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ABSTRACT
In this paper, a new technical and economic analysis for a hybrid system of energy has been performed. 
The study presents a new procedure for optimal modeling of the hybrid renewable energy system (HRES). 
The main idea is to optimize the hybrid system configuration based on a multiple-criteria optimization, 
including three objectives. To simplify the problem and turning it to a single objective problem of 
optimization, ε-constraints technique has been used. This optimization is done by minimizing the capital 
cost (CC) and maximizing the electrical power effectiveness and the power supply consistency. To provide 
a well solution, a new amended design of the rain optimizer has been employed. The method provided a 
pareto solution with three groups that can be selected based on the decision maker’s purpose.

Keywords: Hybrid renewable energy system (HRES); amended rain optimization algorithm; capital cost; 
electricity efficiency; power supply reliability 

How to cite this article
FAMILY N. Optimal Configuration of a HRES system by Amended Rain Optimizer. Journal of Smart Systems and Stable 
Energy, 2022; 1(4): 349-363. 
DOI: 10.52293/SE.1.1.349363

ORIGINAL RESEARCH PAPER

                           This work is licensed under the Creative Commons Attribution 4.0 International License.
To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

* Corresponding Author Email: asettanni934@gmail.com 

Copyright © 2022 The SSSE.
Published by Forscher Publication.

1. INTRODUCTION
Fossil resources are rapidly depleting, and with 

growing concerns about air pollution and global 
warming, experts are considering using cleaner 
energy sources and being more environmentally 
friendly [1]. Today, the importance and necessity 
of developing technologies related to renewable 
energy (RE) and their many benefits is not hidden 
from anyone [2-4]. Considering the rapid and 
increasing decline of fossil fuels, rising prices of 
these resources, the rapid growth of the world’s 
population and its energy-oriented needs, and 
most importantly, various environmental threats 
posed by humans’ long-standing use of fossil 
fuels, climate, ecosystems and ecosystems [5, 
6]. It has involved a variety of people around the 
world, all pointing to the need for a comprehensive 
replacement of clean and renewable sources with 
traditional energy sources [7]. Among these, hybrid 

and multiple renewable energy systems (HRES) 
are relatively new fields and have great potentials 
to meet the demand for energy [8]. Among these, 
wind and solar power are two kinds of huge 
renewable resources of energy [9]. With increase in 
the application of RE leads to growth in economic, 
creation of jobs, increasing nationwide security, 
protecting user from increasing costs, a deficit 
in the global market of fuel, and a considerable 
decrease in pollutants that lead GHG and global 
warming impacts [10]. Hence, policymakers have 
a problem of how bringing renewable energy into 
electrical power market so that it can have major 
effect in the market in future [11, 12]. The defined 
features of REs led application of them in a wide 
range these days [13]. Among REs, solar and 
wind power are the most accessible powers. But 
dependency on climatic and environment-related 
conditions are their problems. When energy 
resources are combined their flaws are decreased 

http://creativecommons.org/licenses/by/4.0/.


350

A. Settanni and G. Jimenez

Journal of Smart Systems and Stable Energy, 1(4): 349-363 Autumn 2022

[14, 15]. Recently, these systems are the highly 
promising solutions to achieve the electrical power 
requirements of various areas [16]. A fundamental 
requirement in the combined structures is to assure 
the nutrition continuation by extra energy storage 
from RES [17-20]. A hybrid system of energy by 
such different techs that has parallel performance 
with renewable resources will be a proper answer 
for minor generations.

