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Abstract: The use of hybrid renewable energy systems (HRES) has become the best option for
supplying electricity to sites remote from the central power system because of its sustainability,
environmental friendliness, and its low cost of energy compared to many conventional sources such
as diesel generators. Due to the intermittent nature of renewable energy resources, there is a need
however for an energy storage system (ESS) to store the surplus energy and feed the energy deficit.
Most renewable sources used battery storage systems (BSS), a green hydrogen storage system (GHSS),
and a diesel generator as a backup for these sources. Batteries are very expensive and have a very
short lifetime, and GHSS have a very expensive initial cost and many security issues. In this paper,
a system consisting of wind turbines and a photovoltaic (PV) array with a pumped hydro energy
storage (PHES) system as the main energy storage to replace the expensive and short lifetime batteries
is proposed. The proposed system is built to feed a remote area called Dumah Aljandal in the north
of Saudi Arabia. A smart grid is used via a novel demand response strategy (DRS) with a dynamic
tariff to reduce the size of the components and it reduces the cost of energy compared to a flat tariff.
The use of the PHES with smart DRS reduced the cost of energy by 34.2%, and 41.1% compared to the
use of BSS and GHSS as an ESS, respectively. Moreover, the use of 100% green energy sources will
avoid the emission of an estimated 2.5 million tons of greenhouse gases every year. The proposed
system will use a novel optimization algorithm called the gradually reduced particles of particle
swarm optimization (GRP-PSO) algorithm to enhance the exploration and exploitation during the
searching iterations. The GRP-PSO reduces the convergence time to 58% compared to the average
convergence time of 10 optimization algorithms used for comparison. A sensitivity analysis study
is introduced in this paper in which the effect of ±20% change in wind speed and solar irradiance
are selected and the system showed a low effect of these resources on the Levelized cost of energy
of the HRES. These outstanding results proved the superiority of using a pumped-storage system
with a dynamic tariff demand response strategy compared to the other energy storage systems with
flat-rate tariffs.

Keywords: smart grid; hybrid; renewable; sizing; demand response; pumped hydro energy storage;
particle swarm optimization

1. Introduction

Renewable energy sources like wind turbines and photovoltaic (PV) systems have
become attractive options for supplying loads in remote areas due to their clean and
economic characteristics. Their intermittent nature needs however an energy storage
system (ESS) such as batteries or green hydrogen systems. The ESS is very important to
save the surplus power when the generation from renewable resources is higher than the
load and it supplies the load when the load demand is greater than the power generated
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by the renewable energy sources. Some systems use diesel generators or a conventional
source of energy as a backup for the HRES when the storage system cannot feed the
loads with the power needed. Some studies applied smart grid concepts using demand
response strategies to reduce the size of the HRES components which can be translated into
a substantial reduction in the cost of the energy obtained from the HRES [1]. The demand
response uses dynamic tariff strategies to share the responsibility of the HRES stability
with customers by shifting their loads based on the current tariff.

Many ESS systems used with hybrid renewable energy systems (HRES) represent
a substantial part of the total cost. An enormous amount of work is introduced in the
literature to reduce the cost of storage systems by using modern battery technologies
that have a longer lifetime and better performance like lithium-ion batteries [2]. This
however will not reduce the cost of energy substantially because of the increased cost of the
lithium-ion batteries and the safety issues associated with this type of battery. Moreover,
the excessive use of lithium-ion batteries in renewable energy and electric vehicles could
cause a shortage in supply of the minerals used in this industry shortly and most of the
minerals used in lithium-ion batteries are also located in only a few countries around the
world, which could cause geopolitical conflicts shortly [3]. Some other studies recommend
using green hydrogen storage systems (GHSS) composed of fuel cells, hydrogen tank(s),
and electrolyzers as ESS [4]. However, this option is still not economically feasible due to
the high cost of the components and the safety issues associated with this kind of system.
These problems associated with battery storage systems (BSS) and GHSS have forced
researchers and decision-makers to search for other technologies that can be used as an
ESS for HRES. The use of pumped hydro energy storage (PHES) systems can solve this
dilemma, especially in locations that have different topological levels that help reduce
the cost of installing this type of ESS. A location with a high difference in elevation will
reduce the installation cost of PHES systems and will contribute to a reduction of the sizes
of the lakes needed due to the high difference in height between the upper and lower lakes.
There is no fixed initial cost or running cost for a pumped hydro energy storage (PHES)
system because it depends mainly on the site specifications such as the height difference,
source of water, and the type of land. The relation between the length of the waterway
(penstock) to the difference in height between the upper and lower reservoirs is called the
L/H ratio and sites with an L/H ratio lower than 10 are very promising for pumped storage
installations [5]. Any sites with an L/H ratio greater than 10 are considered infeasible to
use for a PHES [5]. Given the topography of the study site, a PHES system is selected
in this paper to be used as a primary storage system and it will be compared with other
energy storage systems like batteries and green hydrogen systems.

The PHES is recommended for use as energy storage, especially for large-size HRES
and as energy support for existing power systems. This type of ESS has been used in
many projects and studies around the world [6–11]. These PHES systems can work as
off-grid [6–8] or on-grid systems [9–11] as well.

One more technology will reduce the size of the components of the HRES, especially
the ESS, which is the demand response management (DRM) [1,12]. The use of DRM as
one of the smart grid tools will allow the customers to participate in the stability of the
HRES. This can be accomplished by using a dynamic tariff strategy to increase the tariff
during periods of low electric generation availability from renewable resources to reduce
the load and reduce the tariff when the generation from the renewable resources supply
is higher than the load requirements. This strategy has been introduced using a new
relationship between the state of charge (SoC) of the battery, the power difference between
the generation and load, and the tariff based on the power elasticity demand [1]. Another
study introduced a fuzzy controller to adapt the tariff changes based on the situation of the
HRES and the previous responses of customers [12]. In this study, the fuzzy logic control
(FLC) method will be used as a controller to dynamically and actively adapt the tariff based
on the previous response from the customers. In the proposed strategy introduced in this
paper, a fuzzy logic controller is used to actively adapt the tariff based on the water levels
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of the upper lake of the PHES, the power difference between the generation and load, and
the forecast factor (FF) that considers the forecasted loads and weather conditions to predict
the near future stability conditions of the HRES. This forecast factor uses the difference
between the generated power from renewable energy resources and the forecasted loads for
the coming several hours. The use of DRM through the use of the new proposed demand
response strategy (DRS) introduced in this paper substantially reduces the size of HRES
components without affecting the reliability of the system which can be translated into a
substantial reduction in the cost of the generated energy.

