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Abstract

The optimization of distributed generation technologies and storage systems are

essential for a reliable, cost-effective, and secure system due to the uncertainties of

Renewable Energy Sources (RESs) and load demand. In this study, two algorithms,

the Multi-Objective Particle Swarm Optimization (MOPSO) and the Non-Dominant

Sorting Genetic Algorithm II (NSGA-II) were utilized to design five different case

studies (CSs) (photovoltaic (PV)/ wind turbine (WT)/ battery/ diesel generator

(DG), PV/ WT/ battery/ fuel cell (FC)/ electrolyzer (EL)/ hydrogen tank (HT),

PV/WT/ battery/ grid-connected, PV/WT/ battery/ grid-connected with Demand

Response Program (DRP), and PV/WT/ battery/ electric vehicle (EV)) to minimize

life cycle cost (LCC), loss of power supply probability (LPSP), and CO2 emissions.

In fact, different backups are provided for (PV/ WT/ battery), which is considered

as the base system. Further, the uncertainties in RES and load were modeled by

the Taguchi method, and Monte Carlo simulation (MCS) was used to model the

uncertainties in EV to achieve accurate results. In addition, in CS4, a Demand

Response Program (DRP) based on Time-of-Use (TOU) price is considered to study
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the effect on the number of specific components and other parameters. Finally,

the simulation results verify that the NSGA-II calculation provides accurate and

reliable outcomes compared to the MOPSO method, and the PV/WT/battery/ EV

combination is the most suitable option among the five designed scenarios.

Keywords: demand response program, electric vehicle, Taguchi method, Monte

Carlo simulation, Multi-objective particle swarm optimization, non-dominated

sorting genetic algorithm II

Nomenclature

Acronyms

MOPSO multi-objective particle swarm optimization

NSGA-II non-dominated sorting genetic algorithm II

CS case study

PMBSA pareto multi-objective backtrack search algorithm

PV photovoltaic

WT wind turbine

DG diesel generator

FC fuel cell

EL electrolyzer

HT hydrogen tank

DRP demand response program

EV Electric vehicle

LCC life cycle cost

LPSP loss of power supply probability

MCS Monte Carlo simulation

TOU time of use

MOCS multi-objective crow search

HS harmony search

SA simulated annealing
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FPA flower pollination algorithm

TLBO teaching-learning based optimization

FHSA fuzzy harmony search algorithm

IHS harmony search

SHO spotted hyena optimization

LIP load interruption probability

TSA tunicate swarm algorithm

GDHS global dynamic harmony search

HGWOSCA hybrid gray wolf optimizer-sine cosine algorithm

EDF exponential decreasing function

WEC wave energy converter

LVF load variation factor

COE cost of energy

RF renewable fraction

NDIWS non-linearly decreasing inertia weight strategy

CHSLS cost of hybrid system life span

LOLIP loss of load interruption probability

LOEE loss of energy expected

LOLE loss of load expected

GOA grasshopper optimization algorithm

NPO nomadic people optimizer

BMG biomass generator

TNPC total system net present cost

TAC total annual cost

HRES hybrid renewable energy system

FPA flower pollination algorithm

ABC artificial bee colony

IC initial cost

MC maintenance cost

SOC state of charge
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Indices

T index for system lifetime

t index for time

b index for battery

Parameters

PLt power demand at time t (kW)

PPVt total power produced by the PV modules at a given time t (kW)

Pstc rated power output of PV

GACt solar irradiance in specific environment at particular time t (kW/m2)

GSTC solar irradiance

TCt temperature of the surface at time t (kW)

TSTC standard temperature

Ta temperature of the PV location

LCCPV life cycle cost of the PV ($)

ICPV initial cost of the PV ($)

MCPV maintenance cost of the PV ($)

PWTt output power of the WT at time t (kW)

Pe nominal power of the WT

Vt wind speed at time t (m/s)

VC cut-in wind speed (m/s)

Vf cut-out wind speed (m/s)
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Ve rated speed of the WT (m/s)

LCCWT life cycle cost of the WT ($)

ICWT initial cost of the WT ($)

MCWT maintenance cost of the WT ($)

SOCbt state charge of the battery at time t (kW)

Pct charge power of the battery at time t (kW)

Pdt discharge power of the battery at time t (kW)

Ec rated capacity of the battery

LCCb life cycle cost of the battery ($)

ICb initial cost of the battery ($)

MCb maintenance cost of the battery ($)

RCb replacement cost of the battery ($)

PDGt output power of the DG at time t (kW)

PDGn rated power of the DG

fct fuel consumption of the DG at time t (Liter)

ADG fuel consumption coefficient of the DG

BDG fuel consumption coefficient of the DG

Pf price of fuel

CF,DG fuel cost of the DG

LCCDG life cycle cost of the DG ($)

ICDG initial cost of the DG ($)

MCDG maintenance cost of the DG ($)
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RCDG replacement cost of the DG ($)

CO2DGt CO2 emission of DG at time t

LCCFC life cycle cost of the FC ($)

ICFC initial cost of the FC ($)

MCFC maintenance cost of the FC ($)

RCFC replacement cost of the FC ($)

LCCEL life cycle cost of the EL ($)

ICEL initial cost of the EL ($)

MCEL maintenance cost of the EL ($)

RCEL replacement cost of the EL ($)

LCCHT life cycle cost of the HT ($)

ICHT initial cost of the HT ($)

MCHT maintenance cost of the HT ($)

RCHT replacement cost of the HT ($)

Pprice cost of power from grid (kWh)

P
grid
t grid power at time t (kW)

CO2
grid
t co2 emissions of grid at time t

PL,new
t final demand after DRP at time t (kW)

TEVarrive entry time of the EV (t)

TEVdep leaving time of the EV (t)

SOCEVarrive SOC at the entry time of the EV (kWh)

SOCEV
dep SOC at the leaving time of the EV (kWh)

CapEV capacity of the EV (kWh)

Xi,t position of each element in MOPSO

Vi,t speed of each element in MOPSO

Xpi,t best position of particle in MOPSO

Xgt optimum position of global in MOPSO

Decision Variables

NPV quantity PV modules

NWT quantity WTs

Nb quantity batteries
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NDG number of DGs

NFC number of FCs

NEL number of ELs

NHT number of HTs

1. Introduction

In the present context, the overexploitation of fossil fuels due to an ever-growing

electricity demand would consequently deplete the reserves due to the rapid socio-

economic growth leading to an increase in population, urbanization, and techno-

logical and industrial advancements. Therefore, supplying the load using tradi-

tional methods for generating and transmitting power using large power plants

and long transmission lines would increase costs and environmental pollution. Fur-

thermore, conventional power systems experience numerous disadvantages, such

as high costs, redesign, increased demand, losses, fluctuations, and so on. There-

fore, decision-makers and stakeholders of existing power systems are required to

provide novel and cost-effective solutions to mitigate these issues. For this reason,

distributed energy sources have been suggested to meet the load demand, reduce

carbon emissions, and operate efficiently at lower costs [1–4]. Also, EVs are gaining

popularity because they do not emit tailpipe pollutants, are more efficient, operate

quietly, and are eco-friendly as compared to internal combustion engines. However,

EVs could cause heavy grid stress when connected to the network when charging,

especially during peak hours [5, 6]. Hence, by implementing the properly planned

controlled infrastructure, EVs could be applied as energy sources to supply and meet

load demand [7–9].

