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Abstract: Electrification of remote rural areas by adopting renewable energy technologies through the
advancement of smart micro-grids is indispensable for the achievement of continuous development
goals. Satisfying the electricity demand of consumers while adhering to reliability constraints
with docile computation analysis is challenging for the optimal sizing of a Hybrid Energy System
(HES). This study proposes the new application of an Artificial Ecosystem-based Optimization
(AEO) algorithm for the optimal sizing of a HES while satisfying Loss of Power Supply Probability
(LPSP) and Renewable Energy Fraction (REF) reliability indices. Furthermore, reduction of surplus
energy is achieved by adopting Demand Side Management (DSM), which increases the utilization
of renewable energy. By adopting DSM, 28.38%, 43.05%, and 65.37% were achieved for the Cost
of Energy (COE) saving at 40%, 60%, and 80% REF, respectively. The simulation and optimization
results demonstrate the most cost-competitive system configuration that is viable for remote-area
utilization. The proposed AEO algorithm is further compared to Harris Hawk Optimization (HHO)
and the Future Search Algorithm (FSA) for validation purpose. The obtained results demonstrate
the efficacy of AEO to achieve the optimal sizing of HES with the lowest COE, the highest consistent
level, and minimal standard deviation compared with HHO and FSA. The proposed model was
developed and simulated using the MATLAB/code environment.

Keywords: Demand Side Management; Artificial Ecosystem-based Optimization; optimal sizing;
Hybrid Energy System; Future Search Algorithm; Harris Hawk optimization; Renewable Energy
Fraction; surplus energy; Loss of Power Supply Probability

1. Introduction

The reduction of conventional energy sources coupled with increasing global warming
have accelerated the growth of renewable energy sources (RES) such as solar and wind [1].
RES can be exploited for both grid connection and for off-grid, especially in rural areas with
restricted grid connection [2–4]. This will reduce fossil fuel dependency, harmful emissions,
and consumption costs. In spite of their benefits, RES performance is often limited due to
the intermittent and unpredictable nature of their output power [5]. These factors affects
both energy production and the operational costs of the system. Connecting two or more
RES is essential to sustain energy for remote areas by preserving the quality and reliability
of power [6]. Likewise, incorporating diesel generators with RES can ensure service quality
and reliability and results in less battery maintenance [7,8]. Therefore, it is essential to
optimize Hybrid Energy System (HES) size to minimize installation and maintenance cost.

Several studies have adopted analytical, probabilistic, and heuristic techniques in
achieving HES optimization. The probabilistic technique is modelled on the random
prospect of a particular system [9,10]. However, this method is not robust for obtaining
optimal result with dynamic change in RES. The analytical technique is only capable of
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handling simple and precise methods [11,12]. The potent results of the heuristic meth-
ods [13–20] make them dependable for complex optimal sizing of HES with sufficient
computational time. In [13], the Harmony Search (HS) algorithm was utilized for sizing
PV/diesel energy sources. The obtained result in [13] demonstrated the robustness of HS
in reducing pollution and system cost. Masoud et al. [14] demonstrated the effectiveness
of Dynamic Multi-Objectives Particle Swarm Optimization (DMOPSO) for sizing the HES.
By utilizing the DMOPSO algorithm, the results revealed a decrease in PV panel cost and
NPC. In [15], a genetic algorithm combined with particle swarm optimization was used for
the optimal design of a hybrid wind–PV–battery system. Loss of Load Expected (LOLE)
and Loss of Energy Expected (LOEE) were subjected to constraints to minimize operation
cost using multi-objective particle swarm optimization [16]. Eftichios et al. [17] presented a
genetic algorithm using the system cost function subject to Loss of Load Hours (LOLH)
constraints for HES optimization. Minimization of COE is presented in [18] to optimize the
size of the HES subject to Renewable Energy Fraction (REF) and LPSP constraints. In [17],
the levelized cost of energy was obtained through optimal sizing of PV, wind, battery, and
diesel generator. Wang et al. [20] proposed a non-dominated sorting algorithm II, incorpo-
rated with re-ranking based genetic operators to determine system reliability, greenhouse
gas emission, and lifetime cost for optimal sizing of the HES. Crow Search (CS) and Particle
Swarm Optimization (PSO) were introduced in [21,22] for optimal sizing and allocation of
renewable distributed generations. Morteza et al. presented a solar-hydrogen model for
hybrid energy sizing using Demand Side Management (DSM) [23]. The results revealed the
decrease in electricity cost; however, the model did not utilize system constraints. Hassan
et al. [24] presented a strategy to allocate renewable distributed generations using CS
with PSO.