Sizing the HRES is a very important stage before starting the installation stage to
determine the feasibility and reliability of the system. Most sizing strategies used different
objective functions to be minimized; some of these objective functions are economical,
technical, or environmentally-based. Some studies design the HRES for minimum cost as
a single objective function [13–19] and some other studies (multi-objective optimization
ones) use more than one objective function to size and design the HRES [20–25]. The use of
multi-objective optimization permits better operation of the HRES concerning different
techno-economic factors. The design step can be performed based on an average analysis
or it can be based on the timely version where the whole year is taken as an operating
interval and the HRES should be able to feed the complete loads during all the hours of
the year [1,12]. The latter strategy can give more accurate results than the average one, but
it will a long time in the optimization stage and it may make the convergence time of the
optimization very long. Many studies have been done to reduce the convergence time of
the optimization by comparing different optimization algorithms and recommending a
fast and reliable one [23,24]. Some other strategies change the number of search agents to
reduce the convergence time, but this may make the optimization converge at a premature
solution [26]. The failure rate is a factor that represents the ratio of how many runs of the
optimization algorithm failed to converge at the optimal solution to the total number of
runs of the algorithm. The cross-relation between the convergence time and failure rate to
choose the number of search agents is a hard job where the increase of the number of search
agents reduces the false (premature) convergence, but it will increase the convergence
time. On the other way, the reduction of the number of search agents of the optimization
algorithm reduces the convergence time but it will increase the probability of premature
or failed convergence. Some studies make a trade-off between the convergence time and
premature convergence to select the optimal number of search agents (swarm size) [27–30].
This optimal number of search agents will not solve the problem completely but it will give
a midway solution for this dilemma. This dilemma is solved completely in this study by
using a modified PSO optimization algorithm called gradually reduced particles of particle
swarm optimization (GRP-PSO) algorithm in which it will start with a high number of
search agents and these agents are reduced gradually during the optimization steps by
removing the worst solution in each iteration. This new proposed strategy reduced the
convergence time substantially with very accurate results.

The contributions out of this study can be summarized in the following points:

(1) The use of pumped storage systems in remote areas of Saudi Arabia is proposed, and
it was compared with different types of ESS like batteries and green hydrogen storage
systems.

(2) The use of a modern demand response strategy is introduced in which it allows
customers to participate in the stability of the HRES. The novel demand response
strategy uses the water level of the pumped storage system to suggest the electricity
tariff taking the future data of load and weather into consideration.

(3) The use of DRM utilizing the new proposed demand response strategy (DRS) is
introduced in this paper that substantially reduces the size of the needed HRES
components which can be translated into a substantial reduction in the cost of energy.

(4) A novel forecast factor has been introduced to participate in ensuring the stability of
the HRES.
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(5) The use of an improved PSO optimization algorithm with a reduced number of search
agents reduces the convergence time while providing accurate results.

The above contributions were applied to the supply of a load in a remote site called
Dumah AlJandal in the Al-Jouf province in the north of Saudi Arabia. Most of the loads
around this site are used for agriculture and ranching industries which currently depend
mainly on diesel generators. The use of strong HRES at this site will improve the living
standard in these communities and reduce the pollution emission from diesel generators
and substantially reduce the cost of energy. In addition to all these benefits in that area, the
ideal use of the PHES in this location adds another incentive to start this new HRES project.

To show the new proposed sizing strategy of the HRES using a novel DRS, the
following sections have been introduced. Section 2 shows the configuration of the HRES.
The modeling of the HRES components are introduced in Section 3. The new DRS is
introduced in Section 4. Section 5 introduces the power dispatch strategy. The proposed
GRP-PSO Algorithm is introduced in Section 6, where the economic analysis details are
introduced in Section 7. Finally, the simulation results are shown in Section 8, and the
conclusions are introduced in Section 9.

2. System Configuration
2.1. Site Specifications

The selected site to build the HRES is near the Dumah AlJandal site in the north of
Saudi Arabia, shown in Figure 1 [31]. The idea behind choosing this site is due to its
location far from the center of the Saudi electricity grid and the need for electricity for
the remote communities around this location, moreover, it is a suitable location to build
a PHES system as there is an existing lake at 600 m height called Dumah AlJandal lake.
The size of the Dumah Aljandal lake is about 1 million square meters and it is 585 m deep
giving it a storage capacity of about 11 million cubic meters [32]. The proposed upper lake
will be on the nearby mountain with an elevation 700 m above sea level which means that
there is a 100 m difference between the two lakes. The upper lake needs a dam in front of
the lake. The cost of the dam depends on the proposed depth of the upper lake and the
lake size also depends on the height of the dam. The proposed penstock length is about
1 km. The upper lake size will be determined from the simulation for the lowest cost of
energy and highest reliability.
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Two pictures are shown in Figure 2 to show the locations of the PHES system.
Figure 2a shows a topographical view with different colors depending on the elevation of
the site. Figure 2b shows a satellite view (from Google Earth) to show the characteristics of
the proposed site. The area around this project will benefit from the proposed HRES as
many areas around the project will have enough water and energy for desert reclamation
to improve the ranching industry around the site. Moreover, most of the current loads rely
on diesel generators, and replacing all these fossil fuel resources with a 100% green energy
system will avoid a substantial part of the current greenhouse gas (GHG) emissions, which
will improve the environment around this area and improve the health of residents and the
livestock around this agricultural community.
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2.2. HRES Configuration