1.1. Literature review and contributions

Several studies have been investigated to implement the optimal infrastructure

in the literature. For instance, in [10], the flower pollination algorithm (FPA),

teaching-learning based optimization (TLBO), and PSO are used to optimally de-

sign renewable energy systems that include PV, WT, FC, EL, and HT. In this research,

different scenarios of PV/ FC, PV/WT/ FC, and WT/ FC have been investigated by
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considering the net present cost (NPC), loss of energy expected (LOEE), and loss of

load expected (LOLE) indices. In fact, the results show that the PV/WT/ FC system

has lower cost and higher reliability in different weather conditions, and the FPA

algorithm performs better than the other two algorithms in terms of accuracy and

speed of convergence. In [11], the authors have applied the fuzzy harmony search

algorithm (FHSA) and HSA to optimize the PV/WT/ battery/ DG system in differ-

ent cases, in which PV and WT are the main sources, while DG and battery play the

backup roles. Moreover, the loss of power supply probability (LPSP), total annual

cost (TAC), and the sensitivity analysis on LPSP in different scenarios have been

examined. Consequently, the results confirm that the FHSA algorithm performs

better than the HSA, and a backup system could save up to 24%. The independent

PV/ battery system has been studied in the literature [12] using improved harmony

search (IHS), simulated annealing (SA), and HS algorithms considering LCC and

LPSP indices. The results concluded that the IHS algorithm is the most suitable op-

tion. In [13, 14], spotted hyena optimization (SHO) and PSO algorithms are used

to design different cases of PV/ battery, PV/ WT/ battery, and WT/ battery, which

are off-grid and on-grid. In this study, load interruption probability (LIP) and NPC

indices are considered. In [15], the tunicate swarm algorithm (TSA) is proposed

to solve the problem of optimizing an independent micro-grid, which includes PV,

WT, battery, and DG, designed to power a remote village in Egypt with the goals of

LPSP, COE, NPC, and TAC. In [16], two Pareto multi-objective backtrack search algo-

rithm (PMBSA) and NSGA-II algorithms are used to obtain the best configuration

of the independent hybrid renewable energy system. This system has been stud-

ied in two different scenarios: PV/ WT/ battery/ DG and PV/ WT/ battery/ DG/

biomass generator (BMG), considering the objectives of LCC, LPSP, CO2, and dump

load. In [17], three improved versions of global dynamic harmony search (GDHS)

have been used to design an independent hybrid WT/ hydrogen system with the

aim of reducing costs and increasing reliability. Finally, the results show that the

proposed algorithm optimizes renewable energy systems with fast convergence and

high accuracy. In [18], a new hybrid meta-heuristic algorithm called the hybrid grey

wolf optimizer-sine cosine algorithm (HGWOSCA) based on exponential decreas-
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ing function (EDF) for the optimal and cost-effective design of three hybrid systems,

PV/ FC, PV/WT/ FC, and WT/ FC is used. Finally, the results of this algorithm are

compared with the results of GWO, SCA, and PSO, and it is shown that HGWOSCA

has better performance than the other three algorithms. In [19], two different hy-

brid systems along with an electric vehicle were considered, the first system is the

combination of PV/ WT/ battery and the other system is combined with PV/ WT/

battery/ EV. In the first system, the numbers of excellent items and distinct prices at

different LPSP levels were first attained, and then the EV was added to the system,

considering their deterministic and stochastic behavior. Additionally, LPSP has been

recomputed in both inevitable and probable states, and EV has been demonstrated

to increase the system’s security. In the next system, the effects of the inevitable

and then statistically probable performance of the EV on the number of compo-

nents and LPSP were investigated at the initial stage. In [20], optimal size and

power exchange of a grid-connected DG/ PV/ FC hybrid system was investigated by

a multi-objective crow search (MOCS) algorithm for a community in Kerman, Iran

with the aim of LPSP and LCOE. In [7], a grid-independent micro-grid consisting of

PV/ WT/ battery with and without a demand response program was investigated

using both GAMZ and HOMER software. The authors in [21], used HS and SA algo-

rithms to optimize a PV/ battery system, with the purpose of reducing the price and

increasing the reliability. In [22], the HOMER software was adopted to enhance

the PV/WT/Wave Energy Converter (WEC) system to supply electricity for 10,000

residents living in coastal areas. In [23, 24], HS, Jaya, and PSO algorithms were

used in determining the best model size of a combined power system containing a

set of the PV/ WT/ battery to effectively meet customers’ cost-effectiveness, relia-

bility, and electricity demands. In [25], the size optimization of the PV/ DG hybrid

system was performed by considering the demand response program and the goals

of TNPC and LPSP using two algorithms, MOPSO and MOCS. Consequently, in this

study, a new indicator called load variation factor (LVF) was defined, which deter-

mines the amount of reduced load during peak hours to provide a more economical

system. The authors [26], used the PSO and constraint method to improve a DG/

PV/ WT/ battery model in which the objectives were to reduce the cost of energy

8



(COE) and increase reliability and a renewable fraction (RF) for providing electri-

cal energy to provincial buildings. In [27], a techno-budgetary and real analysis of

an independent hybrid model, including WEC/ PV/ WT/ battery, was carried out

in three different regions of Iran to supply electricity to 3,000 residential houses.

In [28], the PV/ WT/ FC arrangement for a distant location in Iran was optimized

using an improved meta-heuristic sine-cosine algorithm (ISCA) established on a de-

creasing nonlinear inertia weight strategy (NDIWS) aimed at reducing the cost of

hybrid system life span (CHSLS) and loss of load interruption probability (LOLIP).

In [29], five different scenarios (PV/ battery, WT/ battery, single DG, 3-split DG,

PV/WT/ Split-DG/ battery) were examined, employing a multi-purpose GA which

is intended to reduce CO2, LCC, and discarded energy. In [30], authors proposed

the Grasshopper Optimization Algorithm (GOA) to improve the PV/ WT/ battery/

DG system, which was intended to address the deficiency of power supply probabil-

ity (DPSP) and COE. In [31], authors analyzed six different scenarios (PV/ battery,

WT/ battery, one large DG, 20-split DG, PV/ WT/ Split-DG/ battery, PV/ WT/ one

large DG/ battery) were examined employing a multi-purpose Nomadic People Op-

timizer (NPO) aiming to decrease CO2, LCC, and discharge power, a PV/ WT/

single large DG/ battery model is excellent. In [32], a PV/ WT was constructed

with and without consideration for a backup system, in which the goals were to

decrease energy prices and strengthen security. In [33], different scenarios (PV/

WT/ BMG/ biogas generator (BGG)/ FC/ battery, PV/ WT/ BMG/ BGG/ FC, PV/

WT/ BMG/ BGG/ battery, and PV/WT/ BMG/ BGG) were evaluated using HOMER

software and Genetic Algorithm (GA) to electrify three suburbs in Kollegal, a subdi-

vision of Chamarajanagar district, Karnataka, India, with the goals of Total System

Net Preset Cost (TNPC), COE, unfulfilled demand, and CO2 discharges. In [34],

MG including PV/ WT, is designed using HOMER charging station software to re-

duce cost. In [35–38], several HRES systems have been improved using HOMER

software. In [39], the size and design of the grid-connected system, including PV/

WT/ FC, were optimized to supply a recreational place load in Egypt using Hybrid

Firefly (HFA), HS, and PSO with LPSP, COE, and TNPC targets. In [40], the GA

was used to optimize the size of the grid-connected PV/ battery system to reduce
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costs. In [41], a grid-based PV/WT energy system was designed with PSO to reduce

costs. Authors in [42], used the Flower Pollination Algorithm (FPA) to optimize the

independent PV/ FC model and were targeted at reducing LPSP and COE. Conse-

quently, the outcomes of FPA were correlated with the outputs of an artificial bee

colony (ABC) and PSO, and it was found that the FPA performed better than the

alternatives. Researchers in [43], have provided a comprehensive review of mod-

ern optimization methods and techniques for hybrid energy systems, including PV/

DG/ storage systems. In [44, 45], a comprehensive review of multi-objective op-

timization (MOO) and multi-criteria decision-making (MCDM) methodologies for

standalone photovoltaic (SAPV) systems was conducted to assist designers in se-

lecting the most appropriate design before installing a SAPV system. In [46, 47],

a complete overview of the most popular tools and the most important objectives

taken into consideration in HRES, which provides the designer’s valuable informa-

tion to better design HRES technically and economically. In [48], the WT/ DG/

battery hybrid model, which investigates the performance of three categories of

batteries for a specific territory in China, was inspected. In this study, 280 houses

were considered while acknowledging the NPC, COE, and emissions indicators ap-

plicable to Homer. In [49, 50], off-grid HRESs were created and uncertainty models

were also modeled for PV and WT renewable sources using Monte Carlo simulation.