A hybrid system of energy includes a 
combination of more than two resources of energy. 
This combination has shown higher efficiency of 
energy generation when combining [21]. The use 
of combined power plants (PP)s is often under 
discussion in distant regions [22]. Recently, the 
application of combined power is a worldwide 
problem because of increasing fossil fuel costs 
[23]. Various combinations of more than two 
energy resources exists, however the main is 
the combination of wind and solar energy [24]. 
Hybrid energy is often applied to produce electrical 
power for local application as well as in mills. 
The use of hybrid energy defines a method that is 
assumed recently [25]. Combined PPs has shown 
to be helpful in decreasing the shortcomings of 
fossil fuels and will give the energy required in 
distant regions with no environmental harms 
[26]. Thus, the structure of Wind Integrated 
Solar Energy can be a good idea. One of the most 
common structures for utilizing these energies 
combines PV systems and wind turbines (WT), 
but unfortunately these recyclable sources have 
completely variable efficiencies [27]. To reduce or 
eliminate these fluctuations in general, the storage 
technology of storage batteries and fuel cells can be 
used [28]. Nowadays, various types of hydrogen, 
hydrocarbon, metal-air and special fuel cells in 
different applications have seriously occupied the 
minds of energy researchers [29]. Fuel cells (FC) 
have great potential as a future energy source in 
hybrid systems due to their many advantages (such 
as high energy conversion efficiency and greater 
environmental friendliness) and rapid advances 
in technology [30]. Many researches have been 
presented for optimal designing of the hybrid 
systems.

Junaid Khan et al. [31] analyzed fuzzy logic 
controller technique in an integrated solar wind 
and fuel cell systems. Renewable energy sources 
have lower reliability in electricity supply due to 
their dependence on the environment. To solve 
this problem, they designed a system integrated 

renewable energy system. They also used the 
fuzzy controller technique to improve system 
effectiveness. The performance results of the 
designed method showed that the system has the 
maximum power generation capacity and it can 
guarantee power generation by increasing the 
stability of the system.

Bigdeli et al. [32] developed management of 
a combined photovoltaic system, fuel cell, and 
battery using optimization techniques. They 
designed a HRES to manage power production. To 
improve system efficiency, they utilized a number 
of optimization procedures including Particle 
Swarm Optimizer (PSO), Imperial Competitive 
Optimizer (ICO), Ant Clone Optimizer (ACO), 
Particle Swarm Optimizer with Quantum Behavior 
(QPSO), and Cuckoo Optimizer (COA). The 
results showed that the fuzzy logic approach has 
an acceptable performance to generate maximum 
power generation. The optimization allowed 
the battery and fuel cell to compensate for the 
reduction in system power generation when the 
photovoltaic system was operating poorly, thus 
increasing system reliability.

Jahannoosh et al. [33] proposed a combined 
metaheuristic method to increase the reliability 
of the solar cell-wind turbine-fuel cell renewable 
system. Their purpose in designing the system 
was to decrease the system life cost and increase 
the reliability of the system to produce energy. 
In this work, they used the combined gray wolf 
optimization cosine algorithm to increase the 
accuracy and speed of the optimization process 
to achieve the best system status. They used other 
optimization techniques such as SCA, GWO, 
and PSO to prove the superiority of the designed 
technique. The results of comparing the efficiency 
of metaheuristic techniques showed that the 
designed technique improves the system condition 
better than other approaches. Apparently, by the 
method designed for the integrated system, it has 
a satisfactory ability to provide energy and the 
system has a higher reliability.

Chen et al. [34] optimized a RES, which is a 
combination of DG, solar, FC, and wind using 
the Hammersley sequence sampling technique. 
With the expansion of the industry, the problems 
of environmental pollution have become more 
severe. The use of renewable energy is a good way 
to reduce environmental degradation. In this study, 
they proposed a renewable system that includes 
wind, solar, DG, and fuel cells to provide energy. 
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In addition to the benefits of a renewable system, 
the instability of this system can cause problems. To 
solve this problem, they proposed a multicriteria 
optimization technique to improve the stable 
condition of the system. The achievements of the 
mentioned method showed that the optimization 
technique can provide the best solution for the 
problem of renewable energy system instability. 
Therefore, this efficient technique in maintaining 
energy production and increasing system stability 
was proposed for energy supply managers.

