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Abstract

Hybrid renewable energy systems (HRESs) are increasingly used because they integrate
diverse energy resources whose availability can complement one another over the day-
night cycle. However, the high cost of system components, particularly batteries, and the
dependence of energy generation on weather conditions can undermine their economic
viability. Researchers, therefore, seek to optimize HRES configurations to achieve a balance
between reliability and lifecycle cost by performing techno-economic studies using different
techniques. One of the industries that started relying more on renewable energy is the
mobile telecommunication industry, especially in the remote stations where the expansion
of the grid is expensive and the renewable resources are abundant. This study introduces
the scope of hybrid renewable energy system optimization and applies a study case to a
remote telecommunication station where the existing energy system was installed without
prior techno-economic assessment. Using mathematical models, single and multi-objective
(lexicographic) optimizations are conducted using the particle swarm optimization algo-
rithm and a deterministic exhaustive search numerical algorithm, to minimize the lifecycle
cost of the system, maintain reliability for a full continuity of service, and reduce the depen-
dency to the diesel generator to contribute to the decarbonization objective of the world.
The computational results show a significant reduction in the cost of the system from USD
525,512.83 for the existing system to approximately USD 197,879.03 (reduction of 62.3%
of the actual cost), and the operating hours of the diesel generator from 1401 h/year to
770 h/year. More details are presented in the Discussion section.

Keywords: multi-objective optimization; renewable energy; cost reduction; reliability;
lexicographic; exhaustive

1. Introduction

Mobile telecommunication sites or base transceiver stations (BTSs) [1] are fundamental
components of mobile telecommunication networks and serve as the main interfaces be-
tween users and the network. These stations contain equipment that enables users to access
the network through different generations of mobile technology (2G, 3G, 4G, and 5G).

Energies 2026, 19, 5313

https://doi.org/10.3390/en19215313


https://crossmark.crossref.org/dialog?doi=10.3390/en19215313&domain=pdf&date_stamp=2026-11-05
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-7044-2635
https://orcid.org/0000-0002-1666-6996
https://orcid.org/0000-0001-9977-3000
https://orcid.org/0000-0002-0372-2901
https://doi.org/10.3390/en19215313

Energies 2026, 19, 5313

2 0f 27

As mobile technology advances, subscriber demand increases. Consequently, main-
taining continuous service at telecommunication sites has become a critical requirement. To
ensure a reliable power supply, telecommunication equipment typically operates on a 48 V
DC system, which allows batteries to store energy and supply the equipment during energy
shortages. However, grid instability and prolonged power outages at some sites can limit
the effectiveness of batteries as a standalone backup solution, and diesel generators (DGs)
incur fuel and maintenance costs. For this, HRESs are employed to ensure the reliability of
the energy system, extend battery service life by reducing charging and discharging cycles,
reduce the DG operation and maintenance costs, and mitigate greenhouse gas emissions.

In the literature on HRESs [2], researchers aim to ensure reliable power supply while
minimizing cost.

Hamza Siyoucef et al. [3] investigated the reduction in energy costs and improvement
in energy-system performance at three grid-connected mobile telecommunication sites in
remote areas of Algeria and Morocco. The techno-economic optimization is performed using
HOMER software [4], while energy production is simulated using MATLAB/Simulink.
Based on the TNPC, LCOE, and the DG emissions, HOMER obtained the PV-wind turbine
system as the optimal solution.

In [5], the authors designed a PV, wind turbine (WT), battery microgrid to power the
remote telecommunication towers instead of the existing DGs. Multi-objective function
incorporating the loss of power supply probability (LPSP), excess of energy (EE), and the
COE is optimized based on a non-dominated sorting genetic algorithm II (NSGA II) [6-8].
Three scenarios of LPSP were analyzed, and the results are presented in Table 1.

Table 1. HRES design solution based on LPSP criteria.

LPSP PV WT Batt COE
0.218

0 106 9 kW 306.63 Ah USD/kWh
0.038 24 6.3 kW 247.1 Ah 0.179
0.2 47 30.8 kW 189.3 Ah 0.089

To supply a city in DJelfa, Algeria, the team of Zakaria Belboul [9] used a multi-objective
salp swarm algorithm (MOSSA) [10] to determine the PV rated power, number of wind
turbines, and battery autonomy with the objective of minimizing the COE and LPSP. This algo-
rithm is coupled with an energy management system (EMS) to control the flow of the energy
between the system components; then, it is compared with the multi-objective dragonfly algo-
rithm (MODA) [11], multi-objective ant lion optimizer (MOALO) [12], and multi-objective
grasshopper optimization algorithm (MOGOA) [13]. The authors reported that MOSSA is
the most effective algorithm with a COE of 0.255 USD/kWh and an LPSP of 27.079%.

Electric trains are an efficient solution to reduce the greenhouse gas emissions in the
transportation field. However, these trains receive energy from fossil fuel-based power
plants. So, electric trains contribute indirectly in polluting the environment. Farshid
Foroutan et al. [14] investigated the deployment of HRESs in a traction power supply
substation to substitute fossil fuel with a green hybrid traction power supply substation
(GHTPS). Their objective is to find the best size of the system with the minimum NPC.
The system consists of PV modules (210 W), wind turbines (1.65 MW) and the grid as a
backup source, which saves 40-50% of the LCC compared to batteries [15]. To achieve this
objective, optimizations are held using HOMER software and the following population-
based algorithms: atom search optimization [16], bird swarm algorithm [17], Coyote
Optimization Algorithm [18], Grey Wolf Optimizer [19], Harris Hawks Optimization [20],
Artificial bee colony [21], Multi-population Ensemble Differential Evolution [22], genetic
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algorithm, particle swarm optimization [23], and ant lion optimizer. The optimization is
run using the data of 8760 h with a time step of 1h and a population size of 250 for all
algorithms for a fair comparison between them. The results are shown in Table 2

Table 2. NPC of the optimal solutions.