The contrast between the suggested systems in this research and the models

presented in the existing research is outlined in Table 1. Although, the existing re-

searches have suggested various ways to create and improve HRESs, none of them

have considered the EV as a backup for HRESs. Therefore, in this paper, to increase

system reliability and reduce operating costs and pollution, the idea of considering

EV as support for HRESs with other support modes is presented. The main contri-

butions of this article could be listed as follows:

Ø Size optimization problem modeling utilizing MOPSO and NSGA-II for grid-

connected and independent HRESs with simultaneous consideration of LCC,

LPSP, and CO2 emissions objectives.

Ø Modelling the uncertainty of EV parameters using MCS as well as renewable

and load sources using the Taguchi method in the size optimization problem.
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Ø Modelling different backup modes and comparing with the EV while consid-

ering the DRP in the problem.

Table 1: Comparison between existing and proposed HRES designs

Reference HRES’s Resources Considering DRP Uncertainty Utilized Method or tools On/Off grid

[19] PV, WT, and battery No No MOPSO and MCS off

[25] PV and DG Yes - MOPSO and MOCS off

[20] PV, DG, and FC No - MOCS on

[7] PV, WT, and battery Yes - HOMER and GMZ off

[50] PV, WT, and battery No PV and WT NSGA-II and MCS off

[33] PV, WT, BMG, BGG, FC, and battery No - HOER and GA off

[31] PV, WT, Split-DG, and battery No - NPO off

[40] PV and battery No - GA on

[22] PV, WT, and WEC No - HOMER on

Our study PV, WT, battery, DG, FC, EL, FC, and EV Yes PV, WT, load, and EV MOPSO, NSGA-II, MCS, and Taguchi Off grid and on grid

2. Problem Description

The optimal sizing of HRESs is currently receiving much attention, and re-

searchers have worked extensively to evaluate innovative methods to minimize ex-

penditure and pollution while improving security. In several articles, for example,

[29, 31], they looked at different HRES system design scenarios, considering dif-

ferent PV/WT/ battery system backups, and compared them in different aspects to

acquire the best option. However, in none of the research done so far, researchers

haven’t compared EV as a backup system with other systems, whereas this issue is

raised in this article.

The HRESs studied in this paper include PV, WT, battery, DG, FC, EL, HT, and

EV, the structure of which is shown in Figure 1. In fact, in this article, five different

CSs were considered to examine the different backup modes of PV/ WT/ battery

systems. In this regard, the uncertainty in solar irradiance, wind speed, and the

required demand is modeled using the Taguchi method, while the uncertainty in

the behavior of the EV owner is modeled using the MCS. Further, in CS4, a DRP is

considered to examine its impact on the number of selected components and other

parameters.
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For this study, the decision variables are a perfect number of units, which are PV,

WT, battery, DG, FC, EL, HT, and grid power. Additionally, the MOPSO and NSGA-II

algorithms are applied to optimize the number of units in the hybrid systems for a

typical household in Sanandaj city by considering the three objective functions LPSP,

LCC, and co2. Further, the inputs to the problem under study could be identified as

data on load, wind speed, solar radiation, and economic parameters.

3. Mathematical Formulation

This section consists of individual subsections for every element of the HREs,

which are mathematically formulated, and every computation is demonstrated over

the lifespan of the research. Accordingly, the objective functions and constraints are

described.

3.1. The PV model

The power output of the PV system depends on the module specifications and

the changes in the surroundings. And it doesn’t need mechanical or chemical de-

vices to produce power. The power produced by the PV modules is calculated by

equation (1) [19, 51]:

PPVt = PSTCη

(
GACt
GSTC

)[
1 + α

(
TCt − TSTC

)]
(1)

TCt = Ta+
NOCT − 20

800
GAC (2)

In the above equations, PPVt , is the power produced by the PV, PSTC is the rated

power, and η defines the surface contamination limiting coefficient of the solar panel

varied between 0.9 and 0.95. GSTC, is the light intensity, GACt corresponds to light

strength in a specific environment, α corresponds to the temperature coefficient

of power, TSTC is the standard temperature, and TCt defines the panel’s exterior

temperature. In equation (2), Ta relates to the temperature at the panel site, and

NOCT is fluctuating between 0 and 2º C.

The life cycle cost (LCCPV) related to PV consists initial cost (ICPV) and main-

tenance cost (MCPV), obtained from equations (3) to (5) [52]:
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(a) CS1 (b) CS2

(c) CS3 (d) CS4

(e) CS5

Figure 1: Structure of HRESs for (a) CS1, (b) CS2, (c) CS3, (d) CS4, and (e) CS5
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LCCPV = ICPV+MCPV (3)

ICPV = (CPVI ×NPV) (4)

MCPV =
(
CPVM ×NPV

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(5)

where, NPV is the number of PVs, and T corresponds to the lifespan of the

system, InfR is the rate of inflation while IntR is the rate of interest.

3.2. The WT model

Wind energy is the most common renewable source used for power production,

whereby the WT model and climatic conditions decide its output. The WT output

power produced hourly is computed by equation (6) [19, 53] refers to the speed of

wind:

PWTt =


Pe
Vc

t −Vc

Ve−Vc Vc 6 Vt < Ve

Pe Ve 6 Vt 6 Vf

0 Vt 6 Vc or Vt > Vf

(6)

where, PWTt is the output power of the WT, Pe refers to the rated power output

of every WT, Vt corresponds to the speed of the wind, Vc refers to break-in speed,

Vf is stopping speed, and Ve refers to the WT’s nominal speed in meters per second.

The LCCWT of the WT includes ICWT and MCWT , obtained from equations (7)

to (9) [52]:

LCCWT = ICWT +MCWT (7)

ICWT = (CWTI ×NWT ) (8)

MCWT =
(
CWTM ×NWT

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(9)

3.3. The battery model

The battery charges during low demand hours and supplies extra energy when

demand is higher. Equation (10) and (11) demonstrates the process of charging

and discharging [19, 54]:
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Charging mode:

SOCbt = (1 − δ)SOC(t−1) − P
cµc∆t/Ec (10)

Discharging mode:

SOCbt = (1 − δ)SOC(t−1) − P
d
t ∆t/E

c µd (11)

According to Eqs. (10)- (11), SOC indicates the charging mode, Ec is the nomi-

nal capacity, δ is the rate of discharging, µc and µd refers to coefficients of charging

and discharging, respectively, while Pct and Pdt are the charge and discharge power,

respectively.

The LCCbof the battery includes ICb, MCb, and replacement cost (RCb), ob-

tained from equations (10) to (13) [55]:

LCCb = ICb +MCb + RCb (12)

ICb = (CbI ×Nb) (13)

MCb =
(
CbM ×Nb

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(14)

RCb =
(
CbR ×Nb

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(15)

where, Nbn is the number of batteries, and it is presumed to change the battery

after several life cycles which indicates in equation (12).

3.4. The DG model

When the demand is high and the power generated by renewable sources is not

sufficient to meet demand, the DG system performs as a backup.

Diesel used by DG (fct) depends on fuel consumption coefficients (ADGand

BDG), the power generated by the DG every hour (PDGt ), and the rated power

of DG (PDGn), is obtained from equation (16) [20, 29]:

fct = A
DG × PDGn + BDG × PDGt (16)

When the DG is working, the amount of diesel used is computed by equa-

tion (16). Fuel usage is zero when DG is not in use. Further, the fuel price of

diesel generator, (CF,DG) rely on cost of diesel (Pf), obtained from equation (17):
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Cfuelt = Pf × fct (17)

CF,DG =

T∑
1

Cfuelt (18)

By considering fuel cost (CF,DG), ICDG,MCDG and RCDG, LCC of diesel gen-

erator (LCCDG ) could be calculated as follows:

LCCDG = ICDG +MCDG + RCDG × RCF,DG (19)

ICDG = (CDGI ×NDG) (20)

MCDG =
(
CDGM ×NDG

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(21)

RCDG =
(
CDGR ×NDG

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(22)

RCF,DG = CF,DG ×
T∑
t=1

(
1 + InfR

1 + IntR

)t
(23)

The co2 emission of a DG at time t is related to its fuel consumption, which is

obtained from equation (24):

CO2
DG
t = SDGCO2

× fct (24)

where, SDGCO2
is the specific emissions of carbon dioxide per liter of fuel, given

as 2.7 kg/l

3.5. The FC model

A fuel cell is an apparatus that transforms energy to generate electricity contin-

uously by supplying oxygen to the anode and hydrogen to the cathode.