Nureddin et al. [35] managed the energy 
supply of the renewable system, including solar, 
fuel cell, and photovoltaics with the help of an 
artificial neural network. Since the development 
of the industry has caused problems in the 
energy supply of systems. In this research, they 
have tried to help manage energy supply by 
providing a combined renewable energy system. 
They designed a system consisting of FCs and 
solar energy. Because of the uncertainty and 
instability of renewable energy in this study, the 
deep neural network computational technique 
was used in MATLAB software. The presented 
technique was identified by simulating the energy 
production of a hybrid system and analyzing it 
in different operating conditions, which has the 

best performance in energy supply.
Consequently, using the metaheuristics shows 

better results in optimal configuration of the hybrid 
systems. Although, using each type of the optimizer 
gives some benefits and some shortcomings. Thus, 
it is decided to design a new enhanced version of 
a bio-inspired algorithm to develop the efficiency, 
cost and consistency of this system.

2. THE MODEL OF THE STUDIED SYSTEM
The utilized system here, includes a combined 

configuration that are system of wind energy and 
photovoltaic (PV) system. In this system, the wind 
system and the PV system start to generate the 
enough energy for the load demand. When the 
generated power by these two systems is higher 
than the load demand, it injects to electrolyzer 
for generating the hydrogen and storing in the 
storage tank. This hydrogen will be later applied 
for supplying the FC and generating electricity to 
supply the electricity when the load demand doesn’t 
satisfy by the pair PV/wind system. However, the 
main idea is to provide a sustainable renewable 
energy, we consider a diesel generator (DG) as 
backup system for the times when the HRES system 
can’t supply the system. Fig. (1) indicates the energy 
management methodology for this system. 

 
Fig. 1. Energy management methodology for a HRES system 

  

Fig. 1. Energy management methodology for a HRES system



352

A. Settanni and G. Jimenez

Journal of Smart Systems and Stable Energy, 1(4): 349-363 Autumn 2022

Photovoltaic model
A PV system is a system that solar energy 

is directly converted into electricity. The circuit 
equivalent of a solar cell is shown in Fig. (2). In 
this figure, shR  and sR  describe the parallel and 
series resistances of cell, and cV  and LI  represent 
the PV cell’s outputted voltage, and the current 
produced by the cell (proportional to the amount 
of radiation), respectively. The PV power of this 
system can be obtained as below:

PV PV PVP insolation Sτ= × ×   

Where, PVS  is the PV surface ( 2m ), PVτ  describes 
the efficiency of the PV, ad the irradiation is based 
on the ( 2/W m ). In PV model, the temperature 
impact on the panel surface has been ignored. Also, 
the current-voltage (I–V) characteristic equation 

of the photovoltaic array can be formulated by the 
following equation:
 

exp 1PV p ph sat
i sh

qF FI n I I
A kT r

   
= × − × − −        

 (1)
where,
 

 
pv PV s

s p

v I rF
n n

= +   (2)
 

( )( )
1000ph sc i r

SI I k T T= × + −   (3)
 3

exp g r
sat rr

r i r

qE T TTI I
T A k T T

    −
= × × ×     ×    

  (4)

Table (1) gives the character value for the PV 
system.

Wind turbine model
Numerous studies have been conducted on 

WTs that produce electrical power when wind 

 
Fig. 2. Circuit equivalent of a solar cell 

  

Fig. 2. Circuit equivalent of a solar cell

Table 1. Character value for the PV system 
 

Value Explanation Symbol 
1000 𝑊𝑊𝑊𝑊 𝑚𝑚𝑚𝑚2�  Reference solar irradiance 𝑆𝑆𝑆𝑆 

300 𝑘𝑘𝑘𝑘 Reference temperature 𝑇𝑇𝑇𝑇𝑟𝑟𝑟𝑟 

2048 Parallel connected modules 𝑛𝑛𝑛𝑛𝑝𝑝𝑝𝑝 
429 Number of cells connected in series 𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠 