Algorithm NPC (USD) SD
ASO 82,870,307.8014 USD 6.34 x 104
BSA 82,863,135.5319 USD 1.40 x 1078
COA 82,863,135.5319 USD 1.57 x 1078
GWO 82,863,185.9064 USD 7.98 x 10°
HHO 82,863,293.0492 USD 2.88 x 10°
ABC 82,865,170.8008 USD 4.40 x 10*

MPEDE 82,863,135.5319 USD 1.57 x 1078
GA 83,384,874.4294 USD 2.94 x 10°
PSO 82,863,135.5319 USD 2.30 x 1074
ALO 82,863,135.5443 USD 8.36 x 1072

BSA, COA, MPEDE, PSO, and ALO obtained the same minimum cost function (USD
82,863,135.5319), but BSA had the smallest standard deviation (1.40 x 1078), which makes it
the most robust method. The obtained size of BSA consists of 0 PV array and 40 wind turbines.

For further results, BSA is compared with HOMER simulation, which obtained zero
PV array and two wind turbines as the best size with an NPC of USD 133,710,880. The
authors attributed the difference to the optimization formulations, explaining that their BSA
approach included a net-power constraint based on the difference between load demand
and renewable generation, whereas HOMER did not account for this constraint in the
same way. They also reported that the site’s relatively weak solar resource favored wind
generation in the BSA solution.

1.1. Related Work

This research paper investigates the standalone HRES of the 4G remote mobile telecom-
munication station in Bougaroun, Skikda, Algeria, which consists of 33 PV modules
(250 W) [24], 96 lead-acid batteries (2 V, 650 Ah) [25], and a 17.5 kVA DG [26]. The
objectives of this study are as follows:

- Conduct a techno-economic study using real BTS energy consumption including wind
turbines in a telecommunication power system in Algeria to increase the contribution
of renewable energy penetration.

- Resize the actual configuration of the system using an exhaustive search numerical
algorithm to find the best size.

- Apply an energy management system (EMS) [27] to control the operation of the
system components.

- Apply the charge limit of the battery in the EMS to approach real-world battery
operation and increase the results’ precision. This constraint was not considered in
the studies reviewed.

- Reduce DG operating hours and fuel consumption, with the potential to reduce CO,
emissions.

Single and multi-objective optimizations are carried out, and the results are compared
to each other and to the existing system to determine the best configuration related to the
best cost function.

In the single-objective optimization, the exhaustive search numerical algorithm aims
to minimize the LCC of the PV-battery—-WT-DG system subject to zero (0) LPSP.
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In the multi-objective optimization, a lexicographic approach [28] is used to optimize
the LPSP first and then the LCC of the PV-battery—WT-DG system.

1.2. Description of the System

The site of Bougaroun is a terminal 4G mobile station
Mobilis company [29]), located in the remote cap of Bougar
and their ratings are as follows:

- Radio transmission network (Figure 1): 48V/14.3A.

JRON POCO X3 NFC

Figure 1. RTN 950.

- Base transceiver station (BTS3900): 48V /78A (Figure 2)

0000
SHOT ON'POCO X3 NFC

Figure 2. BTS 3900.

- DC air conditioner: —48V/20A (Figure 3).

(owned by Algérie Telecom
oun. The loads of the station
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DC Air Conditioner

Figure 3. DC air conditioner.

The components of the HRES are as follows:

- PV array: The system comprises 33 PV modules (Figure 4), which serve as the pri-
mary source of electrical energy. The modules are connected in parallel, and DC-DC
converters are used to boost their output voltage to the required system voltage.

- Battery bank: The energy storage system consists of 96 AGISSON TCB-650A batteries,
each rated at 2 V and 650 Ah (Figure 5). The batteries are arranged in four parallel
strings, each containing 24 batteries connected in series. Each string, therefore, has
a nominal voltage of 48 V and a capacity of 650 Ah, resulting in a total nominal
battery-bank rating of 48 V and 2600 Ah.

- DG:17.5KVA/14 kW (Figure 6).

Figure 5. Lead-acid batteries.
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Figure 6. 17.5 kVA DG.

2. HRES Optimization Methods

Optimization techniques are used to identify the best solution to a given problem by
minimizing or maximizing an objective function subject to specified constraints.

In HRES design, these techniques are applied to determine the optimal sizes of the
system components, including the number of PV modules, battery-bank capacity, number
of wind turbines (WTs), and diesel generator (DG) rated power. The optimal configuration
depends on the selected objective function and the associated constraints, which may include
minimizing the lifecycle cost (LCC) while satisfying a specified reliability requirement [30].

2.1. Graphical Construction

It solves the problems of two design variables, which change with respect to one
another. All the constraints are plotted in the same graph, and the optimal solution is
obtained from the feasible region in the graph.

2.2. Probabilistic Approach

In this technique, the presence of randomness depends on the collected data, and the
variable states are described using a statistical tool.

2.3. Deterministic Approach

Unlike the probabilistic approach, the deterministic approach has a unique solution
where the set of variable states is only identified by parameters in the model and sets of
previous states of these variables.

2.4. Iterative Approach

It is a mathematical method, performed by a computer, which generates a sequence
of improved approximative solutions and stops when it reaches the termination criteria.
The disadvantage of this method is that the computation time is directly proportional
(exponentially) to the number of optimization variables.

2.5. Artificial Intelligence

Artificial intelligence (AI) develops intelligent agents who perform actions that increase
the chance of success [31]. Many Al algorithms are nature inspired, like PSO, GA, ACO, and
artificial neural networks (ANNSs) [32,33], in addition to many other developed algorithms,
like fuzzy logic (FL) [34], exhaustive search technique (ES), Pareto optimization (PO) [35]
and hybrid systems, which combine two or more algorithms.
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2.6. Software-Based Approach

HOMER, RETScreen [36], PVsyst [37], and iHOGA (hybrid optimization by genetic
algorithms) [38], etc., are used.