The HRES will work with the microgrid in the area to support the loads in the Dumah
Aljandal site. The proposed HRES is used to supply local loads of some villages around the
system from renewable energy sources (PV and wind turbines) [1]. The proposed HRES
system will work with 100% green energy with the help of the PHES system, the other
storage systems (green hydrogen and lithium-ion batteries) will be used for comparison.
The configuration of the proposed HRES is shown in Figure 3. In this configuration, the
PHES system will work to store the energy as potential energy when the generation is
higher than the loads need and discharge the water from the upper lake to the lower lake
when the load power is greater than the renewable energy sources power as described in
Figure 4. The other storage systems, GHSS and BSS will work in the same concept to be
compared with the PHES. The proposed system including PHES, GHSS, and BSS will use
the time of use tariff as one of the smart grid concepts in the operation and sizing of the
components of the HRES. This DRS is implemented in a fuzzy logic controller (FLC) as
will be discussed in the following sections.
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3. System Modeling

The proposed HRES is having a PV array, wind turbines, and one ESS. Three different
storage systems will be studied to be used separately with the proposed HRES for com-
parison, PHES, GHSS, and BSS systems. The modeling of each component of the HRES is
shown in the following subsections.

3.1. Wind Energy System Modelling

Wind speeds at the proposed site are collected at the elevation of 40 m above the
ground level (590 m above sea level). The wind turbines will be installed at the top of the
mountain (700 m above sea level). The wind speed should be modified to the elevation of
the wind turbine at the hub height of the wind turbine which is 100 plus the hub height of
the wind turbine (100 + hwt). The relation between the wind speed at the elevation of the
wind turbine to the elevation of the measurements of wind speed (anemometer elevation)
is shown in Equation (1) [34] (wind speed data are collected at 40 m above sea level for
Dumah AlJandal site as will be shown in details in the simulation analysis section):

u(hwt)

u(ha)
=

(
hwt

ha

)α

(1)
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where, hwt is the hub height of the wind turbine above the sea level, ha is the height of the
anemometer above the sea level, is an exponent that may differ from site to site and it has
an average value equal 1/7 [34].

The generated power from the wind turbine is a function of the wind speed. The
relation between the generated power from the wind turbines and the wind speed is shown
in Equation (2) [35]:

PW(u) =


0 u ≤ UC &u ≥ UF

PR ·
uK−UK

C
UK

R−UK
C

, UC ≤ u ≤ UR

PR UR ≤ u ≤ UF

 (2)

where, UC, UR, and UF are the cut-in, rated and cut-off wind speeds of the wind turbine, K
is the shape Weibull parameter of the site and wind turbine [36], PR is the rated power of
the WT.

3.2. Photovoltaic Energy System Modelling

The PV system is connected to the DC-bus of the HRES using a DC-DC converter. The
purpose of the DC-DC converter is to control the PV terminal voltage to force the PV array
to work at the maximum available power where there is a nonlinear relation between the
power and voltage of the PV array. This nonlinear relation between the power and voltage
of the PV array is called the P-V characteristics. This nonlinear relation contains only one
peak in the case of uniform irradiance, but it has multiple peaks in the case of partial
shading. Due to this dynamic nonlinear relation, a maximum power point tracker (MPPT)
should be used to actively track the maximum power available from the PV array [37–39].

Solar irradiances on a horizontal surface and the temperatures for the Dumah AlJandal
site have been collected, as will be shown in detail in the simulation analysis section. The
generated power from the PV array also is a function in the area of the solar array, the
generation efficiency of the PV modules, solar irradiance, and the ambient temperature
around the cells. The relation showing the PV-generated power can be determined from
Equation (3), where Ht(t) is the solar irradiance on the PV array, PVA, ηc(t) is the conver-
gence efficiency of the PV module which can be determined from Equation (4), where ηDC
is the efficiency of the DC-DC converter, Tcr is the rated temperature of PV modules, Tc(t) is
the current temperature of PV cells, which can be determined from Equation (5), where βt
is the temperature coefficient on cell efficiency which has a value of about 0.005 per ◦C [40]:

PPV(t) = Ht(t) · PVA · ηc(t) · ηDC (3)

ηc(t) = ηcr[1− βt · (Tc(t)− Tcr)] (4)

Tc(t) = Ta(t) + 3Ht(t) (5)

3.3. Pumped Hydro-Energy Storage System Modelling

The proposed pumped storage shown in Figure 4 has an induction motor attached to
the water pump to suck the water from the lower lake to the upper lake when the generated
power from the renewable resources is greater than the loads need. The relation between
the power needed to suck the flowrate of water certain amount of water can be obtained
from Equation (6) [41]:

Qpm(t) = Ppm(t) · ηpm · 3600/(ρw · g · h) (6)

where Ppm(t) is the electric power consumed by the pump Qpm(t) of water in m3/h, h is the
water head in m, ηpm is the pump efficiency, ρw is the water density, g is the gravitational
acceleration constant [41].
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The relation between the water discharged flow rate in m3/h from the upper lake to
the lower one can be obtained from Equation (7) [41]:

Qtu(t) = Ptu(t) · 3600/(ηtu · ρw · g · h) (7)

where, Ptu(t) is the generated power from the turbine when the flow rate through a turbine
is Qtu(t) m3/h, ηtu is the water turbine efficiency.

3.4. Green Hydrogen Modelling

As shown in Figure 3, the green hydrogen storage system consists of an electrolyzer,
hydrogen tank, and fuel cell units. The electrolyzer will consume the surplus power
generated from the renewable energy resources to break the bonds between the hydrogens
and oxygen in the water and collect hydrogen in the hydrogen tanks to be used when there
is a shortage in the generated power from renewable sources than the load needs. The
hydrogen stored in the hydrogen tank can be used to generate DC power through the fuel
cell unit. The model of the proposed GHSS is modeled as shown in [42–46].