The majority of the optimal sizing of HES in the literature did not apply DSM concepts.
DSM is the future of power systems, incorporating cutting-edge technologies and distri-
butions system for supplying electricity in efficient and smart ways [25]. DSM buttresses
smart grid in several ways, such as control, electricity cost reduction, monitoring, and
management of energy resources [26]. DSM can help to reduce load peak, which increases
the efficiency of grid operation, promotes a decrease in the greenhouse gas effect, and
leads to electricity bill reduction. Effective DSM can avoid the upgrading of electrical
infrastructures such as transmission lines and distribution networks. Some of the generic
method of DSM [27] are valley filling, load conservation, peak clipping, load growth or
load establishment, and load shifting. Peak clipping is the reduction of peak loads without
shifting it to off-peak hours. Valley filling involves encouraging consumption during the
off-peak period. Load conservation involves encouraging consumers to make use of effi-
cient appliances to reduce energy wastage. Load growth is adopted in a situation of surplus
energy that might be the result of the integration of renewable energy. Load shifting is
most commonly utilized and involves the shifting of load from peak periods to off-peak
periods or periods where the energy cost is cheap [27]. Cost saving is the major purpose of
the load-shifting process [28]. This method will be utilized in this study for the optimal
sizing of the HES. Figure 1a–d shows a pictorial representation of various DSM strategies.

Thus, the foremost objective of this study is to extend the work presented in [29]
by incorporating DSM for the optimal sizing of HES for remote communities of Al Su-
laymaniyah village, Saudi Arabia, using a new optimization algorithm. The evaluation
of three algorithms: Artificial Ecosystem-based Optimization (AEO) [30], Future Search
Algorithm (FSA) [31], Harris Hawk Optimization (HHO) [32], were evaluated for optimal
sizing. These algorithms were analyzed for optimizing Cost of Energy (COE) at zero Loss of
Power Supply Probability (LPSP). Additionally, the Renewable Energy factor is proposed
to ensure a hybrid energy utilization among the energy sources: diesel, battery storage, PV,
and wind. The results demonstrated the efficacy of AEO in obtaining the lowest COE with
and without DSM.
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Figure 1. (a) Peak Clipping; (b) Valley Filling; (c) Load Shifting; (d) Load establishment.

The novelty and contribution of this paper can be summarized as follows:

• A new application of Artificial Ecosystem-based Optimization is utilized for the first
time to achieve optimal sizing of HES by minimizing the Cost of Energy (COE);

• Renewable Energy Fraction (REF) and Loss of Power Supply Probability (LPSP) are
utilized to achieve stand-alone HES consisting of PV/WTGs/battery/diesel for Al
Sulaymaniyah village, Saudi Arabia;

• A load-shifting strategy based on the available renewable is employed for the DSM to
achieve a minimal cost of energy;

• AEO is compared to FSA and HHO with DSM and without DSM in achieving the COE
and to verify its efficacy;

• Different values of REF at 40%, 60%, and 80% are utilized as constraints to determine
the COE with DSM and without DSM;

• The results demonstrated the effectiveness of AEO to achieve the lowest COE, both
with DSM and without DSM.

The rest of the paper is arranged as follows: Section 2 describes the Al Sulaymaniyah
site and load; Section 3 proposes the HES configuration; Section 4 discusses the AEO
algorithm; Section 5 describes the power management approach; Section 6 introduces the
developed DSM; Section 7 describes the reliability indices; Section 8 illustrates the objective
function; Section 9 discusses the results; and Section 10 presents the conclusion.

2. Al Sulaymaniyah Site Description and Meteorological Data

The geographical location of Al Sulaymaniyah is shown in Figure 2 [29]. The village
is located in the northern part of Saudi Arabia at an elevation of 1820 ft above sea level.
The location has enormous availability of wind and solar energy. Al Sulaymaniyah village
comprises mosques, a water pump, a small hospital, and recreation facilities. The village is
supplied through diesel generators by the Saudi Electricity Company (SEC). The climatic
conditions at the village are continental. The village’s temperature ranges between 0 ◦C
and 45 ◦C throughout the year. The summer period is usually from May to September,
while the winter season is from November to February. The day period varies throughout
the year. The lengthiest day occurs in June, with 14 h of sunlight, and the shortest day
occurs in December, with 10 h of sunlight.
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Figure 2. Al Sulaymaniyah village, Saudi Arabia.

The measured average hourly energy consumption at Al Sulaymaniyah village com-
prises 8760 data points. Currently, the village is powered by three 456 kW diesel generators
connected in parallel to a common bus. The generated power is connected to a 1250 kVA
step-up transformer. The full description of Al Sulaymaniyah meteorological data and load
pattern are described in [29].

3. Configuration of the HES

The proposed structure for the Hybrid Energy System is presented in Figure 3 [33].
This comprises battery storage, the inverter for converting DC energy sources to AC, diesel
generators, load, PV, and wind energy sources. In this study, PV and wind are considered
as the two major sources of energy. Either the diesel generator or storage energy system
compensates the disparity between PV and wind. Al Sulaymaniyah’s low PV and wind
coefficient of correlation implies that PV and wind might not be able to adequately supply
the energy required without the utilization of energy storage and diesel sources. PV and
storage system are connected to the DC side of the bus bar, while the diesel generator and
wind turbines are linked to the AC side of the bus bar. The diesel generator serves as an
alternative source of energy whenever the PV, wind, and storage system are unable to meet
the load demand.

Figure 3. Overview of the proposed Hybrid Energy System.
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The modelling of the PV, wind, storage system, and diesel generator is introduced
as follows.