The LCCFC of the FC includes ICFC, MCFC, and RCFC, obtained from equa-

tions (25) to (28) [20, 25]:

LCCFC = ICFC +MCFC + RCFC (25)

ICFC = (CFCI ×NFC) (26)

MCFC =
(
CFCM ×NFC

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(27)

RCFC =
(
CFCR ×NFC

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(28)
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where, NFC is the number of FC and, the FC required to be restored is presumed,

as considered in equation (25).

3.6. The EL model

The process of water break down water into oxygen and hydrogen gas by supply-

ing electrical current is known as water electrolysis. In fact, the generated hydrogen

by EL is perfect for FCs utilization. Hydrogen is produced in an adequate amount

to be stock in HTs and utilized when there is a deficiency.

The LCCEL of the EL includes ICEL, MCEL, and RCEL, obtained from equa-

tions (29) to (32) [20, 25]:

LCCEL = ICEL +MCEL + RCEL (29)

ICEL = (CELI ×NEL) (30)

MCEL =
(
CELM ×NEL

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(31)

RCEL =
(
CELR ×NEL

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(32)

where, NEL is the number of EL and, the restoration of EL is presumed, as shown

in equation (29).

3.7. The HT model

The hydrogen produced by the EL is stored in HTs. The LCCHT of the HT

includes ICHT and MCHT obtained from Equations (33) to (35) [20, 25]:

LCCHT = ICHT +MCHT (33)

ICHT = (CHTI ×NHT ) (34)

MCHT =
(
CHTM ×NHT

) T∑
t=1

(
1 + InfR

1 + IntR

)t
(35)
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3.8. The grid model

The grid is used as a backup power source and to produce power during periods

when the output power of PV and WT is not sufficient to meet demand [51]. When

grid power is more than zero, electricity buys from of the grid, and when grid power

is less than zero, the grid buys electricity, which is obtained from equation (36).

COE = Pprice
T∑
t=1

Pgridt × t (36)

where, COE is the cost of energy, Pgridt denotes grid power, Pprice is the cost of

energy per kWh, and t is the sampling time. The grid’s carbon dioxide emission at

time t is related to its fuel consumption, which is obtained from equation (37):

CO2
grid
t = SgridCO2

× Pgridt (37)

For every KWh, carbon dioxide emissions in grams per KWh, SgridCO2
, which is

equal to 230.7 [56].

3.9. The DRP model

In this study, the DRP-based time of use (TOU) price was considered. The DRP

based on TOU motivates the utilization control of consumers as per the cost indi-

cation received. Hence, consumers want to decrease their consumption when the

cost is high or turn lower cost time periods.

According to specifications of load inclusive of load description and elasticity

in price, in [57, 58] researchers have observed a global economic system that is

responsive to demand, which is the system designed and built on the TOU cost

given in equation (38).

PL,new
t = PL

t×


1 +

Et.
[
Pprice,new
t − Pprice

t

]
ρt

+

24∑
h = 1

h 6= t

Et,h.
PL
t

ρh

[
Pprice,new
h − Pprice

t

]

∀ t 6= h

(38)

where, PLt is the initial demand, PL,new
t is the final demand, Ppricet and Pprice,new

t

are the initial and final prices respectively, while Et and Et,h are self and elasticity

across the self, accordingly.
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3.10. The EV model

The EV battery is similar to a regular battery with several additional param-

eters such as TEVarrive , TEVdep , SOCEVarrive , and SOCEVdep charged and discharged,

respectively.

According to [19], the EV’s arriving time, leaving time, and SOC at entry follow

a normal function of distribution. however, an inequality constraint for the EV’s

SOC at leaving time has been considered in this paper.

TEVarrive ∼ N
(
µEVa ,σEVa

)
(39)

TEVdep ∼ N
(
µEVd ,σEVd

)
(40)

SOCEVarrive ∼ N
(
µEVa ,σEVa

)
(41)

SOCEVdep > 0.2 × CapEV (42)

where, TEVarrive and TEVdep corresponds to the EV’s entry and leaving time, respec-

tively. SOCEVarrive and SOCEVdep refers to the EV’s SOC at the entry and leaving,

respectively. The parameters, µ and σ refers to the mean and standard deviation,

respectively, and CapEV is EV’s capacity. It is assumed that the departure SOC of

the EV is not less than 20% the EV capacity

3.11. Objective functions

Ø Life Cycle Cost (LCC):

The total life cycle cost (TLCC) of the model is the expenditure during the lifes-

pan of the system. In fact, sizing problem’s objective function is described by equa-

tion (43) to (46), to reduce TLCC for each case study:

CS1 (PV/ WT/ battery/ DG):

TLCC = LCCPV + LCCWT + LCCb + LCCDG (43)

CS2 (PV/ WT/ battery/ FC/ EL/ HT):

TLCC = LCCPV + LCCWT + LCCb + LCCFC + LCCEL + LCCHT (44)
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CS3 (PV/WT/ battery/ grid-connected) and CS4 (PV/WT/ battery/ grid-connected

with DRP):

TLCC = LCCPV + LCCWT + LCCb + COEgrid (45)

CS5 (PV/ WT/ battery/ EV):

TLCC = LCCPV + LCCWT + LCCb (46)

Ø Loss of Power Supply Probability (LPSP):

LPSP corresponds to the proportion of the shortage in power supply and the

requirement of active load for a definite time duration as demonstrated in equa-

tions (47) to (51) for each case study.

CS1 (PV/ WT/ battery/ DG):

fLPSP =

∑8760
j=1

[
PLt −

(
PWTt + PPVt + Pbt + PDGt

)]∑8760
j=1 P

L
t

(47)

CS2 (PV/ WT/ battery/ FC/ EL/ HT):

fLPSP =

∑8760
j=1

[
PLt −

(
PWTt + PPVt + Pbt + PFCt

)]∑8760
j=1 P

L
t

(48)

CS3 (PV/ WT/ battery/ grid-connected):

fLPSP =

∑8760
j=1

[
PLt −

(
PWTt + PPVt + Pbt + Pgridt

)]
∑8760
j=1 P

L
t

(49)

CS4 (PV/ WT/ battery/ grid-connected with DRP):

fLPSP =

∑8760
j=1

[
PL,new
t −

(
PWTt + PPVt + Pbt + Pgridt

)]
∑8760
j=1 P

L,new
t

(50)

CS5 (PV/ WT/ battery/ grid-connected with DRP):

fLPSP =

∑8760
j=1

[
PLt −

(
PWTt + PPVt + Pbt + PEVt

)]∑8760
j=1 P

L
t

(51)

where, PLt represents the load, PWTt , PPVt , Pbt , PEVt , PDGt , PFCt , and Pgridt represent

the output power of WT, PV, battery, EV, DG, FC, and grid, respectively.

Ø CO2 emissions:
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Pollution is only produced in CS1, CS3, and CS4. The emission of co2 in a DG

and grid throughout the lifespan of the model is the summation of all hourly co2

emissions, which is obtained from equations (52) to (53).