3. Modeling of HRES

To perform the optimization, the parameters of the system components, like the output
power of PV panels and WT, state of charge of the batteries, and the fuel consumption of
the DG, must first be calculated using mathematical equations. The calculated values are
then used to evaluate candidate system configurations during the optimization process.
Since different mathematical models can be used to represent the same component, the
models adopted in this study are described in the following subsections. Previous studies
have also presented various models for HRES components and optimization [5,39-41].

3.1. PV Model

PV modules are characterized by the short-circuit current, open-circuit voltage and
the temperature of the cells [42-44].

Po(t) = Voe(h). Lo (b). FF (1)

where:
Voot Open-circuit voltage (V).
I,.: short-circuit current (A).
FF: fill factor.

G
Isc(G,T) = @[ISC,STC + i (T — Torc) | (2)

where:
G: global solar irradiance (W/m?).
T: PV module temperature (C°).
Ggrc: solar irradiance at standard test conditions (STCs).
Tsrc: PV module temperature at STCs (C°).
Hi.: thermal coefficient of the short-circuit current (A/C°).

NKTn = G
(=) + pyo, (T = Tsc) (3)

Voel O = Vot T M G

cstc T
where:
Vet open-circuit voltage at STCs (V).
Ng: number of the series-connected cells in a PV module.
K: Boltzmann constant (1.381 x 10723 J/K).
n: diode ideality factor.
g: electronic charge (—1.602 x 107 C).
My, thermal coefficient of the open-circuit voltage (V/C°).
The temperature of the PV module is calculated as follows:

NOCT - 20
—

=Ta 800

@ (4)
where:

T.: cell temperature (C°).

T,: ambient temperature (C°).

NOCT: nominal operating cell temperature (C°).

800: solar radiation (W/m?).

&@: solar irradiance (W/m?).
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3.2. Wind Turbine Model

The output power of a wind turbine depends on the wind speed at hub height and the
turbine’s power characteristics. Figure 7 illustrates the output power of a WT as a function
of the wind speed. The power curve can be divided into three operating regions:

4 Second performance
lregion

First performance
region

Power output

Vcut-in : Vrated Vcut-out
Wind speed

Figure 7. Wind turbine power variation with wind speed.

[0~V ytin - The turbine does not produce any power.

[Veutin 0 Vigted ]: Veutin 1S the threshold speed at which the turbine starts generating
the minimum power. In this interval, the power keeps increasing linearly as the speed
increases, until it reaches the rated speed V ,eq.

[Viated=Veut-out]: The turbine operates at its rated power. When the wind speed reaches
the cut-out speed, the turbine shuts down to protect its mechanical components from
potentially damaging high winds.

Different techniques of modeling WT output power have been used in the
literature [5,41,45-49]:

P(u), foru, <u<u,

P, (u) = {Pg, foru, <u <up (5)
0, foru <u,oru > ur
P(u):PRu_uC,foruCSuSur (6)
Uy — U

where:
Pp: rated power of the wind turbine.
u: wind speed.
u,: rated wind speed.
u.: cut-in wind speed.
up: cut-off wind speed.
P(u) varies linearly in the interval [u. — u,] [30].

3.3. Battery Modeling

A battery is an electrochemical device, storing electrical energy during charging and
releasing energy during discharging. Its state of charge (SOC) represents the remaining
charge relative to its rated capacity, usually expressed as a percentage. The SOC can be
modeled during the charging and discharging phases [30,50-52].

Charging phase:

Pt
SOC(t) = SOC(t—1) + (va(tmdcdc + Prg (1) Macge — M)M

Nwr Nino
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Discharging phase:

At (8)

Pload(t) 1
SOC(t) =SOC(t—-1) + va(t)'ndcdc + ng(t)-nacdc -

Nwr Nino ‘Y]dis-ubus

where:
Pjosqt the power consumed by the load at time t.
At: simulation time step.
Nacao: efficiency of the DC/DC converter.
Nacde: efficiency of the AC/DC converter.
Nimo: efficiency of the inverter.
s Wire losses.
N charging efficiency.
14is: discharging efficiency.
U,,,: nominal bus voltage (v).

3.4. Diesel Generator Model

In an HRES, the diesel generator (DG) serves as a backup power source when renewable
generation and the energy available from the battery bank are insufficient to meet the load
demand. Depending on the energy management system, the DG may supply the load alone
or supply the load while simultaneously charging the batteries.

The DGs use conventional fuel (diesel) as a source of energy to generate electrical power.
However, the combustion of this fuel emits greenhouse gases, which are environmentally
unfriendly. For this, reducing DG operation can help lower fuel consumption and associated
emissions. To estimate the quantity of fuel consumption, the following model is used:

D¢(t) = apPpc(t) + BpPpe: 9)

where:
Dy(t): hourly fuel consumption (L/h).
Ppg: average DG power per hour (kW).
Ppg,: rated DG power (kW).
&p, Bp: coefficients of the fuel consumption curve (L/kWh).
The values of « and B are 0.246 and 0.08145, respectively [9,53-57].

4. HRES Optimization Objectives and Criteria

HRES optimization aims to identify the system configuration that optimizes one or more
objective functions subject to specified constraints (criteria). These objectives and criteria can
be classified into three categories: economical [58-62], technical [7,9,43,50,52,60,61,63,64], and
environmental [65-67].

4.1. Economical
Lifecycle Cost (LCC)

It is the total recurring and non-recuring costs during the life of the system. Different
equations have been used in the literature to calculate its value

LCC == Ci + CO&M + Cn,p (10)

where:
C;: the initial cost.
Cog: Operation and maintenance cost.