3.1. PV Modelling

Solar irradiance, PV array manufacturer’s data, and temperature are major factors that
influence the output power generated from PV systems, as shown in (1) [34].

PPV= Pr f pv

[
GT

GT,STC

]
(1 + αp(Tc − Tc,STC)) (1)

where Pr, Tc,STC, Tc, GT , GT,STC, αp, and f pv are the PV rated power, PV temperatures
under STC and normal conditions, global irradiance under normal and Standard Test
Conditions (STCs), power temperature coefficient, and de-rating factor, respectively. The
temperature of the PV steady-state operation is described in (2).

Tc =
Ta + (NOCT − Ta, NOCT)

(
1− 1.11ηMPP(1− αpTc,STC)

)( GT
GT,NOCT

)
1 + 1.11(αρηMPP,STC) (NOCT − Ta,NOCT)

(
GT

GT,NOCT

) (2)

where NOCT and Ta are operating cell nominal and ambient temperature, respectively.
GT,NOCT and Ta,NOCT are, respectively, the solar irradiance and ambient temperature with
respect to NOCT; ηMPP and ηMPP,STC are the Maximum Power Point (MPP) efficiency of
the PV module and efficiency under STCs, respectively.

3.2. Wind Turbine Generator (WTG) Modelling

The approximated curve of power output of a wind turbine system can be expressed
as follows [35]:

PWT(u) = Pr ×


0 u ≤ uc or u > u f

u2−u2
c

u2
r −u2

c
uc < u ≤ ur

1 ur ≤ u ≤ u f

(3)

where u, uc, Pr, ur, and u f are wind speed, cut-in/starting speed of wind turbine, rated
power of wind turbine, rated speed, and cut-out/furling speed, respectively. It is evident
from Equation (3) that wind turbine output power depends on five parameters, which
are the four wind turbine parameters and the site wind speed (u). The four wind turbine
parameters are uc, Pr, ur, and u f . Based on a quadratic model, a typical wind turbine output
power characteristic curve is shown in Figure 4 [29].

Figure 4. Wind turbine output power characteristics curve.
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3.3. Storage System Modelling

One of the critical aspects of RES is the storage system because of the stochastic nature
of RES output power. The depth of discharge and battery bank nominal capacity are
important factors to be considered in storage system. The load demand determines the
energy flow through the storage system. The State of Charge (SOC) of the battery bank is
represented as (4) [29].

SOC(t) = SOC(t− 1)(1− σ) +

(
PGA(t)−

PL (t)
ηinυ

)
ηbattery (4)

where PL(t), ηinυ, ηbattery, PGA(t), and σ are total load demand, net inverter efficiency, round
trip efficiency of battery within [0.5, 0.95], total output power, and self-discharging rate,
respectively. The charging and discharging operation of the storage system is described
by the positive and negative second term of Equation (4). The constraints for the storage
system State of Charge (SOC) are described in (5).

SOC(t) =


SOCmin SOC(t) < SOCmin
SOC(t) SOCmin < SOC(t) < SOCmax
SOCmax SOC(t) > SOCmax

(5)

The SOC cannot exceed the maximum limit of SOCmax, and likewise the minimum
SOC must be equal to or exceed the minimum allowable limit, SOCmin.

3.4. Diesel Generator

The diesel generator is utilized whenever the storage and RES is insufficient to sustain
load demand. The annual fuel consumption and the cost is represented as (6) [35].

CDsl = CF ∑8760
t=1 A× PDsl(t) + B × PR (6)

where CDsl,, PR, CF, and PDsl(t) are the annual fuel consumption (L/h), nominal power,
cost of fuel per liter, and generated power (kW) of diesel, respectively. A, B are the fuel
constants (L/kW). The two main import factor that influences the fuel consumption are
both the output power and nominal power. The output power of the diesel generator is
recommended by the manufacturers between a preset minimum level and nominal power.

4. Artificial Ecosystem-Based Optimization (AEO)

AEO is a type of population-based optimization algorithm. It imitates the production,
decomposition, and consumption behavior of living organisms. This concept depicts energy
flow in the ecosystem of the Earth. In the Earth’s ecosystem, producers use water, sunlight,
and carbon dioxide to make food energy. Similarly, the AEO production stage is used to
improve the balance between exploration and exploitation. The second stage, consumers,
just like animals, cannot produce their own food. They acquire their energy and nutrients
from fellow consumers or producers. This stage improves the exploration of the algorithm.
Decomposition is the last stage. Decomposers feed on both consumers and producers. The
exploitation of the algorithm is enriched at this stage [30].