0.29 𝑚𝑚𝑚𝑚Ω Internal series resistance 𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠 
60 𝑘𝑘𝑘𝑘Ω Internal shunt resistance 𝑟𝑟𝑟𝑟𝑠𝑠𝑠𝑠ℎ 
217 𝐴𝐴𝐴𝐴 Rated short circuit current 𝐼𝐼𝐼𝐼𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

250.6 𝑉𝑉𝑉𝑉 Rated open circuit voltage 𝑉𝑉𝑉𝑉𝑜𝑜𝑜𝑜𝑠𝑠𝑠𝑠 
0.141 Temperature coefficient of 𝐼𝐼𝐼𝐼𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑘𝑘𝑘𝑘𝑖𝑖𝑖𝑖 

1.20𝑒𝑒𝑒𝑒𝑉𝑉𝑉𝑉 Band energy gap 𝐸𝐸𝐸𝐸𝑔𝑔𝑔𝑔 

1.23 𝜇𝜇𝜇𝜇𝐴𝐴𝐴𝐴 Rated saturation current 𝐼𝐼𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 

1.602× 10−19𝑐𝑐𝑐𝑐 Electron charge 𝑞𝑞𝑞𝑞 

1.3807× 10−23𝐽𝐽𝐽𝐽/𝑘𝑘𝑘𝑘 Boltzmann constant 𝑘𝑘𝑘𝑘 

1.2 Ideality factor 𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 

200 𝑉𝑉𝑉𝑉 Rated output voltage 𝑉𝑉𝑉𝑉𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

200 A Rated output current 𝐼𝐼𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

 
  

Table 1. Character value for the PV system
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kinetic energy is converted into mechanical energy 
and then transferring this energy to the generator. 
The outputted power of a WT has been defined in 
Eq. (5). 
 

( ) 30.5 ,WG p WP C A Vγ θ ρ= × × ×   (5)

The produced power by the wind turbine has 
been transmitted to the DC bus by the DC/AC 
converter. In Fig. (3), the turbine output power is 
plotted in terms of wind velocity. The turbine stops 
for velocities higher than the highest velocity, the 
turbine stops.

In the present study, the Weibull distribution 
factor is 1.88 (range values to 1.5-2.5), with a 
correlation factor of 0.93 (values between 0.8 and 
0.9). Also, the peak wind speed is 0.237 during 15 
hours.

Electrolyzer model
For molding of the electrolyzer, the following 

assumptions have been considered: The temperature 
and pressures of the gas flow channels electrolytic 
cells have been considered constant. The electrolytic 
cells water is incompressible. The working 
temperature water vapor enthalpy was considered 
fixed. The liquid and gas phases can be separated. 
For the electrolytic cells working condition was 
under 100℃ . Finally, 2H  compression energy 
and the water supply is ignored. As stated by the 
Faraday Law, the actual 2H  rate can be obtained as 
follows:

 
2

0.09 75.596.5exp  e
F

e

i
i

η
 −

=  
 

  (6)

where, ei  describes the current density of the 
electrolyzer ( 2/A cm ). 

The ideal 2H  generation rate is achieved by the 

following equation:
 

2 2
F C e

H
N Iq
F

η
=   (7)

where, F  describes the Faraday constant 
(96487 /C mol ). CN  specifies the electrolytic cells 
number, eI  signifies the current of the electrolyzer 
( A ). 

Due to the unavoidable voltage drops through 
the cell, the output voltage of the cell is low. By 
assuming these losses, the cell’s outputted voltage 
can be assumed as follows:

 
Ù  T actV E V V= + +    (8)

where, E  defines the reversible voltage potential 
for the cells and can be obtained using the Nernst 
formula as given below:

 
2 2

2

0.5
0Ä ln

2 2
H O

H O

P PG RTE
F F P

  
 = − +      

   (9)

where, R  is the constant for global gas, 0ÄG  
signifies the Gibbs free energy difference for the 
standard 2 2H O−  reaction, and T  represents the 
cell temperature, and 

2HP , 
2OP , and 

2H OP  represent 
the partial pressure of the 2H , 2O , and 2H O  in the 
fuel cell. 