Cyep: the replacement cost [58].

https://doi.org/10.3390/en19215313
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To calculate Cogy and cost of replacement, the present worth of operating cost
(PWogm) and replacement cost (PWr) should be calculated as follows [49,58]:

PWO&M = Pu'cim (11)

where C;, is the initial cost of maintenance and Pa is the present worth factor of the recurring

expense
p = (1=X 12
a — 1 —x ( )
1+
YT 144 (13)
where:

i: the inflation rate.

d: the discount rate.

n: the duration of the project in years.

If the recurring purchase begins at the end of the first year and if the last purchase
does not begin until the end of the system life, the present worth factor becomes

P, =x.P, (14)

The present worth factor of an element that will be replaced n years later is given as

1+i\"
P, =|— 1
’ ( 1+ d) (15)
Then, the equation of the total present worth of replacement is driven as follows:
1+i\"
PWr = ci.;<1+—d> (16)

4.2. Technical (Reliability)
Loss of Power Supply Probability

It is defined as the amount of the load demand that the system is unable to satisfy,
divided by the total load demand during the period of study. The limit of this value is
determined by the user of the load, depending on the needs [7,9,43,50,52,61,63].

Y., DE(b)
Yty Ploa(H)-At
DE(t) = [Pmd(t) - Psupply(t)].At
Proaa(®) > Pgyppry (£)

LPSP =
(17)

where:
DE(t): deficit of energy (kWh) at time t.
Pjoqt the required load (kW) at time t.
Pgyppiy: the supplied power to the load (kW).

4.3. Environmental

The conventional power plants emit greenhouse gases like carbon dioxide, carbon
monoxide, sulfur dioxide, and nitrogen monoxide, which contribute significantly to pollut-
ing the environment and changing the climate.

To solve this problem, the designers of HRESs set environmental objectives, like em-
bodied energy, carbon emissions, and carbon footprint of energy, to minimize the impact of
greenhouse gases (global warming).

https://doi.org/10.3390/en19215313
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5. Study Case (Remote Mobile Telecommunication Station)

This section applies the selected component models, optimization methods, objective
functions, and constraints to the remote mobile telecommunication station introduced in
Section 1.2

Single-objective and multi-objective (lexicographic) optimizations are performed using
an exhaustive search numerical algorithm and particle swarm optimization (PSO).

For the single-objective optimization, the objective is to minimize the lifecycle cost
(LCC) using Equations (10)—(16), subject to a loss of power supply probability (LPSP) of
zero (Equation (17)). The optimization problem is formulated as follows:

Min f(X) = LCC(X)
subject to
LPSP(X) =0

1 < Npy < Npyax
1< Nwr < Nwtomax

1 < Nbﬂtt_string < Nbattmax
SSPDGSPDGmax
50C,,;, < SOC < 50C

Single objective =

max

X is the vector of design variables comprising the number of PV modules, the number
of WTs, the number of parallel battery strings, and the rated power of the DG.

The upper bounds of the PV array, WT, and battery bank are intended to be determined
from the load consumption and the assumed operating conditions. This study estimates
the PV and WT bounds using the maximum load energy consumption (kWh) and the
minimum nonzero energy output of an individual component over the simulation period.
The battery-bank bound is based on the assumption that the storage system should provide
one day of load autonomy:.

For the PV system:

E
NPVmax = EPL:W.C (18)
min

where Ej ., denotes the maximum energy consumption of the load over the specified time
interval, and Epy,;, denotes the minimum nonzero energy generated by one PV module
over the simulation period.

For the wind turbine:

E
NWTmax = Evs;mx (19)
min

EwTmin denotes the minimum nonzero energy generated by one WT over the simulation
period.
For battery bank, the maximum number of parallel battery strings is estimated using

E Lmax_day

Nbatt_string_max = - Cc (20)
r

where C, is the rated capacity of one battery string in kWh and Ej 5« _4ay is the maximum
daily consumption of the load (assuming that the storage system should provide one day
of autonomy).

The maximum DG rated power is intended to account for the requirement to supply
the peak load consumption and charge the minimum battery bank simultaneously (limit
the DG operation), subject to the maximum permitted charging power.

The maximum SOC,,, is set to 1, while the minimum SOC,,;, is calculated from the
permitted depth of discharge (DOD):

SOC,,;,, =1 - DOD (21)

https://doi.org/10.3390/en19215313
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The recommended value of DOD is provided by the manufacturer.

The lower bounds for the numbers of PV modules, wind turbines (WTs), and battery
strings were set to 1 to ensure that all three component types were included in the investi-
gated HRES configurations. The lower bound for the DG rated power was set to 8 kW to
limit the computational search space.

For the multi-objective optimization (lexicographic method, which is defined as a
multi-objective optimization approach that minimizes objective functions in a prioritized
order, ensuring that each function meets its specified constraints [28]), the objective is to
minimize LPSP followed by LCC.

Min f(X) = LPSP(X), LCC(X)
subject to
1 < Npy < Npyax
Multiobjective = 1 < Nwr € Nwrmax
1 < Nbutt_string < Nbuttmax
SSPDGSPDGmax
50C,,;, < SOC < SOC

min max

5.1. Energy Management System

Figure 8 presents a flowchart of the energy management strategy. The algorithm starts by
reading the hourly meteorological data of the site, the load demand (Figure 9), and the technical
specifications of the PV modules, battery bank, DG, and wind turbine (Tables 3—6 respectively).

The PV and WT output powers are calculated using Equations (1)—(4) and (5) and
(6), respectively.

The battery system is assumed to be fully charged at t = 0 to represent a scenario in
which the batteries are charged and tested during system commissioning before handover
to the customer. The battery SOC is calculated using Equations (7) and (8).

When the battery SOC reaches the selected DOD (60%), the DG starts to supply the
load and charge the batteries simultaneously. The DG is switched off when the batteries
become fully charged or when renewable generation exceeds the load demand. The fuel
consumption of the DG is calculated using Equation (9).