4.1. Producer

In the search space at this stage, a random individual (xrandi) and a best individual
(xq) are randomly produced. The decomposer (best individual) and the search space’s
upper and lower boundaries update the producer (worst individual). This update will
facilitate other individuals to hunt for separate regions. The mathematical representation
for this is illustrated in (7) [30].

x1(ti + 1) = (1− a)xq(ti) + axrandi(ti) (7)
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where

a =

(
1− ti

It

)
∗ r1 (8)

xrandi = r ∗ (Up− Lw) + Lw (9)

x2(ti + 1) = x2(ti) + K[x2(ti)− x1(ti)] (10)

where r1 and r are random numbers within 0 and 1, It is maximum iterations, a is linear
weighting coefficient, q is the population number, and Lw and Up are the lower and upper
boundaries, respectively. The flight levy, K, is for enhancement of the exploration level.
This is represented in (11) [36]:

K = 0.5 ∗ v1/|v2| (11)

where v2 = N(0, 1) and v1 =∼ N(0, 1). N(0, 1) denotes normal distribution.

4.2. Consumption

This stage enhances the exploration by letting the algorithms upgrade the solution
of individuals. The consumers can be classified as herbivore, carnivore, or omnivore. The
herbivore feeds on both the consumers and the producers. The second feed on the con-
sumers with an advanced energy level. The last feeds on the producers and/or consumers
with an advanced energy level. The mathematical equation for herbivore as a consumer is
represented as follows [36]:

xi(ti + 1) = xi(ti) + K[xi(ti)− xi(ti)], i ∈ [3, . . . , n] (12)

The mathematical equation for consumer as a carnivore is represented as follows:{
xi(ti + 1) = xi(ti) + K

[
xi(ti)− xj(ti)

]
,

i ∈ [3, . . . , n], j = randi([2 i− 1])
(13)

The mathematical equation for an omnivore consumer is denoted as:{
xi(ti + 1) = xi(ti) + K

[
r2(xi(ti)− x1(ti)) + (1− r2)

(
xi(ti)− xj(ti)

)]
,

i ∈ [3, . . . , n], j = randi([2 i− 1])
(14)

where r2 is within the range of 0 and 1.

4.3. Decomposers

The decomposition stage is very important because it feeds the producers and en-
compasses the food chain. In Earth’s ecosystem, when a consumer passes away, the
decomposers feed on its leftovers. The mathematical Equation (15) for the decomposer
model introduces new factors. The factors are weight coefficients (we and he) and decom-
position factor (De). The decomposition supports the exploitation of the algorithm by
updating individual locations based on the best solution, as described in (16) [30].

xi(ti + 1) = xn(ti) + De(wexn(ti)− hexi(tt)), i = 1, . . . , n (15)

The newly introduced factors are defined by Equation (16), shown below.
De = 3u, u ∼ N(0, 1)
we = r3 ∗ randi([1, 2])− 1

he = 2 ∗ r3 − 1
(16)

where r3 is within the range of 0 and 1.
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4.4. Termination

During this stage, xq is updated after the fitness is obtained for each individual.
Subsequently, the termination condition is evaluated; if it is met, the execution is terminated
and xq is returned, or else the first stage is repeated. Figures 5 and 6 show the typical flow
of energy in Earth’s ecosystem and the AEO ecosystem [30], and Algorithm 1 summarized
the pseudocode AEO algorithm.

Figure 5. Energy flow in an ecosystem.

Figure 6. AEO ecosystem.

Algorithm 1: Pseudocode of Artificial Ecosystem-based Optimization for optimal the sizing
of HES

1. Initialization: Random initialization of AEO ecosystem, x1, and evaluation of fitness, ffi; xq =
best solution established so far.
2. While the halt condition is not obtained, perform:

First Stage: Production
Individual x1, update its position with (7).

Second Stage: Consumption
Individual x1 (i = 2, . . . ,n)

Herbivorous act occurs
If rand < 1

3 , the individual update is carried out using (12)
Omnivorous act occurs

Else if 1/3 and rand < 2/3 the update to individual is carried out using (14)
Carnivorous act occurs

Else the individual update is carried out with (13)
End if

End if
Third stage: Decomposition

Individual update is carried out with (15)
Individual fitness is calculated
Best position found so far is updated, xq
End while

Fourth Stage: Termination
Return xq



Electronics 2022, 11, 204 9 of 22

5. Power Management Approach

The unstable nature of renewable resources creates a multifaceted power management
scheme for HES. Due to the fact that the quantity of energy generated from resources is
paltry, the capability of the generator cannot be instantaneously amplified to balance the
increase in load. Moreover, occasionally, a dump load is required to dispel the surplus when
the quantity of electricity generated is more than the demand. Moreover, this will avoid the
overcharging of the batteries. To design an effective system, it is essential to adopt a power
management methodology. Table 1 shows the parameters used for the simulation [35]. The
following cases are considered for the power management methodology.

Case 1: The required energy is supplied by renewable generation and the surplus is
utilized for charging the storage facility.

Case 2: As in Case 1, if the excess energy is greater than the storage capacity and load,
the surplus is dissipated via a dump load.

Case 3: The storage facility is utilized as a priority when the renewable energy is
insufficient to meet the load rather than making use of diesel.

Case 4: The generator is used to charge the battery and to supply the load when the
renewable energy is insufficient to sustain the load and the storage is depleted.

Table 1. Parameters of the HES system.