In the case where the generated power from renewable energy sources is greater than
the load power, the surplus power PEZ(t) will be transferred to an electrolyzer to generate
the amount of hydrogen QEZ(t) as shown in Equation (8) [42,43]:

PEZ(t) = BEZ ·QNEZ + AEZ ·QEZ(t) (8)

where, QNEZ is rated hydrogen flow (kg/h), AEZ, and BEZ are the hydrogen consumption
coefficients and have values 40 kW/kg/h and 20 kW/kg/h, respectively [42]. This amount
of hydrogen will be stored under pressure in the hydrogen tank where the efficiency of the
high heating value of hydrogen can be obtained as shown in Equation (9) [44]:

ηEZ(t) =
39.4 ·QEZ(t)

PEZ(t)
(9)

The amount of hydrogen (kg/h) used to generate the amount of power, PFC from fuel
cells can be obtained from Equation (10) [42]:

QFC(t) = BFC · PNFC + AFC · PFC (10)

where PNFC is the rated power of the fuel cell, AFC = 0.05 and BFC = 0.004 are the consump-
tion coefficients of the fuel cell [42].

The variation of fuel cell efficiency with the generated power can be obtained from
Equation (11) [42,47]:

ηFC =
100 · PFC

33.3 · QFC(t)
(11)

In case the surplus power going to the electrolyzer is greater than the maximum
allowable power of the electrolyzer, it will consume its rated power and the extra power
will be transferred to the electric utility. The same logic is valid for the fuel cell, so when
the deficit power is higher than the rated power of the fuel cell, it will work with its rated
power and the rest of the power can be obtained from the utility grid.

3.5. Battery Modelling

The batteries will be charged when the generated power from the renewable resources
is higher than the load and discharge its energy in the other operating condition. The
state of charge (SoC) of the batteries should be limited by two values, the minimum and
maximum state of charge as shown in Equation (12):

SoCmin < SoC(t) < SoCmax (12)
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where, SoCmin =
Emin

B
ER

B
, SoCmax =

Emax
B
ER

B
, SoC(t) = EB(t)

ER
B

, Emin
B , and Emax

B are the minimum

and maximum allowable stored energy in the batteries, respectively. The rated energy of
the batteries, ER

B , which for sure is higher than the Emax
B to ensure safe operation of batteries

with SoC less than 100%.
The difference between the maximum and minimum SoC is a very important factor

called the depth of discharge (DoD) as shown in Equation (13). The DoD is a very important
factor in the design of the battery system in the HRES. The higher the value of DoD, the
shorter the lifetime of the battery and vice versa. So, it is recommended to reduce the
DoD to prolong the lifetime of the batteries, meanwhile, the lower DoD will increase the
size of the battery system and will increase the cost of energy. For this reason, it is very
important to compromise the value of DoD to get the longest lifetime and the lower size
of the battery system which can be performed by optimally determining the DoD for
minimum operating cost. The energy used from the battery system, EBU in terms of DoD is
shown in Equation (14). The relation between the aging cost of the batteries and the DoD is
shown in Equation (15) [48]:

DoD = SoCmax − SoCmin (13)

EBU = DoD · ER
B (14)

Aging Cost =
CB

DoD
(1− SoH) (15)

where, CB is the total cost of the batteries. Lithium-ion batteries work until their SoH
becomes equal to 80% and it is an indication for the end of their life [48]

The hourly battery power, PB(t) is the difference between the charging and discharging
power and can be obtained as shown in Equation (16). The sign of PB(t) is positive when
the generation from HES is greater than the load requirement (the battery is charging) and
vice versa:

PB(t) = PBC(t)− PBD(t) (16)

where, PBC(t) and PBD(t) are the charging and discharging power from the battery at the
DC-bus.

The batteries lose energy every hour when they are charging, discharging, or in the
case of storing conditions, which is called self-discharging. The formula to determine the
SoC of the batteries is shown in Equation (17) [49]:

SoC(t + 1) = SoC(t)
(

1− σ

24

)
+

PBC(t)
ER

B · ηBC
− PBD(t)

ER
B · ηBD

(17)

where, σ is the self-discharge rate which depends on the type, state of health (SoH), op-
erating temperature, and SoC of the battery. This value is used in many studies as 0.2%
per day [50,51], ηBC and ηBD are the charging and discharging efficiencies of the batteries,
respectively.

4. The Proposed Demand Response Strategy

The concepts of the smart grid are applied to the proposed system by using a dynamic
tariff that can share the responsibility of the HRES stability with the customers. The
proposed demand response strategy introduced in this paper uses the resources available
of the HRES to suggest a tariff. The factors that can affect the stability of the HRES are the
volume of water in the upper lake (the lower lake is assumed to have enough water all
the time), the power difference between the generation from the renewable resources and
the load power, and the forecast factor that can measure the future situation of the HRES
taking into consideration the future power available from the renewable energy sources
based on the weather conditions and the future load power which can be obtained from
Equation (18). All these factors should be fed to the fuzzy logic controller (FLC) [52] to
determine the new tariff to preserve the stability of the HRES. The proposed DR strategy
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using the FLC is shown in Figure 5. The structure of the FLC used with the DR strategy is
shown in Figure 6. The sample of membership functions that can represent the logic used
in the design of the DR strategy is shown in Figure 7.