And:
 

actV lgiα β= +    (10)

 ( )
Ù

1273
0.126 exp 2870

1273e

T
V I

T
 −

= × − × 
 

   (11)

where, α  and β  represent the Tafel constant 
and the Tafel slope. The value for these variables are 
assumes as follows: 0.05α = , 0.11β =  [34].

 
Fig. 3. Turbine output power  
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Fuel cell model
A device to convert the chemical energy 

directly into the electricity is a fuel cell. In this 
study, Solid Oxide Fuel Cell has been utilized for 
the hybrid system. As explained before, because 
of the FC voltage losses, the open-circuit voltage 
is lesser than the reversible potential. Ohmic and 
Activation polarization losses are defined in Eqs. 
(9) and (10). The fuel cell reversible potential based 
on the Nernst equation is give below:

 
2 2

2

0.5
0Ä ln

2 2
H O

cell
H O

P PG RTE
F F P

  
 = − +      

   (12)

 
Ùo cell actV N E η η= × − −    (13)

where, oV  describes the outputted voltage of the 
FC, Ùη and üη  describe the ohmic and activation 
polarization loss in the fuel cell, respectively.

Battery model
The selected battery for simulation is Hopecke 

3000 24opzs made in Germany. the advantage 
of this type of battery over similar items in high 
efficiency, low cost and low internal discharge (less 
than 5% per month). Depending on the charging 
or discharging, the input power of battery can be 
positive or negative. The battery power is obtained 
from the following equation.

 
bat WT PV FC LoadP P P P P= + + −    (14)

The charge status of the battery is achieved 
based on the battery energy and the efficiency, i.e.,

 
( )charge discharge

bat bat bat batSOC P Pτ= ∫ × ×    (15)

3. OBJECTIVE FUNCTION
In this study, to provide an optimal configuration 

of the proposed HRES system, a three-objective 
optimization has been presented. The process of 
optimization has been defined by the energy supply 
consistency, the power generated efficiency, and the 
capital cost

Capital cost (CC)
The system capital cost can be defined as 

follows:
 

PV wind battery FCCost Cost Cost Cost Cost= + + +    (16)

where, PVCost  describes the overall cost of the 

photovoltaic panels and can be achieved by the 
following:

 
PV PV PV

PV
P

I OM SCost
N

+ −
=    (17)

where, PN  describes the Lifespan of project, 
PVI specifies the PV initial cost, PVOM  represents 

the PV system’s maintenance cost, and PVS  defines 
the PV system’s salvage amount.

windCost  describes the total wind energy 
conversion system (WECS) cost and can be 
achieved as below:

 
wind PW PW

wind
P

I OM SCost
N

+ −
=    (18)

where windI  refers to the WT generator’s 
primary cost, PWOM  defines the maintenance cost 
of the WT generator, PWS  specifies the salvage 
value of the wind turbine generator.

batteryCost  is the battery storage system’s total 
cost and can be achieved by the following:

 
battery battery

battery
P

I OM
Cost

N
+

=    (19)

where, batteryI  and batteryOM  represent the 
primary cost, and the battery storage system’s 
maintenance cost.

FCCost  defines the overall cost of the SOFC 
system and can be obtained as below:

 ( )
0.362

500000
units

pur maint amort life

FC
P

NC C C T
Cost

N

−
 + + ×  
 =    (20)

The detailed formulations of the above terms 
are given below:

 
PV PV sI Aα= ×    (21)

 

1

1
1

P
iN

PV OMPV s
i

OM A να
γ=

 +
= × ×  + 

∑    (22)
 

1
1

PN

PV s sS S A β
γ

 +
= × × + 

   (23)

 

wind wind windI Aα= ×    (24)

 

1

1
1

P
iN

PV OMW wind
i

OM A να
γ=

 +
= × ×  + 

∑    (25)