Parameters Values Unit

Battery

Depth of Discharge 60 %

Round-trip efficiency 80 %

O&M Cost 5 USD/kWh/year

Capital cost 200 USD/kWh

Life span 5 years

Photovoltaic Module

O&M Cost 15 USD/kW/year

Capital cost 1000 USD/kW

Efficiency 16 %

Life span 20 years

WTG

Hub-height 60 M

Cut-in/cut-off/ rated
Speed 3/25/9.5 m/s

O&M Cost 30.33 USD/KW/year

Capital cost 1300 USD/kW

Life span 20 years

DC/AC Converter
Life span 10 years

Capital cost 133 USD/kW

Diesel Generator

Life span 15,000 hours

Capital cost 300 USD/kW

O&M Cost 0.012 USD/kWh

Project Factors

Interest rate 3 %

Life span 20 years

Inflation rate 2 %

6. Demand Side Management (DSM)

Demand Side Management modifies the consumption patterns of consumer electricity
to yield the desired alterations in the load structure of power distributions. The resulted
changes are expected to reflect the planned objectives. This study presents a load-shifting
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technique to maximize the utilization of renewable energy resources and reduce the energy
supply from the diesel. The objective load curve is aimed at reducing the load during
periods of insufficient renewable energy and likewise increasing the load during periods
of surplus renewable energy. The DSM strategy cannot be scheduled beyond a day, and
the shifted load is limited to 20% of the total load. If the renewable energy is less than the
load and within 24 h, as represented in (17), the load shift is described as (18). If (18) is
greater than 20% of the load, the load shift is donated as (19). More so, by considering the
future surplus available renewable energy, the load shift is limited to (20) if the available
renewable energy is less than the expected shifted load in (19). The load at time, t, and
future time, t + i, are represented as (21) and (22), respectively. The methodology also
applies when there is surplus renewable energy.

P(t) + P(w) <

(
P1(t)
univ

)
& t < 24 h (17)

lt = (

(
P1(t)
univ

)
− (Pw(t) + Pp(t)) (18)

lt = 0.2 ∗ P1(t) (19)

lt = P(ren) (20)

P1(t) = P1(t)− lt (21)

P1(t) = P1(t)− lt (22)

where P(t), P(w), P1(t), univ, P(ren), and lt represents PV power, wind power, load,
inverter efficiency, surplus renewable energy, and load shift at time, t, respectively.

7. Reliability Indices
7.1. Loss of Power Supply Probability

The probability of power supply failure can be measured using one of the statistical
reliability indices, Loss of Power Supply Probability (LPSP). Loss of power can be as a
result of technical failure or low energy supply from the generating source that is not able
to meet the demand [30]; 0% and 1% LPSP demonstrate, respectively, that the load will not
be supplied and the load will be supplied. This can be calculated as described in (23) [35].

LPSP =
∑
(

Pload − Ppv − Pwind + Psocmin + Pdiesel
)

∑ Pload
(23)

where Pload, Ppv, Pwind, Psocmin , and Pdiesel , are load demand, PV power, wind power, mini-
mum battery power, and diesel power, respectively.

7.2. Renewable Energy Fraction (REF)

This is the ratio of diesel energy generated compared to energy generated from both
the wind and the PV system, as shown below. The fraction is an indication of how much
renewable energy is served. A fraction of 100% represents an ideal system, with only re-
newable energy resources. An equal sum of PV and wind power to diesel power represents
a fraction of 0%. A fraction between 0% and 100% represent a hybrid energy source. REF is
represented as (24) [29].

REF =

(
1− ∑ Pdiesel

∑ Pwind + Ppv

)
∗ 100 (24)

8. Objective Function

Appropriate sizing of the energy system with high quality units can lead to resourceful
energy management and low-cost electricity for the consumers. The aim of the optimization
is to obtain a minimal Cost of Energy (COE). COE is a widely used indicator for HES
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financial profitability [31]. This is defined as the ration of cost to unit price of electricity, as
described in (25), subject to constraints (26) [29,35].

COE
(

$
kWh

)
=

Annualized cost($)
annual energy delivered by the system (kWh)

= Total Net Present Cost ($)

Pload(kW)
(

8760h
year

) ∗ CRF (25)

Constraints



LPSP ≤ LPSPdesired
REF ≤ REFdesired

0 ≤ PWind ≤ Pwind,max
0 ≤ Ppv ≤ Ppv,max
0 ≤ Pbat ≤ Pbat,max

0 ≤ PDSL ≤ PDSL,max

(26)

The total NPC comprises installed capital costs. The installed capital costs includes
the replacement cost, operation cost, maintenance cost, and present cost. Pload is the power
consumed per hour. The current worth of HES components for a specific duration with the
interest rate is calculated with the Capital Recovery Factor (CRF), which is shown below in
(27) [35].

CRF =
i ∗ (1 + i)n

(1 + i)n − 1
(27)

where n is the system life period, which is represented by PV life duration because of
its lengthier life, and i represents interest rate. Pwind, Ppv, PDSL, and Pbat represent the
rated power of wind, solar, diesel, and battery (in kWh), respectively, with their maximum
denoted as Pwind,max, Ppv,max, PDSL,max, and Pbat,max. REFdesired and LPSPdesired denote the
defined REF and LPSP, respectively.