FF =
NF

∑
i=1

PG(t + i)− PL(t + i)
PLA · (i + 1)

(18)

NF is the total forecasted hours (NF = 10 has been selected in this study); PLA is the
average load power during the year which can be obtained from Equation (19):

PLA =
1

8760

8760

∑
t=1

PLO(t) (19)

where, PLO is the original load power before applying the DR strategy which can be
obtained from Equation (20):

PLA =
1

8760

8760

∑
t=1

PLO(t) (20)

The operating limits of the upper lake are shown in Equation (21):

Vmin
U ≤ VU(t) ≤ Vmax

U (21)

where VU(t) is the volume of the upper lake Vmin
U and Vmax

U is the minimum and maximum
allowable volume of the upper lake. The value representing the ratio between the current
amount of water in the upper lake to the maximum limit is shown in Equation (22):

RVU(t) = VU(t)/Vmax
U (22)

The price elasticity demand, PED is measuring the response of the customers to change
their load based on the change in tariff which can be obtained from Equation (23).

The new tariff after adding the tariff increment is shown in Equation (24):

PED =
∆PL(t)/PLA

∆ρ(t)/ρ0
(23)

ρ(t + 1) = ρ(t) + ∆ρ(t) (24)

where, ρ(t) and ρ(t + 1) are the tariff at the current and next hour, respectively, ∆ρ is the
change in tariff, ρ0 is the basic tariff, ∆PL is the change in load power.
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5. Power Dispatch Strategy

The flow of power in the HRES is based on the value of generated power, the load
power, and the situation of the upper lake. The power flow will ensure the system stability
which can be shown in Figure 8 and explained in the following sections:
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5.1. Pump Mode

If the generated power from renewable energy is greater than the load power and the
upper lake is not full (PG > PL). The pump power can be determined from Equation (25)
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and the amount of power added to the upper lake can be determined from Equation (6).
The new volume of the upper lake can be obtained from Equation (26):

Ppm(t) = PG(t)− PL(t) (25)

VU(t + 1) = VU(t) + Qpm(t) (26)

In case of the PG > PL and the upper lake is full, the surplus power will be fed to the
dummy loads, then Ppm(t) = 0 and Qpm(t) = 0.

5.2. Turbine Mode

In the case of the generated power from renewable energy is lower than the power
required by the load (PG < PL), and there is enough water in the upper lake to feed the
power deficit, the generated energy from the turbine can be obtained from Equation (27)
and the amount of water discharged from the upper lake can be obtained from Equation (7).
The volume of water in the upper lake can be determined from Equation (28):

Ptu(t) = (PL(t)− PG(t))/ηtu (27)

VU(t + 1) = VU(t)−Qtu(t)−QLoss(t) (28)

If the volume of water in the upper lake is lower than the amount required to feed the
load, then Ptu(t) = 0 and Qtu(t) = 0, and in this case, the power deficit will be met with
power fed from the electric grid.

6. The Novel GRP-PSO Algorithm

Optimization algorism is used to determine the optimal size of different components
of the HRES. The optimization algorithm sends search agents to the power dispatch part
and the cost estimation part to determine the corresponding value of the multi-objective
function. The multi-objective function is used to determine the minimum cost plus the
minimum energy transferred from the utility grid is shown in Equation (29).

The value of M is used to give the utility grid energy the weight compared to the LCE.
The optimization algorithm uses the values of a multi-objective function, F to determine its
minimum value.

F = LCE + M · EUG/Ey (29)

where, LCE is the Levelized cost of energy, EUG is the yield energy transmitted or absorbed
from the utility grid, and Ey is the yearly energy of the load.

The value of M is used to give the utility grid energy the weight compared to the LCE.
The optimization algorithm uses the values of a multi-objective function, F to determine its
minimum value. The variables used in the objective function to be optimized are shown in
the following points:

• Number of wind turbines, NWT
• Photovoltaic array area, PVA
• Size of the upper lake and the number of the pump-turbine set (Case-1).
• Size of batteries (Case-2)
• Size of the electrolyzer, hydrogen storage volume, and fuel cell size (Case-3)

The convergence time and failure rate are two important factors to evaluate the
performance of the optimization algorithm. These two factors are cross-related concerning
the number of particles (swarm size), where the low number of particles can give low
convergence time but increase the cause higher failure rate and vice versa. The challenge
introduced in this study is how to reduce the convergence time without increasing the
failure rate. This challenge is solved by using a gradual reduction of the PSO particles
with iterations using the GRP-PSO algorithm to enhance the exploration at the beginning
of optimization and enhance the exploitation at the end. In this new proposed study, the
GRP-PSO is chosen to start with a higher number of particles and it is reduced by one in
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each iteration. The results obtained from this study showed a substantial reduction in the
conversion time and the failure rate. The PSO algorithm is started with random values of
variables (particles’ positions) for each particle and the value of the multi-objective function
is determined as shown in Equation (29) (Particles’ values). The change of position of each
particle (particles’ velocities) can be determined from (30). The new position of particles
can be determined from Equation (31):

vi+1
k = ωivi

k + c1r1(Pk
best, i − dk

i ) + c2r2(Gbest,i − dk
i ) (30)

di+1
k = di

k + vk
i+1 (31)

where, ω is the inertia weight, c1 and c2 are the acceleration coefficients, Pbest,i is the personal
best solution or best private solution of particle i, Gbest,i is the global best of Pbest,i, k is the
swarm number, and r1 and r2 are random values in between [0, 1].

The inertia weight is used to establish a balance between exploration and exploitation.
Many studies have recommended different fixed values for it [53–59], and some other
studies have recommended a linearly decreasing value [60,61]. Most of these studies
recommended starting the inertia weight value with 0.9 and ending with 0.4 [61] as shown
in Equation (32):

ωi = 0.9− 0.5 · i
Itmax

, where i <= Itmax (32)

where, i is the number of the current iteration, and Itmax is the maximum number of
iterations. This strategy enhances the fast convergence at the start of optimization and
enhances the exploitation at the end of the optimization steps. The same inertia weight
(0.9→0.4) as the one introduced in [61] will be used with the GRP-PSO for the same
purpose. The GRP-PSO algorithm is compared with fixed inertia weight and fixed number
of particles during optimization to evaluate the performance of the modified PSO in terms
of the convergence time and failure rate. Moreover, the newly proposed technique is
compared with 10 other optimization algorithms for the same purpose.