CS1 (PV/ WT/ battery/ DG)

CO2
total,DG
t =

T∑
t=1

CO2
DG
t (52)

CS3 (PV/WT/ battery/ grid-connected) and CS4 (PV/WT/ battery/ grid-connected

with DRP):

CO2
total,grid
t =

T∑
t=1

CO2
grid
t (53)

3.12. Equality and inequality limitations

The suggested objective functions have been improved. The technical limita-

tions, and the constraints are described as follows:

SOCmin 6 SOCt 6 SOC
max (54)

Pgrid min 6 Pgrid 6 Pgrid max (55)

Equation (54) shows the charge level per hour must not have a lower value than

the least value or a higher value than the highest value, and the power limits of the

grid are demonstrated by equation (55).

Nmin 6 NPV 6 Nmax (56)

Nmin 6 NWT 6 Nmax (57)

Nmin 6 Nb 6 Nmax (58)

Nmin 6 NDG 6 Nmax (59)

Nmin 6 NFC 6 Nmax (60)

Nmin 6 NEL 6 Nmax (61)

Nmin 6 NHT 6 Nmax (62)

Equations (56) to (62) show the limitations of the numerous mixed system el-

ements, where NPV refers to count of PVs, NWT is the WTs’ counts, Nb is the

batteries’ count, NDG is the DGs’ count, NFC is the FCs count and NEL is the ELs’

count, NHT is the count of HTs, respectively,
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4. Solving Procedure

4.1. MOPSO

MOPSO algorithm actions are given as below [19, 59].

1. The first residents are created.

2. Every particle decides its new position using two weighted functions. One

looks for a difference between the present position and a better position

among all the iterations. The other function measures the difference between

the present and the leader’s position. This section is similar to PSO, and the

velocity and position vectors of every particle are modified based on equa-

tions (63) to (64).

vi,(t+1)= w × vi,t+c1r1 (xpi,t−xi,t)+c2r2 (xgt−xi,t) (63)

xi,(t+1)=xi,t+vi,(t+1) (64)

Where, xi,t shows the particle ith position at an instance t, and vi,t indicates

the velocity of the ith particle at the same moment. In addition, the parame-

ters r1 and r2 are variables which are random, c1 and c2 represent the weight-

ing constants, and w is the weight of inertia.

3. A dominant rule has been created for dual or more objective functions as

mentioned under.

Rule: x1 (solution 1) is superior to x2 (solution 2) if:

a. fi(x1) 6 fi(x2) for all the objective functions 1 to i.

b. fi(x1) < fi(x2) for at least one objective function 1 to i.

4. The leader is selected based on the same attribute as all non-dominant parti-

cles, whereas the most powerful particle is selected as the leader.

5. Non-dominant citizens are isolated from the population and stored in the

repository.

6. The foundation selected space is listed.
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7. The ideal memory site is updated for every particle.

8. Members dominated by the current populace are congregated at the deposi-

tory, and the count of depository citizens rises.

9. Collected citizens in the depository are re-considered, and superior citizens

are excluded.

10. If the count of citizens becomes greater than the highest range of the depos-

itory, then a segment of the populace will be excluded, and the list will be

rebooted.

In this case, when the last condition is not fulfilled, the algorithm goes back to

the third step and the remaining steps are performed again, or the improve-

ment method ends.

4.2. NSGA-II

NSGA-II algorithm steps are as follows [50, 54, 60]:

1. Set NSGA-II parameters.

The most important parameters used are initial population size (N), composi-

tion (PC), mutation (PM), retention (PR), convergence (PCN), selection type,

type of combination, and mutation operators.

2. It randomly initializes the population.

3. Calculates the primary function values of the target population for each chro-

mosome.

4. Depending on the amount of PS, chromosome pairs are selected as parents.

The parent selection process is performed using the stored values of the eval-

uation function.

5. Depending on the PC each pair of parents combines to produce one or two

child chromosomes.

6. Each child’s chromosome mutates according to the amount of PM.
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7. Given the PR, several offspring are selected for replacement in the new gener-

ation, and the next generation of chromosomes from the previous generation

is selected according to the rule of dominance as follows, thereafter the new

generation is replaced by the previous generation in the program.

Domination rule: x1 (result 1) is superior than x2 (result 2) if: (minimizing

problem)

a. All the objective functions are fi(x1) 6 fi(x2) ranging between 1 to i.

b. At least one objective function is i (x1) < fi(x2) ranging between 1 to i.

8. The case of algorithm stop, termination, and chromosomal convergence with

optimal response was studied. If the stopping condition is not met, then re-

sume running the algorithm from step 5. Otherwise, the best current gen-

eration chromosome will be selected as the final response and the algorithm

terminates.

4.3. MCS

The MCS method is a calculation analysis which creates numerous stochastic

situations. In fact, it uses random cases to compute the solution. This process is

utilized to reproduce situations with higher levels of unreliability and requires more

precise results [19].

The MCS technique creates numerous random data and improves predictions

for the convergence problem.

In this research, because of the irregularities in the behavior of the EV, several

scenarios are considered to determine entry and exit times and SOC at the entry

to critically investigate the EV’s random behavior. In addition, the uncertainty in

entry and exit times and SOC at the entry of the EV is planned to utilize MCS, and

a flowchart is shown in Figure 2.
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start

Set the number of scenarios 
(scen)

Determine mean (µ) and 
standard deviation (δ) of the 

departure time  

Determine µ and δ of the 
arrival time

Set s=0 (s= scenario numbers)

Is s > scen ?

Determine µ and δ of the 
arrival SOC

no

Generate scenario for EV departure 
and arrival time and SOC considering 

its µ and δ

S=s+1
endyes

Figure 2: Flowchart of the MCS

4.4. Taguchi method

The design experimental design is the plan of the work that aims to illustrate a

variety of factors under conditions which reflects the variation.

In this paper, the Taguchi method was used, which uses a set of tables called

orthogonal arrays to design and perform experiments according to certain rules.

Orthogonal arrays allow examination of the main and interaction effects with the

least number of experiments [61, 62].

In fact, in Taguchi, scenarios are determined by orthogonal arrays. An orthog-

onal array is a matrix represented by LH(BF). In Table 2, H and F represent the

number of rows and columns of the matrix, respectively, while B represents the

number of levels of the matrix elements (uncertainty variables). Table 2 shows the

number of levels of the variables. Factor F represents the maximum number of

factors (uncertainty variables) examined by the array [63].

In this research, the uncertainty in solar irradiance, wind speed, and load was

25



modeled using the Taguchi method, meaning that there is 3 uncertainty variables.

Therefore, the orthogonal matrix must have 3 columns (i.e., F = 3). The first to

third uncertainty variables in Taguchi calculations are assigned to the first to third

columns. Hence, the Taguchi matrix table L9 is used, which is given in Table 3, and

its flowchart is shown in Figure 3.

start

Determine the number of uncertainties as F (wind 
speed, solar radiation, and load)

Determine the number of Taguchi levels as B

end

Divide the intervals of the variables by B (
B subintervals)

Determine the mean of each sub-intervals

Substitute numbers in Taguchi table by mean values

Calculate each scenarios’ probability

Figure 3: Flowchart of the MCS

Table 2: Number of levels w.r.t. factors

Level Factor

F1 F2 F3

1 Low Low Low

2 Average Average Average

3 High High High
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Table 3: Orthogonal array of L9

Na of tests According to Taguchi table L9

F1 F2 F3

1 1 1 1

2 1 2 2

3 1 3 3

4 2 1 2

5 2 2 3

6 2 3 1

7 3 1 3

8 3 2 1

9 3 3 2
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5. Result and discussion

The MOPSO and NSGA-II algorithms are used to design the different configu-

rations of energy sources considered for a typical household, listed in five different

cases. In fact, the pseudo-codes of which are shown in Algorithm 1. For this re-

search, the decision variables consist of units of WT, PV, DG, battery, FC, EL, and

HT components, and the grid decision variables are hourly powered. Moreover, the

search space for all variables except for the battery is between 0 and 100 kW, and

0 to 100 kWh in the case of the battery. The specifications of the MOPSO program

contain w = 0.8, N = 100, c1 = 2, c2 = 2, β = 2, and TR = 30, where TR refers to

total repetitions, N is equal to total particles, w is the weight of inertia, and as per a

general rule, w is below 1, and c1, c2, and β are the constants of the algorithm. In

addition, the specifications of the NSGA-II program contain N = 100, PC = 0.1, PM