9. Simulation Results and Discussions

The proposed AEO, in addition to HHO and FSA, were employed to determine the
optimal sizing of the stand-alone Hybrid Energy System to obtain the minimal Cost of En-
ergy (COE). The hourly average load, wind speed, and solar irradiance of Al Sulaymaniyah
village, Saudi Arabia, were selected for the study of optimal energy sizing in this study.
The variables for the optimization are the capacity of the PV energy source, batteries, diesel
generators, and wind turbine energy. The performance of the algorithms was evaluated
under four performance indicators, which are Standard Deviation (STD), mean, best solu-
tion, and worst solution. The metaheuristics algorithm involves a stochastic model in their
computational analysis. As a result, each run of the algorithm will not yield the same result.
This creates an enormous challenge to determine the quality of the solution. Hence, it is
crucial to investigate the consistency of the solution. By running the algorithms for 30 runs,
a unique distinct pattern is obtained for the algorithms, which implies that the parameters
always unite at a definite location. To obtain a rational comparison, the algorithms were
evaluated under the same population sizes, iterations, boundary conditions, and number of
runs. The simulation was developed using the MATLAB environment. Moreover, different
levels of REF at 40%, 60%, and 80% at an LPSP of 0% were employed to achieve the COE
and optimal sizing.

9.1. Optimal Sizing of the HES without DSM

One substantial standard for evaluating the performance of any optimization method
is the assessment of the obtained fitness results. Tables 2–4 show the Standard Deviation
(STD), mean, best solution, and worst solution obtained for REF at 40%, 60%, and 80%,
respectively. These results were evaluated during 30 runs, 300 iterations, and a population
size of 50 without DSM at 0% LPSP. Figures 7–9 show the fitness curve of the three algo-
rithms without DSM at 40%, 60%, and 80% REF, respectively. From the results, it is obvious
that AEO obtained the minimum COE for all three stages. The algorithm further maintains
a low STD value in obtaining the COE, as shown in Tables 2–4.
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Table 2. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO at 40% REF and LPSP
of 0%.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 1.383630 62.46 167.98 102.14 168.56 35.05

Mean 1.393066 59.96 154.99 108.26 168.50 35.82

Max 1.467197 61.53 81.25 142.95 171.01 40.19

STD 0.016362 10.03 25.08 10.71 1.29 1.11

FSA

Optimal 1.463650 0.00 166.14 111.88 164.88 36.17

Mean 1.500501 34.71 161.68 109.69 167.88 37.12

Max 1.993242 37.52 156.82 109.91 166.11 40.00

STD 0.23622 28.89 67.40 19.13 8.76 4.07

HHO

Optimal 1.392138 60.77 147.83 110.09 168.35 35.32

Mean 1.500154 57.73 122.63 123.51 173.22 38.55

Max 1.799334 47.34 7.50 190.97 189.51 51.14

STD 0.106058 26.01 65.86 29.47 6.33 4.05

Table 3. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO at 60% REF and LPSP
of 0%.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 1.133689 69.55 190.20 129.39 162.26 39.27

Mean 1.143942 65.13 180.08 135.52 162.00 40.39

Max 1.206799 50.35 102.23 177.15 162.26 46.53

STD 0.016446 8.80 28.97 14.17 1.00 1.83

FSA

Optimal 1.134227 66.36 185.97 131.59 161.82 40.39

Mean 1.154109 27.32 198.22 133.23 159.85 41.24

Max 1.177233 0.00 250.00 118.59 159.41 39.19

STD 0.015713 31.73 19.06 7.21 1.66 2.11

HHO

Optimal 1.138241 56.38 211.12 123.02 161.48 39.65

Mean 1.206398 62.38 157.37 146.20 165.00 42.25

Max 1.596142 8.81 39.77 190.56 175.87 50.89

STD 0.095449 29.07 58.09 26.11 5.46 3.37

Table 4. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO at 80% REF and LPSP
of 0%.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 0.832235 71.22 244.09 189.75 150.20 49.71

Mean 0.837487 66.17 224.90 200.15 149.78 51.3

Max 0.853710 63.39 178.53 225.41 149.48 53.77

STD 0.004773 10.14 18.05 9.25 1.23 2.53
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Table 4. Cont.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

FSA

Optimal 1.224227 75.22 200.09 180.75 123.20 48.71

Mean 1.247038 60.17 221.90 210.15 159.78 50.3

Max 1.336750 60.39 188.53 221.42 159.28 53.77

STD 0.234455 22.41 67.05 29.25 8.23 3.13

HHO

Optimal 0.835613 74.05 239.33 190.54 150.56 49.61

Mean 0.922779 73.36 203.67 190.57 155.05 47.8

Max 1.702104 78.25 11.09 199.96 189.03 44.47

STD 0.156130 20.19 53.99 11.74 7.85 2.33

Figure 7. Fitness for cost of energy without DSM at 40% REF and 0% LPSP.