7. Economic Analysis

The economic study is the main part of the sizing of HRES. Many studies were
introduced in the literature to perform this analysis [62–65]. The most important economic
factor is the levelized cost of energy (LCE) [1,62,63]. Other economic factors have been
introduced in the literature to evaluate the economic benefits of using the HRES such as net
present value (NPV) [1,62], life cycle cost (LCC) [62] or annualized cost of system (ACS) [64].
A novel economic factor has been introduced by Belmilia et al. called the annualized life-
cycle cost (ALCC) which represents the annualized cost of the system [65,66]. All these
economical parameters can evaluate the feasibility of the HRES before the start of the
installation stage.

The LCE is the main economic technique used in this paper to determine the cost of
energy generated from the HRES as shown in Equation (33) [1,63]. The CRF is a capital
recovery factor that depends on the project lifetime, and the interest rate, r as shown in
Equation (34). The total present cost (TPC) is the total cost of the HRES at present (TPC).
This value can be determined by adding the total initial cost plus the present value of
the replacement cost (RC), plus the present value of the operation and maintenance cost
(OMC), minus the present value of the salvage of the HRES (PSV) which can be obtained
from Equation (35) [1,63]. The detailed methodology used in the calculations of the LEC is
shown in [1].

LCE =
TPC · CRF

ET
(33)

CRF =
r(1 + r)τ

(1 + r)τ − 1
(34)

TPC = CC + RC + OMC− PSV (35)
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8. Simulation Analysis

The simulation analysis has been performed using the weather data of the Dumah
AlJandal site where the hourly solar irradiance, temperature, and hourly wind speed were
collected and their monthly average values are shown in Table 1, Figures 9 and 10. The
monthly average load of this site has been collected from the actual load values of some
villages near this site and, where the maximum load varies between 4.5 to 30 MW [1]. The
analysis of the proposed HRES is done using Matlab software (Version 9.9, release R2020b
/MathWorks, Natick, MA, USA). The sampling time is performed on a one-hour basis with
8760 h per day.

Table 1. Wind speed collected at 40 m above sea level, Solar irradiance on a horizontal surface, temperature, and loads for
Dumah AlJandal site [1,67].

Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Mean

Wind speed 5.6 5.5 6.5 6.1 5.9 6.3 6.6 5.7 5.5 5.5 5.4 5.5 5.84
Solar Irradiance

Wh/m2/h 162 202 254 296 319 347 346 317 281 222 173 151 256

Ta (◦C) 9.3 13.5 17.4 23.3 28.2 33.0 34.8 36 30.4 25.3 15.7 8.8 26.5
Loads (MW/h) 24.5 20.1 17.4 14.2 22 28.4 32.5 36.8 29.6 21.2 23.2 24.1 24.5
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Figure 9. Monthly Solar Radiation on horizontal and 30° tilt angle in kWh/m2. (a): Horizontal plan. (b): On 30° tilt angle. Figure 9. Monthly Solar Radiation on horizontal and 30◦ tilt angle in kWh/m2. (a): Horizontal plan. (b): On 30◦ tilt angle.
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8.1. Input Data

An AE-Italia wind turbine (AMBIENTE ENERGIA SRL, Crispiano (TA), Italy) and
a Panasonic VBHN325SA16 [1] are selected to be used as recommended in conducted
previous studies near to this site [1,12,47]. The performance parameters of this wind
turbine are shown in Table 2. Two types of PHES can be used, the first one is called single
penstock which uses the same machine to work as a motor and generator, the other one is
called double penstock system where each penstock is connected to a generator-turbine
or motor-pump unit [62]. The single penstock system is simply cheaper in installation,
meanwhile, it suffers from low efficiency and complex control system. The PHES system
used in this study is a single penstock system which is having several units, where each
unit consists of motor-pump and turbine-generator units with 1000 kW rated power [66].

Table 2. The specifications of different HRES components.

Component Specifications

WT (AE-Italia) [47] Pr = 60 kW, hwt = 30 m, UC = 2.5 m/s, UR = 8 m/s, and UF = 25 m/s, TWT = 20 years, cost of wind
turbines = $1500/kW [47], OMC of wind turbines = $100/kW/year [46]

PV parameters [47]
Cost of PV system = $200/m2 [46], OMC of PV = 0.01 × cost of the PV system, salvage price of PV
array = 25%, area of PV module = 1.67 m2, efficiency = 17%, lifetime = 30 years, βt = 0.005 per ◦C,

Tcr = 25 ◦C

Inverter [47] Inverter cost = $410/kW, inverter OMC = $10/kW/year, salvage price of inverter = $50/kW,
inverter life time = 10 years, ηinv = 0.95

Battery [47] Battery cost = $250/kWh, battery OMC= $0.02/kWh/year, salvage value of battery = 20%) · cost
of the battery, battery life = 10 years, ηBC =0.9, ηBD = 0.95, σ = 0.01%, DoD = 75%

Green Hydrogen GHSS cost = $10,000/kW, GHSS OMC = $500/kW/year, GHSS lifetime = 10 years

Pumped Storage
Each unit has 1000 kW rated power, ηpm = 92%, ηtu = 92% [67–69], pump cost = $225/kW,

turbine cost = $225/kW, Civil construction cost of lakes and dam = $7.884/kWh capacity, lifetime
= 50 years [69,70], OMC of PHES per year = 1% of total cost

8.2. Optimization Algorithm Selection

The proposed PSO optimization algorithm with a gradually reduced number of par-
ticles (GRP-PSO) has been compared with 10 other optimization techniques to show the
superiority of the GRP-PSO optimization algorithm. This new proposed GRP-PSO opti-
mization algorithm has been explained above where it will start with the same number of
particles as other optimization algorithms and gradually reduce the number of particles
by removing the worst particle in each iteration. The 10 optimization algorithms used
for comparison with the new proposed PSO optimization algorithm are the conventional
PSO [71], the PSO with a linear variation of inertia weight parameter [60], the grey wolf op-
timization GWO algorithm [72], the bat algorithm (BA) [1], artificial bee colony (ABC) [73],
cuckoo search (CS) [74], bacterial foraging algorithm (BFA) [75], grasshopper optimization
algorithm (GOA) [75], crow search algorithm (CSA) [76], and firefly algorithm (FFA) [77].
The value of M weight value, M of the objective function shown in Equation (29) is chosen
by 1000. The control parameters used with these optimization algorithms are shown in
Table 3.