 
1
1

PN

PV wind windS S A β
γ

 +
= × × + 

   (26)
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 ( )1

1

1
1

b b

i
N N

battery battery bcap
i

I P να
β

−

=

 +
= × ×  + 

∑    (27)

 

1

1
1

b
iN

Pb OMb bcap
i

OM P να
γ=

 +
= × ×  + 

∑    (28)

 
( )0.0269 0.88

1.1
0.2465 30.8 248.6

FC FC
pur

FC

A N
C

N
 + ×

= ×  + + + 
   (29)

 

maint maint purC f C= ×    (30)

 
amort cap purC i C= ×    (31)

Table 2 indicates the parameter value for the 
above terms in this study [34].

Energy supply reliability (ESR) 
The ESR for the proposed HRES has been 

described as the proportion of the power provided 
by the DG system to the power of the load 
demand. This parameter has been mathematically 
formulated in the following equation:

 
load short

load

P PRe
P
−

=    (32)

The constraints value of the optimization have 
been given in Table 2.

Efficiency of electrical power 
The efficiency of electrical power of the HRES 

system for 1 day is achieved by the following:
 

Generated

wind PV

P
P P

η =
+

   (33)

where, windP  signifies the energy generated by 
the WECS, PVP  specifies the electricity produced 
by absorbing the light by solar cells and GeneratedP  
describes the generated electricity by the wind, PV, 
and the SOFC and is achieved as follows:

 

( )
2

0.85 0.25

additional
Generated H load

short bsoc bcab

P P P

P P P

= +

+ + −
   (34)

where, 
2

additional
HP  specifies the additional 

electricity generated by the hydrogen after 1 day’s 
running and is evaluated by the SOFC model. loadP  
describes the total electricity demand in 1 day, shorP  
defines the shortage electricity that is not satisfied by 
the hybrid system, and finally, ( )0.85 0.25bsoc bcabP P−  
represent the remaining electrical power in the 
storage battery after 1 day running. 

The input WECS and PV systems are formulated 
as follows, respectively:

 1
3

0

1
2

day

wind windP A v dtρ= × ×∫    (35)

 1

0

day

PV s sP A N dtφ= × ×∫    (36)

where, ρ  is the local air density.

4. METHOD OF SOLVING
As mentioned before, we considered three 

objective functions: CC, efficiency of electrical 
power, and ESR. These three objective functions 
are considered to get optimize by considering their 
constraints. The idea is to optimal design of the 
HRES system subject to the constraints to provide 

Table 2. Parameter value of the cost model of the proposed HRES system [34] 
 

Parameters Parameters Definition Values Parameters Parameters Definition Values 
𝛼𝛼𝛼𝛼𝑤𝑤𝑤𝑤 Initial cost of WTG ($/𝑚𝑚𝑚𝑚2) 100 𝛼𝛼𝛼𝛼𝑏𝑏𝑏𝑏 Initial cost of batteries ($/𝑚𝑚𝑚𝑚2) 100 

𝛼𝛼𝛼𝛼𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑤𝑤𝑤𝑤 
Annual operation and maintenance 

cost for wind ($/𝑚𝑚𝑚𝑚2year) 
2.5 𝛼𝛼𝛼𝛼𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑏𝑏𝑏𝑏 

Annual operation and 
maintenance cost for batteries 

($/𝑚𝑚𝑚𝑚2year) 
10 

𝑆𝑆𝑆𝑆𝑤𝑤𝑤𝑤 Salvage value of WTG ($/𝑚𝑚𝑚𝑚2) 10 𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 Area of a single PV cell (𝑚𝑚𝑚𝑚2) 1.5 

𝑁𝑁𝑁𝑁𝑝𝑝𝑝𝑝 Lifespan of project (year) 20 𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠 
Salvage value of PV panels 