To make this algorithm more efficient than the other scientific works and close to the
real operating system, a charge limit of 0.14C is applied during the boost charging and 0.08C
during the float charging; i.e., the maximum charging current is equal to 0.14-times the total
capacity of the battery system during the boost charging phase (SOC,,;, < SOC(t) < 80%)
and 0.08-times the total capacity during the float charging phase (80% < SOC(t) < 100%).
These values of charge limits are implemented in the existing system.

At each hourly time step, the net energy E, . is calculated as the difference between
the energy generated by the PV and WT systems and the load consumption. The EMS then
determines the system operating state according to the following three cases.

1.  E(t) >0:

In this case, the DG is off.

If the SOC of the batteries is between the min and max, E_.(t) is used to charge the
batteries and the SOC is updated. Excess energy is obtained if E . (t) is greater than the
required energy to charge the batteries to 100% or if it exceeds the charging limit.

https://doi.org/10.3390/en19215313
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read hourly data (meteorclogy, load demand), technical
specifications of PV, battery, DG, and WT

Caloulate Epy, Epy /

DG(t-1): ON
Update Pdgit-1}

No

Calculate
Enat(t=[E oyt Ewr(t]-Eraq(t)

No No

Update Pag(-1)

Batteries charging
with charge limit.
DG(t-1): OFF
update Eexcess(t-1)

Falleries charging
with charge limi.

update sec(t)

)

H update soc(t) DG(t): OFF
harging

soc(t-1)=max

es
Yes
Batteries discl Yes No Batteries discharging
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Figure 8. Energy management strategy.

If the SOC is equal to 1, excess energy is equal to E . (t).
2. E(t)=0:

If the DG was running at time (t — 1) and SOC(t — 1) is less than SOC,,,,, the batteries
continue charging at time (t) and SOC(t) is updated.

If the DG was off at time (t — 1) and SOC,;, < SOC(t — 1) < SOC,,.,, the battery
SOC(t) remains unchanged.
3. E(t) <O0:

If the DG was switched off and SOC_;, < SOC(t — 1) < SOCmayx, the batteries discharge
and SOC(t) is updated. Once the SOC reaches the minimum value, the DG starts.

If the DG was operating during the previous time step and SOC,;, < SOC(t — 1) <
SOC .., the DG supplies the load and charges the batteries simultaneously, subject to the
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charging constraints. The DG is switched off when the SOC reaches SOC™** or when Enet(t)
becomes positive.

At each time step, the algorithm calculates and records the SOC, excess energy, energy
deficit, DG fuel consumption, DG output energy, and PV and WT energy production. The
time index is then incremented by one hour, and the procedure is repeated until the end of
the 8760 h simulation period.

For a consistent comparison between the existing and optimized HRES configurations,
the same types of PV modules, batteries, and DG are used, with their respective technical
characteristics and purchase prices kept consistent. The same battery charging limits are
also applied to both configurations.

Table 3. PV panel specifications [68,69].

Parameter Value
Rated power 250 W
Ve 26.38 V
Lyp 951 A
Ve 3045V
L 9.99 A
NOCT 45 C°
N, 48
Hi 0.06%/C°
Wvoc —0.300/0/C
Npymax 100
FF 0.82
n 1.2
Cpurchase 172.42 USD
C 37.72 USD

installation

Cmaintenance 7.54 USD

Theoretically, the maximum number of PV panels is 3890. However, because of the
site area constraints, the number is limited to 100 PV panels. The modules are connected in
parallel, and the system voltage is assumed to be provided by an ideal DC-DC converter
(losses are neglected). The converter was not modeled in terms of power and cost, because
the objective of this study is to optimize the size of the main energy components (PV, batt,
WT, DG).

The PV module lifetime is assumed to be approximately 20 years.

Table 4. Solar battery specification [68].

Parameter Value
Rated voltage 2V
Rated capacity 650 Ah
Max DOD 60%
Max charge limit 0.3C
Cpurchase 496.08 USD
Cinstallation 22.63 USD
Cmaintenance 6.47 USD/ year

The lifetime of the lead-acid batteries is assumed to be approximately 4 years [68],
regardless of the degradation factors and temperature effect. Accordingly, four battery
replacements are considered over the 20-year project lifetime.
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In this system, the battery-bank configuration consists of 24 batteries connected in
series to provide a nominal system voltage of 48 V.

Table 5. DG specifications [68,70].

Parameter Value
Rated power 14 kW
Power factor 0.8
Life duration 8000 h

Cpurchase of 9 kW DG 21,200 UsD
Chpurchase of 8 KW DG 19,000 USD
Cinstallation 538.81 USD
Cmaintenance 0.22 USD / h
Chuel 0.22 USD/L

The DG AC output voltage is converted to DC assuming the use of a rectifier (losses are
neglected). The rectifier was not modeled in terms of power and cost, because the objective
of this study is to optimize the size of the main energy components (PV, batt, WT, DG).

Table 6. Wind turbine specifications [71,72].

Parameter Value
Rated power 5 kW
Output DC voltage 48V
cht—in 2.5 m/s
Vrated 10 m /s
cht—out 50 m / S
NWTmax (unit) 5
Churchase 11,946.5 USD
Cinstallation 978.48 USD
Cmaintenance 107.76 USD
Churchase mast 798.52 USD
Cinstallation mast 79.74 USD
Cmaintenance mast 7.97 USD / year

Because of the site area limitations, the maximum number of wind turbines was limited
to five units.

The manufacturer’s power curve for the commercial wind turbine was available as an
image rather than as a numerical data table. Therefore, piecewise linear interpolation was
used to estimate the turbine’s output power.

The site’s DC load-demand data were obtained locally from the controller and remotely
from Huawei’s NetEco monitoring system.

The currency of the tables above is in USD. The inflation and discount rates are men-
tioned in Table 7.

Table 7. Economical parameters.

Parameter Value
Inflation rate (%) 7.23%
Discount rate (%) 3%

Project lifetime (years) 20
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Figure 9. Site data [73].