Figure 8. Fitness for cost of energy without DSM at 60% REF and 0% LPSP.
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Figure 9. Fitness for cost of energy without DSM at 80% REF and 0% LPSP.

Figure 10 shows the percentage energy utilization for each of the algorithms without
DSM. The run with the lowest COE for each algorithm was selected for the energy utilization
plot. AEO utilizes the right combination of PV and wind energy sources to obtain the
minimal cost of energy. Figure 10 shows that FSA utilizes the highest percentage for diesel
energy. This influences its COE to be highest among the algorithms.

Figure 10. Energy utilization percent for AEO, FSA, and HHO without DSM and at 0% LPSP.

9.2. Optimal Sizing of the HES with DSM

The DSM is performed to optimize the usage of the available renewable energy
resources. The loads are shifted in two categories: if there is insufficient renewable energy
to meet the load or when there is surplus renewable energy. In the case of the surplus
energy, future loads that are less than the available renewable energy are shifted to present
time. All these load shifting are limited to a 24 h time frame. Tables 5–7 show the Standard
Deviation (STD), mean, best solution, and worst solution obtained for 30 runs under
300 iterations and a population size of 50 for the three stages of Renewable Energy Fraction
(REF). Figures 11–13 show the fitness curve (COE) for the 30 runs of each algorithm at
40%, 60%, and 80% REF, respectively. It is obvious from Tables 5–7 and Figures 11–13 that
AEO achieved the minimal cost of energy at very low STD for all the 30 runs at 0% LPSP.
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This further demonstrates the ability of AEO to maintain the lowest COE with the highest
consistent level and minimal STD.

Table 5. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO with DSM at 40% REF
and 0% LPSP.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 1.077723 22.41 228.15 62.25 143.73 29.24

Mean 1.119163 41.46 164.24 86.23 149.94 29.93

Max 1.267866 58.48 50.08 139.18 159.44 37.23

STD 0.047366 12.68 50.36 21.67 3.68 2.59

FSA

Optimal 1.087369 26.59 220.29 64.32 144.40 28.94

Mean 1.195678 10.33 215.97 68.28 143.48 30.38

Max 1.445218 57.70 129.56 98.27 153.31 29.84

STD 0.092633 16.50 77.73 31.46 12.79 5.96

HHO

Optimal 1.087369 16.40 202.62 71.30 144.81 29.43

Mean 1.199288 53.89 123.47 103.10 156.13 32.11

Max 1.445218 41.38 11.77 154.75 168.20 41.77

STD 0.091652 24.77 67.14 29.99 7.48 4.23

Table 6. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO with DSM at 60% REF
and 0% LPSP.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 0.792494 29.27 247.04 76.52 127.85 29.27

Mean 0.811080 37.90 208.59 90.92 132.09 37.90

Max 0.922186 64.84 91.04 146.83 144.38 64.84

STD 0.027468 15.01 35.78 15.93 3.78 3.01

FSA

Optimal 0.816321 59.17 217.05 79.51 117.45 30.17

Mean 0.962236 37.90 208.59 90.92 132.09 36.91

Max 1.152819 61.85 91.12 136.13 124.18 66.81

STD 0.092889 15.01 35.78 15.93 3.78 6.02

HHO

Optimal 0.814320 59.70 128.63 127.71 143.48 30.45

Mean 0.910234 59.70 128.63 127.71 143.48 35.15

Max 1.115856 101.25 19.23 191.81 160.80 35.17

STD 0.068200 24.95 52.29 27.79 6.51 5.12

Table 7. Optimal, Minimum, Maximum, and STD for AEO, FSA, and HHO with DSM at 80% REF
and 0% LPSP.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

AEO

Optimal 0.503245 37.28 242.48 123.52 106.58 36.50

Mean 0.511628 36.54 215.42 136.24 108.43 37.82

Max 0.528746 33.89 171.15 159.52 110.70 41.07

STD 0.007268 17.74 22.49 10.57 2.36 1.42
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Table 7. Cont.

COE
(USD/kWh)

Pbatt
(kW) PV (kW) Pw (kW) Pdiesel

(kW)
Surplus

(%)

FSA

Optimal 0.644275 74.29 217.11 199.87 125.87 50.0

Mean 0.644275 77.73 172.01 192.91 147.81 46.33

Max 0.781750 90.51 21.71 209.00 138.48 42.66

STD 0.319604 19.94 70.91 9.09 12.90 4.3

HHO

Optimal 0.627125 54.28 247.16 196.86 135.86 49.83

Mean 0.787858 78.79 176.08 194.92 147.84 45.34

Max 1.353082 89.50 20.70 200.00 178.48 41.65

STD 0.217370 18.93 74.90 8.06 11.89 3.3

Figure 11. Fitness for cost of energy with DSM at 40% REF and 0% LPSP.

Figure 12. Fitness for cost of energy with DSM at 60% REF and 0% LPSP.
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Figure 13. AEO, FSA, and HHO Cost of Energy with DSM at 80% REF and 0% LPSP.