($/𝑚𝑚𝑚𝑚2) 
45 

𝛽𝛽𝛽𝛽 Inflation rate 9% 𝑁𝑁𝑁𝑁𝑏𝑏𝑏𝑏 Lifespan of batteries (year) 10 
𝛾𝛾𝛾𝛾 Interest rate 12% 𝑇𝑇𝑇𝑇𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  Lifespan of SOFC (year) 10 
𝜐𝜐𝜐𝜐 Escalation rate 12% 𝑁𝑁𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖𝑢𝑢𝑢𝑢𝑠𝑠𝑠𝑠 Production volume of SOFC 1482 
𝛼𝛼𝛼𝛼𝑠𝑠𝑠𝑠 Initial cost of PV panels ($/𝑚𝑚𝑚𝑚2) 450 𝑓𝑓𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 Maintenance factor of SOFC 0.06 

𝛼𝛼𝛼𝛼𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 
Annual operation and maintenance 

cost for solar ($/𝑚𝑚𝑚𝑚2year) 
4.3 𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑚𝑚𝑚𝑚𝑝𝑝𝑝𝑝 Capitalization ratio 10% 

 
  

Table 2. Parameter value of the cost model of the proposed HRES system [34]
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the best pareto front. The optimization purpose is 
to lessen the CC and to enhance the efficiency of 
electrical power and the ESR subject to:

 
,l u

j j jx x x ∈      (37)

where, jx  describes the thj  constraint, and l
jx  

and l
jx  represent the lower and higher boundaries 

of jx .
Here, five decision variables including windA , 

sN , FCN , FCA , and bcapP , have been considered for 
the optimization. The constraint values for these 
decision variables are given in Table 3.

The configuration of the multiple-criteria 
optimization methodology advanced ε-constraints 
method, called MINSOOP is shown in Fig. (4) [36]. 

The ε-constraint methodology
This study uses ε-constraints technique for 

solving the multiple-criteria optimization of 
the presented HRES system. The technique of 
ε-constraints defines as a method in the field of 
optimization. This popular method actually selects 
one of the target functions for optimization and 
turns the other functions into constraints. The 
epsilon-constraint technique has been initially 
presented by Himes et al. In 1971. In this method, 

the goal is to optimize the objective functions by 
selecting one of the objective functions, and to 
minimize this objective function, we turn the other 
objective functions into constraints. Note that these 
constraints will be unequal. The Pareto front can be 
made by the ε-constraints by the Epsilon method, 
i.e.,

( )1min F x
x X∈
( )2 2F x ε≤

…
 

( )n nF x ε≤    (38)

The ε-constraints technique is achieved by the 
following equation:

1) Choose one of the objective functions as the major one.
2) Each time, on of the objective functions should be selected 

as the major one and the problem is solved.
3) Split the range between the two optimum amounts of 

the subsidiary objective functions into some predefined 

values and find a value Table for the 2 , , nε ε… .
4) Each time, solve the problem with the major objective 

function and the value of 2 , , nε ε… .
5) Report the Pareto front results

 
Table 3. Constraint values for the decision variables 

 
Design variables Initial Min Max 

𝐴𝐴𝐴𝐴𝑤𝑤𝑤𝑤 Swept area of WTG (𝑚𝑚𝑚𝑚2) 50 50 500 
𝑁𝑁𝑁𝑁𝑠𝑠𝑠𝑠 Cells number in series of a PV module 200 50 200 
𝑁𝑁𝑁𝑁𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑠𝑠𝑠𝑠 Cells number in SOFC stack module 100 50 500 
𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑠𝑠𝑠𝑠 Active area of a single cell of SOFC (𝑐𝑐𝑐𝑐𝑚𝑚𝑚𝑚2) 1000 1000 5000 
𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Storage battery capacity 50 50 500 

  
  

Table 3. Constraint values for the decision variables

 
Fig. 4. Configuration of the multiple-criteria optimization methodology by advanced ε-constraints method 

  

Fig. 4. Configuration of the multiple-criteria optimization methodology by advanced ε-constraints method
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Table 4 reports the ranges of iε  for the three 
objectives including electricity efficiency, ESR, and 
CC.