5.2. Numerical Algorithm

The numerical algorithm is based on an exhaustive enumeration approach. It initiates
the optimization by reading the cost data and defining the maximum values of the design
variables. Starting from the min values of these variables (1 PV, 1 battery string, 1 WT,
and 8 kW DG), the algorithm simulates the hourly operation of each candidate config-
uration using the EMS described above and calculates its LPSP. The EMS simulation is
performed over 8760 h for each candidate configuration (time step of 1 h). The algorithm
systematically evaluates all combinations within the predefined search bounds for a total of
(100\times3\times5\times2 = 3000) candidate configurations.

For the single-objective optimization, the LCC is calculated only for configurations
satisfying the constraint (LPSP = 0). The configuration with the lowest LCC among these
feasible candidates is selected as the optimal solution within the specified search space.

For lexicographic optimization, the algorithm first identifies the minimum achievable
LPSP and then minimizes the LCC among the configurations attaining that minimum LPSP.

The wind speed was measured at a height of 50 m, which was assumed to correspond
to the wind turbine (WT) hub height. The geographical coordinates of the study site are
37.088° N latitude and 6.467° E longitude.

The site’s load-demand data were retrieved from the local controller and the Huawei
NetEco remote monitoring system. Access to data was granted following authorization
from Algérie Télécom Mobilis. This access was facilitated as one of this study’s contributors
was employed by Huawei.

5.3. PSO Algorithm

The particle swarm optimization (PSO) algorithm was implemented using a swarm
of 50 particles and a maximum of 50 iterations. The PSO parameters were set to a fixed
inertia weight (w = 1.5), a cognitive coefficient (C; = 1), and a social coefficient (C, =
0.75). The upper bounds of the design variables were set to 100 PV modules, 03 battery
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strings, 05 wind turbines (WTs), and a DG rated at 9 kW. The algorithm was applied to the
single-objective optimization problem according to the procedure illustrated in Figure 10.

read the technical and cost data
read the inflation and discount rates.

Sel the min & max numbers of PV, WT, batleries, and DG
capacity

set all the vaniables at the min value

Read the input data
Set PSO parameters

Initialize random positions and velocity of the
particles within the limits

Part=Part+1

Energy management system
algorithm

Noay=Npay*1

[Energy management system
algorithm.

Calculate LPSP

<

Yes

Resel Ny

Yes

Recall the saved

combinations

Calculate their LCC

Find Min(LCC)

Yes
Display Gpest

Display the optimal
solution

(a) Numerical algorithm flowchart (b) PSO flowchart
Figure 10. Flowcharts of the numerical algorithm and PSO algorithm.

The main steps of the PSO algorithm are as follows:

Read the input data of the system.

Initialize the PSO parameters (W, max iteration, population size, C;, and C,).

Randomly initialize the particle positions within the prescribed bounds, with each
particle representing a candidate HRES configuration.

Set the initial particle velocities to zero.

Evaluate each initial particle by simulating the energy management strategy (EMS)
and calculating the loss of power supply probability (LPSP).

Evaluate the objective function for feasible particles and update the personal-best
positions (P}, ) and the global-best position (G, ) according to the optimization criterion.

Update the velocity and positions of the particle using Equations (22) and (23), respectively.

Vi = W.VE 4 Cy rand, (P, _X¥) + Cy.rand, (G, — XF) (22)
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Xt = Xp+ Vit (23)

where:

Vik: the velocity of the particle “i” at iteration “k”.

W: the inertia weight.

C;, C,: acceleration coefficients.

rand: uniformly distributed random number between 0 and 1.

Pyeqi: Pbest of particle “i”.

Gpest: global best of the group.

Xik: current position of particle “i” at iteration “k”.

After updating the velocity, the position is updated using Equation (27). However,
since the position is an integer value while velocity is a continuous one, the position is
discretized using round() function.

If a position falls below its lower bound or above its upper bound, it is set to the
corresponding bound limit.

Repeat the particle evaluation and update steps until the maximum number of iterations
is reached.

Finally, return the global-best position as the best solution identified by the PSO

algorithm.

6. Results and Discussion

The proposed algorithms were implemented in MATLAB R2016a on a laptop equipped
with an Intel® Core™ i7-1065G7 processor (1.30 GHz base frequency, 1.50 GHz reported
frequency) and 16 GB of RAM, running a 64-bit operating system on an x64-based processor.
The results are presented in the following tables:

Table 8 represents the optimal solution found by the exhaustive search algorithm for
the single-objective optimization.

Table 8. The optimal solution of the single-objective exhaustive search algorithm optimization.

PV WT Battery String DG
Size 10 2 1 8 kW
Replacements 0 0 4 1
LCC (USD) 446495 USD  34,862.01USD  92,999.13USD  65,552.95 USD
Total LCC
(USD) 197,879.04 USD
Computatlonal 11.79 5
time (s)

During the one-year simulation period, the DG operated for 770 h. Assuming that this
annual operating pattern remains representative throughout the 20-year project lifetime,
the cumulative operating time would be approximately 15,400 h. According to the adopted
replacement assumptions, one DG replacement is considered over the project lifetime.

Compared with the existing system in Table 9, the optimized configuration reduced
the total LCC by USD 327,633.79, corresponding to a reduction of approximately 62.34%.
The existing system’s LCC is approximately 2.6-times that of the optimized system. This
cost reduction is primarily associated with the smaller battery bank and the lower number
of DG replacements, together with the overall changes in component sizing and operation
resulting from the optimization.
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Table 9. Size and cost of the existing HRES.

PV Battery String DG
Size 33 4 14 kW
Replacements 0 4 3
LCC (USD) 14,734.32 USD 371,996.52 USD 138,781.99 USD

Total LCC (USD) 525,512.83 USD

The number of PV modules also decreased from 33 to 10, while two wind turbines are
incorporated into the optimized configuration to exploit the site’s wind resource.