= 0.02, PR= 100, and PCN= 0.9, where N is the population, PC is the composition

probability, PM is the mutation probability, PR is the retention probability, and PCN

is the convergence probability, respectively.
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CS1

Data: the required parameters (PL, wind speed, solar radiation, SOCb,max

and SOCb,min, MOPSO and NSGA-II parameters, and economic data

related to PV, WT, battery, and DG)

Result: NPV, NWT, Nb, and NDG

initialization;

PSt = PPV
t + PWT

t + PDG
t + Pbt − PLt ; (65)

t=0;

t= time (hour)

while t < 24 do

if PPV+ PWT can meet the PL then

if SOCb< SOCb,max then

Charge Battery with excess power;

end

else

Meet the PL with PDG;

Turn on the DG;

Calculate CO2;

end

Calculate LCC, LPSP, and CO2;

t=24;

end

CS2

Data: the required parameters (PL, wind speed, solar radiation, SOCb,max

and SOCb,min, MOPSO and NSGA-II parameters, and economic data

related to PV, WT, battery, FC, EL, and HT)

Result: NPV, NWT, Nb, NFC, NEL, and NHT

initialization;

PSt = PPV
t + PWT

t + PFC
t + Pbt − PLt ; (66)

t=0;
Algorithm 1: PSEUDO-CODE FOR CS1, CS2, CS3, CS4, AND CS5
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while t < 24 do

if PPV+ PWT can meet the PL then

if SOCb< SOCb,max then

Charge Battery with excess power;

if excess power after charging battery remains then

Inject power into EL;

Store hydrogen into HT;

end

else

Inject power into EL;

Store hydrogen into HT;

end

else

if battery is not empty then
Discharge the battery

else if the battery is empty & the HT is not empty then

Inject hydrogen from HT into FC;

Meet the PL with the PFC;

end

Calculate LCC and LPSP;

t=24;

end

CS3

Data: the required parameters (PL, wind speed, solar radiation, SOCb,max

and SOCb,min, MOPSO and NSGA-II parameters, and economic data

related to PV, WT, battery, and grid)

Result: NPV, NWT, Nb and Pgrid

initialization;

PSt = PPV
t + PWT

t + Pgrid
t + Pbt − PLt ; (67)

t=0;
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5.1. Information accumulation

Ø load/ Wind speed/ Solar irradiance

Required load data was obtained from the Kurdistan Electricity Company, and the

values of solar irradiance and wind speed obtained from [64] during the year are

shown in Figure 4.

Ø Taguchi results

Figure 5 shows data of load consumption, solar irradiance, and wind speed at

three different levels, obtained using the Taguchi method.

Ø Costs information

The prices to install, renew, and run per kW of WT, PV, DG, FC, EL, and HT and per

kWh of battery are shown in Table 4, and also, the price to buy grid power within

24 hours is shown in Table 5. In addition, the price demand elasticity is considered

as listed in Table 6.
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while t < 24 do

if PPV+ PWT can meet the PL then

if SOCb< SOCb,max then

Charge Battery with excess power;

if excess power after charging battery remains then

Sell the excess power to the grid;

end

else

Sell the extra power to the grid;

end

else

if battery is not empty then
Discharge battery to meet the load

else if the battery is empty then

Buy deficit power from the grid;

end

Calculate LCC and LPSP and CO2;

t=24;

end

CS4

Data: the required parameters (PL,new, wind speed, solar radiation,

SOCb,max, SOCb,min, MOPSO and NSGA-II parameters, and economic

data related to PV, WT, battery, and grid)

Result: NPV, NWT, Nb and Pgrid

initialization;

PSt = PPV
t + PWT

t + Pgrid
t + Pbt − PL,new

t ; (68)

t=0;
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while t < 24 do

if PPV+ PWT can meet the PL then

if SOCb< SOCb,max then

Charge Battery with excess power;

if excess power after charging battery remains then

Sell the excess power to the grid;

end

else

end

else
Buy deficit power from grid if DRP price is low & the battery is not

full then
Charge the battery with grids power

end

end

Calculate LCC and LPSP and CO2;

t=24;

end

CS5

Data: the required parameters (PL, wind speed, solar radiation, SOCb,max,

SOCb,min, SOCEV,max, SOCEV,min, MOPSO and NSGA-II parameters,

and economic data related to PV, WT, and battery)

Result: NPV, NWT, and Nb

initialization;

PSt = PPV
t + PWT

t + PEV
t + Pbt − PLt ; (69)

t=0;
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while t < 24 do

if PPV+ PWT can meet the PL then

if SOCb< SOCb,max then

Charge Battery with excess power;

if excess power after charging battery remain & EV is available &

SOCEV< SOCEV,max then

Charge the EV;

end

else if SOCEV> SOCEV,max then

Discharge the EV to meet the PL;

else

end

Calculate LCC and LPSP;

t=24;

end
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Figure 4: (a) Load consumption, (b) solar irradiance, and (c) wind speed
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(b) solar irradiance, and (c) wind speed 36



Table 4: characteristics of the devices

Economical parameters

Project lifetime 20 years

PV parameters

PV lifespan 20 years

ICPV 2000 ($)

MCPV 33 ($)

WT parameters

WT lifespan 20 years

ICWT 3200 ($)

MCWT 100 ($)

Battery parameters

Battery lifespan 5 years

ICb 100 ($)

MCb 5 ($)

RCb 100 ($)

DG parameters

DG lifespan 15,000 (h)

ICDG 550 ($)

pf 0.45 ($/L)

FC parameters

FC lifespan 5 years

ICFC 6,000 ($)

MCFC 120 ($)

RCFC 4,000 ($)

EL parameters

EL lifespan 15 years

ICEL 4,000 ($)

MCEL 20 ($)

RCEL 3,000 ($)

HT parameters

HT lifespan 20 years

ICHT 3,960 ($)

MCHT 79,2 ($)
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Table 5: The cost of purchasing power from the grid in 24 hours [65]

Time (hour) 1 2 3 4 5 6

$/kWh 0.234 0.187 0.146 0.13 0.13 0.203

Time (hour) 7 8 9 10 11 12

$/kWh 0.234 0.379 1.505 4.005 4.005 4.005

Time (hour) 13 14 15 16 17 18

$/kWh 1.505 4.006 1.998 1.957 0.613 0.426

Time (hour) 19 20 21 22 23 24

$/kWh 0.348 0.426 1.183 0.54 0.306 0.265

Table 6: Characteristics of the elasticity [58]

Peak Off-peak Low load

Peak -0.01 0.016 0.012

Off-peak 0.016 -0.1 0.01

Low load 0.012 0.01 -0.1

Ø EV features

Table 7 provides the features of an EV and the time of entry and leaving is based

on literature [19]. In addition, the state of charge at entry time of an EV follows

the normal distribution function as represented in Figure 6. Nevertheless, at least

one minimum value should be defined in the EV’s SOC when leaving because the

EV should have the charge to travel from home to the charging station.
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(a) leaving time

(b) entry time

(c) SOC at arrival

Figure 6: Normal distribution functions of the EV (a) leaving time, (b) entry time, and (c) SOC at arrival.
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Table 7: Input constraints for EV

EV constraints

CapEV 14 (kWh)

SOCEV
max 95 (%)

SOCEV
min 10 (%)

EV entry time constraints

µEV
a 18

σEV
a 2

12 6 TEV
arrive 6 24

EV leaving time constraints

µEV
d 7

σEV
d 2

5 6 TEV
dep 6 12

EV arrival SOC constraints

SOCEV
dep > 0.2 × 14

EV departure SOC constraints

µEV
a 0.8 × 14

σEV
a 0.1 × 14

5.2. MOPSO results

5.2.1. CS1 (PV/ WT/ battery/ DG)

In this case, the energy required by the user for 20 years is obtained through the

energy produced by the PV/ WT/ battery/ DG model. For the mentioned configu-

ration, the optimal solutions gained from the MOPSO algorithm are also suitable in

terms of LCC, LPSP, and CO2, are shown in Figure 7. Among these solutions, the

optimal point at zero LPSP is considered, where the configuration accomplishment

of this arrangement is provided in Table 8, where 10 PV, WT, and battery units and 3