Figure 14 shows the percentage energy utilization for each of the algorithms with DSM.
The run with the lowest COE for each algorithm was selected for the energy utilization plot.
From Tables 5–7 and Figures 11–13, AEO utilizes the right combination of PV and wind
energy sources to obtain the minimal cost of energy compared to the other algorithms. In
the Figure, FSA utilizes the highest percentage for diesel energy. This influences its COE to
be highest among the algorithms.

Figure 14. Energy utilization percent for AEO, FSA, and HHO with DSM and at 0% LPSP.

9.3. COE with DSM and without DSM

The DSM in this study is aimed at reducing the surplus renewable energy. Comparing
the several results obtained, it can be observed that reducing the surplus energy decreases
the COE. Because AEO produces the optimal results among the algorithms, Table 8 shows
the percentage energy cost savings and COE at different REF when DSM is introduced
as obtained from AEO. It can be observed that, with the introduction of DSM, greater
energy saving is achieved. Figures 15–17 show a typical one-day load profile for the
AEO algorithm compared with and without Demand Side Management. The load profile
shows how the surplus energy is utilized when there is low renewable energy and surplus
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renewable energy. In the figures, during the early hours of the day with low renewable
energy supply, the loads are shifted to a later period in the day when there is a surplus
renewable energy supply.

Table 8. Percentage energy cost saving and COE at different REF.

REF (%) COE with DSM
(USD/kWh)

Surplus Energy
with DSM (%)

COE without
DSM (USD/kWh)

Surplus Energy
without DSM (%)

Percentage Energy
Cost Saving (%)

40 1.077723 29.24 1.38363 35.05 28.38

60 0.792494 29.27 1.133689 39.27 43.05

80 0.503245 36.5 0.832235 49.71 65.37

Figure 15. Daily load profile of AEO at 40% REF.

Figure 16. Daily load profile of AEO at 60% REF.
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Figure 17. Daily load profile of AEO at 80% REF.

10. Conclusions

This paper presents a new application of AEO in the optimal sizing of a stand-alone
Hybrid Energy System (HES). Al Sulaymaniyah, a rural area in Saudi Arabia, was selected
for the optimal sizing of the HES. Cost of Energy (COE) was considered as the objective
function of this model using both REF and LPSP as the reliability indices. Because of the
abundance of renewable energy at the location, the optimal sizing selected both wind and
solar energy as the major sources of energy. Furthermore, the optimal sizing was evaluated
with and without Demand Side Management (DSM) under different Renewable Energy
Fractions. It is obvious for both scenarios that AEO outperformed both HHO and FSA.
By performing the DSM, more renewable energy was utilized while reducing the surplus
unutilized energy. The DSM strategy achieved 28.38%, 43.05%, and 65.37% in COE saving
at 40%, 60%, and 80% REF, respectively. The results stressed the importance of utilizing
DSM for optimal sizing by further reducing the CEO. While the AEO algorithm introduced
in this study has been shown to be efficient, it may not be efficient in other optimization
problems. The efficacy of the algorithm can also be extended to the optimal load flow and
optimal sitting of distributed generation.
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Abbreviations
The following are abbreviations used.

AEO Artificial Ecosystem-based Optimization
COE Cost of Energy
CRF Capital Recovery Factor
DMOPSO Dynamic Multi-Objectives Particle Swarm Optimization
DSM Demand Side Management
FSA Future Search Optimization
HES Hybrid Energy System
HHO Harris Hawk Optimization
HS Harmony Search
LOEE Loss of Energy Expected
LOLE Loss of Load Expected
LOLH Loss of Load Hours
LPSP Loss of Power Supply Probability
MPP Maximum Power Point
PFT Power Failure Time
REF Renewable Energy Fraction
RES Renewable Energy Resources
SOC State of Charge
STCs Standard Test Conditions
STD Standard Deviation
WTG Wind Turbine Generator
a Linear weighting coefficient
A, B Fuel constants
σ Total output power
αp Power temperature coefficient
CDsl Annual fuel consumption
CF Cost of fuel per liter
De Decomposer model
El(t) Total load demand
he Weight coefficients
GT Global irradiance under normal conditions
GT,STC Global irradiance under STC
GT,NOCT Solar irradiance with respect to NOCT
fpv De-rating factor
ηMPP Maximum Power Point (MPP) efficiency of PV module
ηMPP,STC Efficiency under STCs
ηinυ Net inverter efficiency
ηbattery Round trip efficiency of battery
NOCT Operating cell nominal temperature
Lw Lower boundary
lt Load shift
Pr PV rated power
PDsl(t) Generated power of diesel
PR Nominal power
P(t) PV power
P(w) Wind power
P1(t) Load
Pwind Wind rated power
Ppv Rated solar power
Pbat Rated battery power
P(ren) Surplus renewable energy
q Population number
r, r1 Random number
Tc,STC PV temperatures under STC
Tc PV temperatures under normal conditions
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Ta Ambient Temperature
Ta,NOCT Ambient temperature with respect to NOCT
we Weight coefficients
uc Cut-in speed
ur Rated speed
xrandi Random individual
Up Upper boundary
xq Best individual
uf Cut-out frequency
univ Inverter efficiency
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