Figure 11 compares the gross annual energy production of the existing system and the
optimized one. The optimized PV array produces approximately 4.65 MWh/year, compared
with 12.2 MWh/year for the existing array. When normalized by installed PV capacity, these
values correspond to specific yields of approximately 1.86 MWh/kW /year for the optimized
array and 1.48 MWh/kW /year for the existing array, respectively, although both systems
use PV modules with the same technical specifications.

Output energy of the existing system during 1 year Output energy of the optimal system during 1 year

- - [ T o |

Figure 11. Power contribution of the energy system components.

Two factors may contribute to this difference. First, there may be an input data error,
where the energy estimates are based on different data sources: NASA POWER meteoro-
logical data were used for the optimization, whereas the existing system’s PV energy was
obtained from the site’s energy-monitoring equipment, which measures the real output
power of the PV array. Differences between the meteorological inputs and the conditions
represented by the measured data may, therefore, affect the comparability of the results.
Second, during the site visit, dust accumulation was observed on the existing PV modules,
and a regular maintenance program was reportedly absent. Such soiling can reduce PV out-
put and may partly explain the difference between measured and simulated performance.
However, its contribution was not quantified in this study. Consequently, the measured and
simulated energy values should not be expected to coincide exactly, particularly because
they are based on different data sources and operating conditions.

Regarding the backup source, the optimization identifies an 8 kW DG as sufficient to
satisfy the modeled operating and reliability constraints. The optimized DG produces approx-
imately 4.15 MWh/year, compared with approximately 11.6 MWh/year for the existing 14 kW
DG, which operates for approximately 1401 h/year. The optimized configuration, therefore,
requires 01 DG replacement over the project lifetime, compared with 03 replacements for the
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existing DG, according to the replacement assumptions used in the LCC calculation. This
reduction in the output energy and size of the optimized system is a result of the integration of
two 5 kW wind turbines, which generate 31.41 MWh (78.1% of the gross total output energy
of the system), due to the significant wind potential at the site location. This wind potential
contributed to the reduction in PV system size and BESS capacity.

Therefore, these reductions in the number of PV panels from 33 to 10 and the battery
strings from 3 to 1, in addition to the integration of 02 wind turbines, confirm that the
existing system was installed without a prior techno-economic assessment.

For PSO, to assess its stochastic variability, 10 independent runs were performed
manually in MATLAB using the same algorithmic parameters. The results are summarized
in Table 10.

Table 10. Statistics of the 10 independent PSO runs.

Statistic Result
Number of independent runs 10
Best LCC (USD) 197,879.04 USD
Worst LCC (USD) 201,000.47 USD
Mean LCC (USD) 199,037.48 USD
Standard deviation (USD) 1096.76 USD
Success rate (%) 40%
Mean computational time (s) 8.39s
Standard deviation of computational time (s) 0.085 s

The LCC values obtained across the ten runs ranged from USD 197,879.036 to USD
201,000.475, with a mean of USD 199,037.489 and a sample standard deviation of USD
1096.766. The optimal configuration identified by the exhaustive search algorithm—
comprising 10 PV modules, 01 battery string, 02 WTs, and an 8 kW DG—was recovered in
04 of the 10 PSO runs, corresponding to a success rate of 40%. Although the LCC values
exhibited relatively low dispersion, PSO did not consistently recover the exhaustive search
optimum across the ten runs.

To compare the computational performance of the two algorithms, the mean execution
time of the exhaustive search numerical algorithm was calculated from ten independent
runs. Its mean computational time was 11.858 s, compared with 8.390 s for PSO, giving a
difference of approximately 3.47 s. Thus, PSO was approximately 29.3% faster on average
under the tested computational conditions. This difference is consistent with the algorithms’
search strategies: exhaustive search evaluates all 3000 configurations within the prescribed
search space, whereas PSO explores the search space using a population of candidate
solutions and may not identify the exhaustive search optimum in every run.

The multi-objective lexicographic optimization is performed by the exhaustive search
algorithm, as explained above. The resulting optimal configuration comprised 10 PV
modules, 02 wind turbines, 01 battery string, and an 8 kW DG. The minimum LPSP equals
zero with a corresponding minimum LCC of USD 197,879.036 (Table 11). This configuration
is similar to the one obtained through the single-objective optimization. This indicates that
this configuration is non-dominated over the search space.
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Table 11. Multi-objective numerical algorithm optimal solution.

PV WT Battery String DG
Size 10 2 1 8 kW
Replacements 0 0 4 1
LCC (USD) 446495USD  34,862.01 USD  92,999.13USD  65,552.95 USD
Total LCC
(USD) 197,879.04 USD
Computatlonal 16.71 s
time (s)

Figure 12 presents a cost-reliability trade-off obtained from the lexicographic optimiza-
tion. This trend can be divided based on LPSP to three regions:

1. LPSP=0

% 10°

5.5

4.5

LCC ($)

“ ”‘ 1 Il |
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Figure 12. Multi-objective LPSP-LCC trade-off.

Many configurations achieved zero LPSP, with substantial variation in the cost as a
result of the variation in combination sizing. This value is achieved by the optimal solution
corresponding to the lowest cost and by the worst-case configuration, which consists of the
maximum number of all elements (100 PV, 5 WT, 3 BESS, 9 kW DG) corresponding to the
highest cost of USD 492,952.24. As the number of each variable is reduced from the upper
bound, the LCC is reduced. These results demonstrate that multiple configurations can
achieve zero LPSP at substantially different lifecycle costs.