DG units are selected. Further, the behavior of PV, WT, battery, and DG components

in this optimized solution is shown in Figure 8 for 24 hours.
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Table 8: Configuration of one of the optimal points obtained from MOPSO algorithm at zero LPSP for

CS1

LPSP (%) PV (kW) WT (kW) battery (kWh) DG (kW) LCC ($) co2 (kg)

0 10 10 10 3 183,014.9 86,753.34
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Figure 7: Three-dimensional Pareto surface for the CS1
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Figure 8: MOPSO simulation results for the CS1
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5.2.2. CS2 (PV/ WT/ battery/ FC/ EL/ HT)

The system designed for this scenario is PV/ WT/ battery/ FC/ EL/ HT, which

produces the energy required by the user for 20 years. For this configuration, the

optimal solutions obtained from the MOPSO algorithm that are suitable with regard

to price and security are shown in Figure 9 (in this scenario, the Pareto surface is

two-dimensional, as none of the sources produce pollution). Among these solutions,

the optimal point at zero LPSP is considered, and the configuration outcomes of

this are demonstrated in Table 9, where selected components equipped with an

equal number of 1 PV, 13 batteries, 2 FC, and 3 EL units. Moreover, no pollution

is produced in this case, the cost is $ 306,937.4, which is much more than other

systems. In addition, the behavior of each of the WT, PV, battery, and FC elements

is shown in Figure 10 for 24 hours.

Table 9: Configuration of one of the optimal points obtained from MOPSO algorithm at zero LPSP for

CS2

LPSP (%) PV (kW) WT (kW) battery (kWh) FC (kW) EL (kW) HT (kW) LCC ($) co2 (kg)

0 1 0 13 2 3 0 306,937.4 0
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Figure 9: Two-dimensional Pareto surface for the CS2
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Figure 10: MOPSO simulation results for the CS2

5.2.3. CS3 (PV/ WT/ battery/ grid-connected)

In this case, the energy the user needs for 20 years is obtained through the

energy produced by the PV/ WT/ battery/ grid-connected system. For this config-

uration, the optimal solutions obtained from the MOPSO algorithm, which are also

suitable in terms of LCC, LPSP, and CO2, are shown in Figure 11. Among these

solutions, the optimal point at zero LPSP is considered, and the configuration per-

formance of this system is given in Table 10, where 1 PV unit and 10 battery units

are selected. Further, the behavior of each PV, WT, and battery component, along

with the power given and taken from the grid, is shown for this solution in Fig-

ure 12 for 24 hours, and, as is known, used in all hours except 6, 9, 14, 17, and 20,

which gave power of 0.46 kW, 0.59 kW, 0.85 kW, 2.17 kW, and 0.69 kW to the grid,

respectively, and received power from the grid.

Table 10: Configuration of one of the optimal points obtained by the MOPSO algorithm at zero LPSP for

CS3

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 1 0 10 218,505.8 470,924.1
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Figure 11: Three-dimensional Pareto surface for the CS3
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Figure 12: MOPSO simulation results for the CS3

5.2.4. CS4 (PV/ WT/ battery/ grid-connected with DRP)

In this case, the PV/WT/ battery/ grid-connected with DRP is designed to pro-

vide the energy required by the user for 20 years. In fact, the demand response

program based on TOU price is considered. According to Figure 13, the demand is

increased as costs decrease during off-peak hours, and the demand is decreased as

costs increase during off-peak hours. It is clear that considering the DRP has had a

significant impact on reducing costs and pollution. For this configuration, the opti-
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mal solutions obtained from the MOPSO algorithm, which are also suitable in terms

of LCC, LPSP, and CO2, as shown in Figure 14. Among these solutions, the optimal

point at zero LPSP is considered, where the configuration performance of this sys-

tem is given in Table 11, where 2 PV and 10 battery units are selected. Further, the

behavior of each component of PV, WT, and battery, as well as the power given and

taken from the grid, is shown in Figure 15 for 24 hours, and, as it is known, used

in all hours except 7, 10, 19, and 20, which gave power of 2.79 kW, 3.37 kW, 3 kW,

and 1.15 kW to the grid, respectively, and received power from the grid.

Table 11: Configuration of one of the optimal points obtained from the MOPSO algorithm at zero LPSP

for CS4

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 2 0 10 20,328.2 402,545

Figure 13: Implementation of a DRP based on TOU price in CS4
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Figure 14: Three-dimensional Pareto surface for the CS4
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Figure 15: MOPSO simulation results for the CS4

5.2.5. CS5 (PV/ WT/ battery/ EV)

For this study, the PV/ WT/ battery/ EV arrangement was designed to provide

the energy required by the user for 20 years, and the EV’s irregular conduct was

also modeled using Monte Carlo simulations. It can be observed that EV’s entry and

leaving times and SOC at arrival relate to the function of normal distribution, which

means leaving time ranges between 5 and 12, and 12 to 24 for the entry time. The

SOC at the entry time ranges between 6 kWh and 13.3 kWh, however the SOC at
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leaving is restricted and above 0.2×14. For this configuration, the appropriate and

optimal solutions obtained from the MOPSO algorithm regarding price and security

are shown in Figure 16 (in this study, the Pareto surface is two-dimensional, as none

of the sources produces emissions). Among these solutions, the optimal point at

zero LPSP is considered, and the configuration performance of this system is given

in Table 12, where the sources required for power supply are 63 WT units and 12

battery units. As shown in this case, the pollution is zero. Further, the behavior

of each component for this answer is shown in Figure 17, and as it is clear at this

optimal point, the behavior of the EV is such that at 7 o’clock with power, 3.087

kW leaves the house, and at approximately 18 hours with power, 10.95 kW returns

home. Therefore, it is clear that the EV started to discharge as soon as it entered the

house because the production capacity of other sources was less than the desired

load at that time.

Table 12: Configuration of one of the optimal points obtained from the MOPSO algorithm at zero LPSP

for CS5

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 0 63 12 334,800 0
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Figure 16: Two-dimensional Pareto surface for the CS5
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Figure 17: MOPSO simulation results for the CS5

5.3. NSGA-II results

5.3.1. CS1 (PV/ WT/ battery/ DG)

For this study, the energy required by the user for 20 years is obtained through

the energy produced by the PV/WT/ battery/ DG model. For this configuration, the

optimal solutions obtained from the NSGA-II algorithm, which are also suitable in

terms of LCC, LPSP, and CO2, are shown in Figure 18. Among these solutions, the

optimal point at zero LPSP is considered, where the configuration performance of

this system is given in Table 13, where PV, WT, five battery units, and two DG units

are selected. Moreover, the behavior of the PV, WT, battery, and DG components in

this optimal solution is shown in Figure 19 for 24 hours.

Table 13: Configuration of one of the optimal points obtained from NSGA-II algorithm at zero LPSP for

CS1

LPSP (%) PV (kW) WT (kW) battery (kWh) DG (kW) LCC ($) co2

0 1 1 5 2 118,391.9 95,246.68
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Figure 18: Three-dimensional Pareto surface for the CS1
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Figure 19: NSGA-II simulation results for the CS1

5.3.2. CS2 (PV/ WT/ battery/ FC/ EL/ HT)

The system designed in this case is PV/ WT/ battery/ FC/ EL/ HT, which pro-

duces the energy required by the user for 20 years. For this configuration, the opti-

mal solutions obtained from the NSGA-II algorithm, which are suitable for price and

security, are shown in Figure 20 (in this study, the Pareto surface is two-dimensional,

as none of the sources produce pollution). Among these solutions, the optimal point

of zero LPSP is considered, and the configuration performance of this system is given
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in Table 14, where the selected components are equal to 9 PV units, 1 WT unit, 17

batteries, 2 FC, and 3 EL units. As it can be seen, no pollution is produced in this

case, but the cost is $ 371,869.7, which is much more than other systems. More-

over, the behavior of the PV, WT, battery, and FC components is shown in Figure 21

for 24 hours.