All the optimization algorithms started with 25 particles. The relation between the
fitness function and convergence time for all optimization algorithms is shown in Figure 11.

The results obtained from this optimization study show the superiority of the GRP-
PSO compared to the other optimization algorithms understudy, as shown in Table 4,
where it has the lowest convergence time (tc = 3:12 h), which is between 29% to 79% of the
times consumed by other optimization algorithms. Moreover, the fitness value associated
with the GRP-PSO is the lowest compared to the other optimization algorithms. Based on
the outstanding results obtained from the GRP-PSO, it will be used with coming studies.



Energies 2021, 14, 7069 17 of 24

Table 3. The control parameters of the benchmark optimization algorithms used in this study.

No. Technique Control Parameters

1. GRP-PSO ω = 0.9 to 0.4, c1 = c2 = 2.0, particles started with 25 and gradually reduced by one in each iteration
2. PSO [70] ω = 0.5, c1 = c2 = 2.0

3. IPSO [59] ω = 0.9 to 0.4, c1 = c2 = 2.0, constant SS
4. GWO [71] a = 2→0
5. BA [1] fmin = 0, fmax = 2, ω = 1.0, A0 = 1.0, r0 = 0.5, α, γ
6. ABC [72] SS = 25, ω = 0.4, food number = 10
7. CS [73] Pa = 0.25, β = 1.5
8. BFA [74] Ped = 0.5, CB = 0.01, Nhn = 20
9 GOA [74] l = 1.5 and f = 0.5

10 CSA [75] Flight length (fl) = 2, awareness probability (AP) = 0.1
11 FFA [76] α (randomness) = 0.2, β (attractiveness) = 0.20 and (absorption co-efficient) = 1.
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Figure 11. The fitness function against the convergence time for all optimization algorithms under-
study.

Table 4. The convergence performance of different optimization algorithms under study.

Algorithm tc tc GRP-PSO % of
Other Methods

LCE
$/kWh EUG (MWh) F

GRP-PSO 03:12 – 0.034325 65.554 0.198073
PSO [70] 04:51 66 0.035172 65.249 0.198158
IPSO [59] 04:03 79 0.034819 65.492 0.198413
GWO [71] 05:18 60 0.034725 65.594 0.198574

BA [1] 04:13 76 0.034615 65.656 0.198618

ABC [72] 05:27 59 0.034852 65.560 0.198615
CS [73] 04:21 74 0.034987 65.550 0.198726

BFA [74] 04:30 71 0.034792 65.727 0.198972
GOA [74] 11:07 29 0.034845 65.594 0.198693
CSA [75] 06:11 52 0.035216 65.317 0.198374
FFA [76] 06:53 47 0.035178 65.411 0.198569
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8.3. Energy Storage System Selection

The study shown above recommended using the GRP-PSO as an optimization algo-
rithm for sizing the HRES, and for this reason, it will be used with this study. In this study,
three different ESS will be used to determine the most techno-economical one. The simula-
tion results for three different strategies are shown in Table 5. It is clear from this figure
that the PHES is contributing about 9.1% from the total cost of the HRES, meanwhile, the
BSS and the GHSS are contributing 32.5%, and 30.3%, respectively. Moreover, the net cost
of BSS and GHSS are 5.42 and 5.53 times the cost required for the PHES. The LCE for PHES
is 65.8% and 58.9% compared to the system using the BSS and GHSS, respectively. The
results obtained from this study show the superiority of using PHES as an ESS compared
to the BSS and GHSS options. The next studies are performed for the use of PHES as an
ESS due to its superiority.

Table 5. The cost comparison between the three different ESS used in this study.

ESS ESS Cost TPC LCE
$/kWh

ESS Cost/TPC
(%)

PHES 8,372,000 91,773,592 0.034325 9.1
BSS 45,358,473 139,512,874 0.052122 32.5

GHSS 46,242,507 155,875,417 0.058235 30.3

8.4. Voidance of Pollution Emissions

Most of the loads around the Dumah AlJandal site are agriculture loads that are
currently using diesel generators to generate electricity. The use of diesel fuel in generating
electricity generates many greenhouse gases (GHG) such as carbon dioxide (CO2), carbon
monoxide (CO), sulfur dioxide (SO2), nitrogen oxides (NOx), and hydrocarbons (CHx). All
these gases participate in air pollution which can cause acid rain, and cause many diseases
for the residents which increases the health costs and contribute to many side effects on
people and livestock. This avoidance of GHG will contribute to the pollution reduction
targets in Saudi Arabia and if used in large numbers around the world, could reduce the
effect of the global warming phenomenon. The avoidance of pollution due to the GHG
emission when using diesel generators instead of using HRES with 100% green resources
is shown in Table 6 [70].

Table 6. The avoidance of pollution due to the GHG emissions when using diesel generators instead
of using HRES with 100% green resources [70]. Reproduced from [70], Elsevier: 2014.