2. 0<LPSP<0.28:

In this region, the LCC values exhibit substantial fluctuations. One factor that causes this
behavior is the role of the battery string and the DG; i.e., the BESS serves as a power supplier
during the discharge phase and as a load from the DG role during the charging phase. So,
in certain configurations, the DG output is insufficient to meet the combined demand of the
load and the expensive battery strings, leading to higher energy deficit and higher cost. For
example, at LPSP of 0.001, LCC equals USD 323,982.03 corresponding to 86 PV, 01 WT, 02
BESS, and a 9kW DG configuration. For an LPSP of 0.0025, LCC is equal to USD 408,494.04
corresponding to 67 PV, 01 WT, 03 BESS, and a 9kW DG. So, although LPSP increased, LCC
did not decrease as expected, because the deficit of energy is caused by the increase in the

https://doi.org/10.3390/en19215313


https://doi.org/10.3390/en19215313

Energies 2026, 19, 5313

22 of 27

storage capacity, such that the 9 kW DG is unable to charge this BESS and supply the load
simultaneously (overload protection). Therefore, the increased size of battery strings in this
configuration led to an increase in the cost without improving reliability.

Another example of consecutive LPSP is shown in Table 12:

Table 12. System configurations and LCCs of two consecutive values of LPSP.

Battery DG
PV String WT Capacity LPSP LCC (USD)
uUsD
3 2 4 8 0.0667 337,012.11
uUsDh
3 3 4 8 0.0671 430,011.24

3. 0.28 < LPSP < 0.419:

This region corresponds to the highest LPSP values observed in the evaluated configu-
rations, reaching a maximum of 0.419. The reported LCC trend in this region is relatively
stable, with only minor fluctuations resulting from the stability of the size of the BESS and
the wind turbines. All configurations in this region comprise 03 battery strings and 01 WT,
while the numbers of PV modules and the DG rated power vary. Therefore, the cost is
dominated by the subsystem’s BESS and wind turbine, while the reliability is dominated by
the PV and DG subsystems.

However, despite the fluctuations observed in the individual points, the overall curve
tends to decrease gradually in cost as LPSP increases. This can be observed when looking
separately at the top and bottom envelopes of the curve across the x-axis. This global
behavior aligns a bit with the expected economic-reliability trade-off.

To examine the sensitivity of the optimization results to the initial state of charge (SOC)
of the storage system, additional simulations were performed using initial SOC values of
100%, 80%, 70%, 60%, and 40%. The results show that the initial SOC did not change the
optimal configuration across the tested values. Accordingly, the LCC and LPSP remained
unchanged in these simulations. However, the initial SOC slightly affected the amount of
excess energy, particularly at the beginning of the simulation period. Since excess energy
is neither an objective function nor an optimization constraint in the present study;, this
variation did not affect the selection of the optimal system based on LCC and LPSP.

7. Conclusions

This study investigated the techno-economic optimization of a standalone hybrid
renewable energy system (HRES) supplying the 4G mobile telecommunication station
in Bougaroun, Skikda, Algeria. An energy management system (EMS) incorporating
battery charging constraints was implemented to simulate the hourly operation of candidate
configurations over an 8760 h period. The system was optimized using an exhaustive
search numerical algorithm and particle swarm optimization (PSO) for the single-objective
problem, while a lexicographic approach was used for the multi-objective optimization to
prioritize reliability over lifecycle cost (LCC).

The exhaustive search algorithm identified an optimal configuration comprising 10 PV
modules, 2 x 5 kW WTs, 01 battery string, and an 8 kW DG. This configuration achieved
an LPSP of zero and an LCC of USD 197,879.04, compared with USD 525,512.83 for the
existing system. The resulting cost reduction was approximately 62.34%. The optimized
configuration also incorporated wind generation, through 02 WTs, producing approximately
31.41 MWh annually. These results demonstrate the economic potential of optimizing
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component sizing and integrating wind generation into the investigated telecommunication
power system, subject to the adopted technical and economic assumptions.

The single-objective exhaustive search algorithm and the lexicographic optimization
produced the same optimal configuration. This result confirms that, within the investigated
search space, the minimum-cost configuration is non-dominated. The comparison between
exhaustive search and PSO showed that PSO had a lower mean execution time, at 8.390 s
compared with 11.858 s for exhaustive search. However, PSO recovered the global optimum
in only four of the ten independent runs. Therefore, although PSO reduced the average
computational time under the tested conditions, exhaustive search provided a systematic
evaluation of all 3000 candidate configurations and established the optimum within the
specified bounds.

Several limitations should be considered when interpreting these results. The optimal
configuration is conditional on the prescribed design-variable bounds, the input data for
the simulated year, the component models, available prices, and the adopted economic
assumptions. Also, converter and rectifier losses and costs were neglected.
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Abbreviations

The following abbreviations are used in this manuscript:

HRES Hybrid renewable energy system

Batt Battery

LCC Lifecycle cost

LOLP Loss of load probability

BTS Base transceiver station

2G 2nd generation

3G 3rd generation

4G 4th generation

5G 5th generation

DC Direct current

DG Diesel generator

HOMER  Hybrid optimization model for multiple energy resources
TNPC Total net present cost

LCOE Levelized cost of energy

PV Photovoltaic

WT Wind turbine

NSGA Non-dominant sorting genetic algorithm

MOSSA  Multi-objective salp swarm algorithm
MODA Multi-objective dragonfly algorithm

https://doi.org/10.3390/en19215313


https://doi.org/10.3390/en19215313

Energies 2026, 19, 5313 24 of 27

MOALO  Multi-objective ant lion optimizer
MOGOA  Multi-objective grasshopper optimization algorithm

COA Coyote Optimization Algorithm
GWO Grey Wolf Optimizer
HHO Harris Hawks Optimization
ACO Ant colony optimization
ES Exhaustive search technique
O&M Operation and maintenance
SD Standard deviation
ALO Ant lion optimization
ASO Atom search optimization
S0C State of charge
ABC Artificial bee colony
PO Pareto optimization
STC Standard test condition
ANN Artificial neuron network
FL Fuzzy logic
Al Artificial intelligence
PSO Particle swarm optimization
GA Genetic algorithm
MPEDE  Multi-population Ensemble Differential Evolution
DOD Depth of discharge
BSA Bird swarm algorithm
EMS Energy management system
LPSP Loss of power supply probability
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