of photovoltaic panels, wind turbines,
electrolyzers, hydrogen storage tanks, and fuel cells under an advanced energy
management strategy.

A comprehensive system-level modeling framework was developed, integrating
detailed mathematical representations of all system components and their interactions.
The optimization problem was formulated to minimize the total annual cost while
incorporating penalty terms related to system reliability and grid stability. Key
performance indicators, including the levelized cost of energy (LCOE), renewable
energy fraction (REF), loss of power supply probability (LPSP), and grid fluctuation
indices, were evaluated to ensure a multi-dimensional assessment of system
performance.

The results demonstrated that the PV–WT–FC configuration represents the most
optimal solution, achieving a total annual cost of 186,957 USD and an LCOE of 0.1472
USD/kWh, along with a high renewable energy fraction of 88.32%. This configuration
also ensured excellent reliability (LPSP = 0.0000) and stable grid operation. In contrast,
although the WT–FC configuration yielded a lower LCOE when considering only
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component costs, it exhibited significant grid instability, leading to high penalty costs
and reduced overall feasibility. Similarly, the PV–FC configuration showed higher
costs and lower renewable penetration, making it less competitive.

These findings highlight a key contribution of this work: the necessity of
integrating grid stability constraints and penalty mechanisms into the optimization
framework. Relying solely on economic indicators such as LCOE can lead to
suboptimal or impractical system configurations; therefore, a holistic evaluation that
includes economic, environmental, reliability, and grid stability aspects is essential for
accurate system design.

Overall, the PV–WT–FC system provides the best trade-off among all considered
criteria, offering a balanced solution in terms of cost, reliability, environmental
performance, and operational stability. The integration of hydrogen storage plays a
crucial role in enhancing system flexibility by enabling efficient energy storage and
mitigating renewable intermittency, thereby reducing dependence on the grid.

The findings of this study have important practical implications for the design
and deployment of hybrid renewable energy systems, particularly in regions with
high renewable potential such as Morocco. The proposed framework can support
decision-makers in selecting optimal system configurations that balance multiple
performance objectives while ensuring system feasibility under real operating
conditions. Furthermore, the results provide useful guidelines for component sizing
and energy management in grid-connected hybrid systems.

Future research should focus on extending the proposed framework by
incorporating more advanced component models that account for part-load behavior,
temperature effects, and degradation mechanisms. In addition, the development of
intelligent energy management strategies based on predictive or artificial intelligence
techniques, as well as the comparison of different optimization algorithms, could
further enhance system performance. Finally, experimental validation and pilot-scale
implementation are recommended to assess the real-world applicability of the proposed
approach.
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Abbreviations

Description Unit
Instantaneous photovoltaic power output kW
Total photovoltaic energy output kWh
Wind turbine power output kW
Wind energy production kWh
Fuel cell electrical output kW
Power transferred from electrolyzer to hydrogen tank kW
Power supplied from hydrogen tank to fuel cell kW
Total renewable power (PV + WT) kW
Load demand kW
Power deficit kW
Surplus power kW
Power supplied to load after inverter kW
Total generated energy kWh
Energy stored in hydrogen tank kWh
Maximum hydrogen storage capacity kWh
Hydrogen mass stored kg
Hydrogen consumption kg
Higher heating value of hydrogen kWh/kg
Hydrogen production rate kW
Photovoltaic efficiency –
Electrolyzer efficiency –
Fuel cell efficiency –
Hydrogen storage efficiency –
Inverter efficiency –
PV temperature coefficient 1/°C
Nominal operating cell temperature °C
Solar irradiance W/m2

Reference irradiance W/m2

Cell temperature °C
Ambient temperature °C
Wind speed at hub height m/s
Wind speed at reference height m/s
Hub height m
Reference height m
Wind shear exponent –
Rated wind turbine power kW
Cut-in wind speed m/s
Rated wind speed m/s

30

Symbol
PPV
EPV
PWT

EWT

PFC-inv 

PElz-H2_tank

PH2_tank-FC

Pren
Pload 

Pdeficit 
Psurp
Pinv-load 

Etotal 
EH2_tank 

EH2_tank_max

mH2

mH2,c 

HHVH2 

PH2_produced 

ηPV
ηElz
ηFC
ηHST
μinv
β
NOCT
G
Gref

T
Tamb
Wh

Wref

Hh

Href

n
Prated
WCi

Wr



Energy Storage and Conversion 2026, 4(2), 4186.

WCo Cut-off wind speed m/s
X Decision vector of optimization variables –
NPV Number of PV units –
NWT Number of wind turbines –
NFC Number of electrolyzers –
NElz Number of hydrogen tanks –
NTank Number of fuel cells –
TAC Total annual cost $
LCOE Levelized cost of energy $/kWh
Ccapital Capital cost $
CO&M Operation and maintenance cost $
Creplacement Replacement cost $
Csalvage Salvage value $
Cgrid,imp Cost of imported electricity $
Cgrid,exp Revenue from exported electricity $
λimp Electricity import tariff $/kWh
λexp Electricity export tariff $/kWh
CRF Capital recovery factor –
r Discount rate –
FHREs System lifetime years
LPSP Loss of Power Supply Probability –
REF Renewable energy fraction –
Fgrid Load fluctuation index –
Dload Grid fluctuation index –
βL Maximum allowable LPSP –
βg Grid fluctuation limit –
tCO2 CO₂ emissions avoided t/year
EF Emission factor t/kWh
t Time step h
∆t Time interval h
N Number of time steps (8,760) –
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