GHG Emission (Ton/Year)

CO2 2,493,320
CO 616
SO2 501
NOx 5493
CHx 70

8.5. Effect of Load Elasticity

Demand response is one of the smart grid concepts in which the system uses dynamic
tariffs to convince customers to adapt their loads based on the stability system situation.
In this strategy, based on three different factors, the system will change the tariff which is
the volume of water in the upper lake, power difference, and the forecast factor of weather
data and loads. The change in tariff has been discussed in detail above, where, in this
section, the effect of power elasticity demand (PED) on the size of components, size of ESS,
cost of the system, and cost of energy is shown in Figure 12. For sure, the participation of
customers in the stability of the system will reduce the system size and the cost of energy
based on their response (PED). Figure 12 and Table 7 show the change in system size
components with different values of PED, 0 (flat tariff), −1, −2, respectively. It is clear
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from Table 7 that, the TPC and the LCE of the HRES are reduced to 71.5% when used the
DRS with −1 elasticity compared to the flat rate tariff. These outstanding results prove the
superiority of using the DRS in the sizing and operation of the HRES.
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volume.(d): PHES Units. (e): TPC. (f): LCE.

Table 7. The change in system size components with different values of PED, 0 (flat tariff), −1, −2,
respectively.

Item PED = 0 PED = −1 PED = −2

NWT 435 313 322
PVA (m2) 98,749 67,318 61,875
Vmax

U (m3) 702,825 554,862 498,981
PHES 20 16 15

TPC ($) 128,456,850 91,877,860 89,478,260
LCE ($/kWh) 0.047991351 0.034325477 0.033428989

8.6. Sensitivity Analysis

The sensitivity analysis is introduced in this paper to predict the variation of different
inputs on the cost of energy of the proposed HRES. All the sensitivity analysis studies
introduced in this section are performed with GRP-PSO, PHES, and PED = −1.

The first sensitivity study introduced in this paper is to predict the change in LCE with
±20% change in wind speed. For sure the increase in wind speed will reduce the LCE and
will increase the generating energy from the available components or the size of HRES may
be reduced. The changes in LCE with ±20% change in wind speed are shown in Figure 13.
The maximum increase due to a −20% reduction in wind speed is 1.3% from the TPC and
LCE of the HRES. Also, the maximum reduction in the TPC and LCE of the HRES due to
an increase in wind speed by 20% is −1.25%. These results show that is not very sensitive
to a small change in wind speed where a change in wind speed by ±20% changed the TPC
and LCE by about ±1.3% with respect to the actual data of the wind speed.
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Figure 13. The variations of TPC and LCE along with ±20% change in wind speed.

The second sensitivity study is performed for ±20% change in solar radiation to
predict the change in LCE with ±20% change in solar irradiance. For sure, the increase
in solar irradiances will reduce the LCE and will increase the generating energy from the
available components or the size of HRES may be reduced and vice versa. The change in
LCE with ±20% change in solar irradiance is shown in Figure 14. The maximum increase
due to a −20% reduction in solar irradiance is 1.22% from the TPC and LCE of the HRES.
Also, the maximum reduction in the TPC and LCE of the HRES due to an increase in solar
irradiance by 20% is −0.8%. These results show that the HRES is not very sensitive to
a small change in solar irradiance where a change in solar irradiance by ±20% changed
the TPC and LCE by about +1.22% to −0.8% with respect to the actual data of the solar
irradiance.
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9. Conclusions

Several challenges facing the installation of hybrid renewable energy systems (HRES)
such as the selection of the most feasible energy storage system (ESS) type, the use of smart
grid concepts like demand response to improve the performance of the HRES and reduce
the cost of energy and the long convergence time to design the optimal sizes of the HRES
components. All these challenges have been avoided in this proposed study as shown in
the following points:

• The challenge of selecting the most suitable ESS is studied in this paper, where pumped
hydro energy storage (PHES) is selected due to the suitability of the selected location
to build this technology. The presence of a 100 m difference between the upper and
lower lake makes the PHRS a very attractive option. The PHES is compared with a
battery storage system (BSS) and a green hydrogen storage system (GHSS). The HRES
with the PHES as an ESS is giving $0.034325/kWh Levelized cost of energy compared
to $0.052122/kWh and $0.058235/kWh for the HRES uses BSS and GHSS ESS systems,
respectively. The cost of the PHES contributes 9.1% of the total HRES cost compared to
32.5% and 30.3% for the HRES using BSS and GHSS, respectively. The cost of installing
the BSS and GHSS are 5.42 and 5.53 times the cost associated with PHES used for the
same purpose. These outstanding results proved the superiority of using PHES as an
ESS compared to the BSS and GHSS technologies.

• The use of traditional swarm optimization techniques in the sizing of the HRES is
spending a long time in the optimization algorithm which imposes a challenge for
the sizing of the HRES. In this study, a modified optimization strategy called the
gradually reduced particles of particle swarm optimization (GRP-PSO) algorithm is
introduced in this paper. The GRP-PSO removes the worst particles in each iteration
of the optimization steps. The GRP-PSO reduced the convergence time to 29% to 79%
compared to the convergence time of the 10 optimization algorithms selected in this
study. These outstanding results proved the superiority of the GRP-PSO in the sizing
of the HRES.

• The use of the proposed HRES with 100% green energy avoids 2.5 million tons per
year of greenhouse gases which substantially improves the quality of life around the
selected sites and participates in reducing the global warming phenomena if a similar
system is installed in Saudi Arabia and other sites in the world.

• The use of demand response strategy as a concept of the smart grid is improving the
HRES stability and substantially reduces the TPC and LCE. The model of the DRS used
in this paper is implemented using a fuzzy logic controller with a novel forecast factor
used in the simulation. The TPC and the LCE of the HRES are reduced to 71.5% when
used the DRS with −1 elasticity compared to the flat rate tariff. These outstanding
results prove the superiority of using the DRS in the sizing and operation of the HRES.

Two sensitivity analysis studies are introduced in this paper to predict the variation
of the LCE on any change in wind speed or solar irradiances data used in the available
data. With ±20% change in wind speed or solar irradiances, the variation of the TPC and
the LCE never go beyond ±1.3% change which proves the proposed system is having low
sensitivity with a substantial change in wind speed or solar irradiances.
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