Table 14: Configuration of one of the optimal points obtained from the NSGA-II algorithm at zero LPSP

for CS2

LPSP (%) PV (kW) WT (kW) battery (kWh) FC (kW) EL (kW) HT (kW) LCC ($) co2

0 9 1 17 2 2 2 371,869.7 907,24.8
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Figure 20: Two-dimensional Pareto surface for the CS2
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Figure 21: NSGA-II simulation results for the CS2

5.3.3. CS3 (PV/ WT/ battery/ grid-connected)

In this case, the energy required by the user for 20 years is obtained through the

energy produced by the PV/WT/ battery/ grid-connected system. For this configu-

ration, the optimal solutions gained from the NSGA-II algorithm, which are suitable

in terms of LCC, LPSP, and CO2, are shown in Figure 22. Among these solutions,

the optimum point of zero LPSP is considered, and the configuration performance

of this system is given in Table 15, where 1 PV unit and 7 battery units are selected.

Further, the behavior of each component of PV, WT, and battery, as well as the power

given and taken from the grid, is presented in Figure 23 for 24 hours. According to

the Figure, it was in all hours except 9 and 16, which gave 1.34 kW and 0.07 kW

to the grid, respectively, and received power from the grid.

Table 15: Configuration of one of the optimal points obtained from the NSGA-II algorithm at zero LPSP

for CS3

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 1 0 7 215,627.1 237,746.5
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Figure 22: Three-dimensional Pareto surface for the CS3
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Figure 23: NSGA-II simulation results for the CS3

5.3.4. CS4 (PV/ WT/ battery/ grid-connected with DRP)

In this case, the PV/WT/ battery/ grid-connected with DRP is designed to pro-

vide the energy required by the user for 20 years. In fact, in this case, the DRP based

on the TOU price is considered. According to Figure 13, the demand increased as

costs decreased during off-peak hours and decreased as costs increased during off-

peak hours. However, the DRP could impact significantly on reducing costs and

pollution. For this configuration, the optimal solutions obtained from the NSGA-II
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algorithm, which are also suitable in terms of LCC, LPSP, and CO2, are shown in

Figure 24. Among these solutions, the optimal point of zero LPSP is considered,

and the configuration performance of this system is given in Table 16, where 1 PV

unit and 6 battery units are selected. In addition, the behavior of each component

of PV, WT, and battery, as well as the power given and taken from the grid, is rep-

resented in Figure 25, for 24 hours. With respect to the Figure, it was used in all

hours except 18, 20, and 24, which gave power of 0.28 kW, 0.07 kW, and 0.14 kW

to the grid, respectively, and received power from the grid.

Table 16: Configuration of one of the optimal points obtained from the NSGA-II algorithm at zero LPSP

for CS4

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 1 0 6 15,933.43 241,004
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Figure 24: Three-dimensional Pareto surface for the CS4
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Figure 25: NSGA-II simulation results for the CS4

5.3.5. CS5 (PV/ WT/ battery/ EV)

In this case, the PV/WT/ battery/ EV model was designed to provide the energy

required by the user for 20 years, and the EV’s random functioning was modeled by

Monte Carlo simulations. It can be observed that the EV’s entry and leaving times,

and its SOC at entry, follow the normal distribution function, which means that the

EV’s time of leaving is between 5 and 12, and the time of entry is between 12 and 24.

Further, the SOC at the time of entry also changes in a range of 6 kWh to 13.3 kWh.

However, SOC at the time of leaving must be above 0.2×14. For this configuration,

the optimal solutions obtained from the NSGA-II algorithm that are suitable both

in regards to price and security are shown in Figure 26 (in this study, the Pareto

surface is two-dimensional, as none of these sources produce emissions). Among

these solutions, the optimum point of zero LPSP is considered, and Table 17 shows

the configuration achievements, where the sources required for power supply are

62 WT units and 12 battery units. Moreover, it is clear that the pollution is zero.

Additionally, the behavior of each component for this answer is shown in Figure 27,

and at this optimal point, the behavior of the EV is at 6 o’clock with a power of

3.345 kWh, leaves the house, and returns home at approximately 17 with a power

of 10.307 kWh. Further, the EV started to discharge as soon as it entered the house

because the production capacity of other sources was less than the desired load at
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that time.

Table 17: Configuration of one of the optimal points obtained from the NSGA-II algorithm at zero LPSP

for CS5

LPSP (%) PV (kW) WT (kW) battery (kWh) LCC ($) co2

0 0 62 12 330,980.4 0
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Figure 26: Two-dimensional Pareto surface for the CS5
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Figure 27: NSGA-II simulation results for the CS5
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5.4. Comparison of results

In this section, the intended target is to compare LCC, LPSP, andCO2 in different

five case studies, which are calculated using two algorithms, MOPSO and NSGA-II.

In Figure 28(a), the LCC was compared and examined in all five cases using both

algorithms. Further, the most optimal LCC relates to CS4 in both algorithms.

In Figure 28(b), the LPSP was compared and examined in all five cases calcu-

lated using both algorithms. In fact, CS1 is designed by the NSGA-II algorithm, is

the best system in terms of LPSP. It can also be observed that in all five systems, the

NSGA-II algorithm provides us with more efficient solutions than MOPSO. More-

over, in Figure 28(c), CO2 was compared and investigated in five distinct scenarios

calculated using both algorithms. Additionally, in CS2 and CS5, the emission rate

is zero because none of the energy sources produces pollution. Furthermore, the

NSGA-II algorithm performed better than MOPSO, and among the five different

systems designed, PV/ WT/ Battery/ EV is the most suitable case.

5.5. Conclusions and future works

This study has investigated different types of backup options for PV,WT, and bat-

tery model for three goals by using two distinct algorithms. Further, RES such as

wind and solar,demand load, and EV driver’s behavior were considered as uncer-

tainties when implementing DRP.

The main outcomes of this suggested research are given below:

Ø MOPSO and NSGA-II algorithms were used to design and optimize five dif-

ferent cases to decrease LCC, LPSP, and CO2. Simulation outcomes convey

that the NSGA-II algorithm more efficient results than MOPSO. Further, it is

clear that PV/WT/ Battery/ EV collaboration is the most suitable among five

different system designs.

Ø In this study, an EV as the backup was compared with other PV/WT/ battery

system backup modes and examined the performances in each objectives. In

fact, the best LCC from both algorithms is related to CS4, while the best LPSP

is related to the CS1 which is obtained from NSGA-II, and in terms of CO2,

CS2 and CS5 are the best options.
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Figure 28: Comparison of (a) LCC, (b) LPSP, and (c) CO2
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Ø Uncertainties in wind speed, solar irradiance, and load were modeled using

the three-level Taguchi method which produces 9 different scenarios. In the

simulation, only the first scenario is used due to time constraints, which states

that (Low, Low, and Low) or (1, 1, and 1). Further, the uncertainty has made

the results more accurate.

Ø The EV’s random functioning was designed utilizing MCS, which shows sev-

eral frameworks to evaluate the arrival and departure time, and the SOC dur-

ing entry to observe the irregular functioning of the EV. Moreover, the effect

of EV’s stochastic behavior has been considered on the number of optimal

components.

Ø In CS4, the DRP based on TOU price was implemented, and its impact on

HRES size optimization was investigated. Therefore, this case has the most

optimal LCC obtained from the NSGA-II algorithm compared to other cases

in the same LPSP (LPSP = 0) which includes 6 WT and 1 battery. Hence, the

results show that the implementation of this program has a significant impact

on reducing LCC.

The further studies and the subsequent ideas are highlighted below:

Ø The proposed system could be improved by applying other energy resources.

Ø Apply all the Taguchi scenarios in simulations and compare them to achieve

the most accurate results.

Ø Other techniques and mechanisms could be include except MOPSO and NSGA-

II algorithms.
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