Optimization strategy: Amended Rain Optimization 
Algorithm (ROA) 

In this algorithm, we model each solution of 
the problem with a raindrop. Due to the fact that 
raindrops fall randomly on the ground, in some 
cases, several points in the search space will be 
randomly chosen. The radius of each raindrop is one 
of its important characteristics that increase with 
the connection to other raindrops and decreases 
over time. After generating the first individual of 
solution, each drop radius is randomly allocated in 
a suitable range. In all iterations, the droplets check 
their neighborhood, and the droplets, which are 
not yet attached to another droplet, check the end 
of the area they cover, in other words, each droplet 
examines its surroundings based on its size. If the 
problem-solving space is n -dimensional, it means 
that each droplet is composed of n  variable. At the 
first stage, the higher and minimum boundaries 
of parameter 1 can be inspected which specifies 
the droplet radius of these ranges.  At the second 
step, 2 endpoints of parameter 2 experiment and 
the process continue until the final parameter. As 
the first droplet moves down, the cost is updated. 
This droplet is moving downwards and the cost 
function is decreasing. This process is done for all 

droplets, so their location and cost are determined. 
The changes of radius of all droplets are as follows:

1) When two droplets are so close together 
that they have a common point, they join together 
to create a bigger droplet.

( )
1

1 2
n n nR r r= +    (39)

where, 1r  and 1r  are the radius of droplet, R  
is radius of generated droplet and the number of 
variables in all droplet is indicated by n . 

2) When a droplet does not move, a 
percentage of its volume is absorbed by the soil.

( )1/

1

nnR rα=    (40)

where, α  is a number between 0 and 100% that 
represents the volume percentage of a drop that can 
be absorbed in all iteration. A minimum radius (

)minr  can be specified for droplets from which the 
droplet disappears with a smaller radius. After 
several iterations, bigger droplets can be provided 
with an immense examinations domain and the 
number of population is declining. The ability to 
search locally for droplets increases according to 
the diameter of the droplets and thus increases 
the scope of the survey. That is to say, by increase 
in the iterations number, the weak droplets attach 
to other droplets with a higher investigation 
amplitude or otherwise disappear. This reduces the 

Table 4. Ranges of 𝜀𝜀𝜀𝜀𝑖𝑖𝑖𝑖 for the three objectives including electricity efficiency, ESR, and CC 
 

Objective Max Energy Efficiency Max ESR Min CC Min 
(𝜀𝜀𝜀𝜀𝑖𝑖𝑖𝑖 , 𝐿𝐿𝐿𝐿) 

Max 
(𝜀𝜀𝜀𝜀𝑖𝑖𝑖𝑖 ,𝑈𝑈𝑈𝑈) 

Power Supply Reliability (%) 24.19 89.34 70.65 23.97 93.68 
Capital Cost ($/year) 2814.25 7359.52 22.51.67 2349.37 7325.64 

Electricity Efficiency (%) 16.67 3.16 15.34 3.41 15.27 
 
  

Table 4. Ranges of  for the three objectives including electricity efficiency, ESR, and CC

 
Fig. 4. Hourly load demand, PV irradiation, and wind speed data utilized in this study [43]. 
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Fig. 5. Hourly load demand, PV irradiation, and wind speed data utilized in this study [43].
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initial population and speeds up finding the right 
answers. The suggested algorithm (ROA) differs 
from the recently developed search algorithm 
called the Rain Fall Algorithm, which are described 
below:

o In the ROA, unlike other search 
algorithms and the rain fall algorithm, after each 
iteration the number of first individuals alters 
because of the droplets connection with each other 
or the absorption of droplets by the soil. Thus the 
cost of optimization decreases and the ability to 
search the algorithm increases. 

o The size of each drop varies according to 
the adsorption by the soil and the attachment of 
close droplets in each iteration. The search ability 
of each drop changes with its size and they are 
categorized in terms of importance.

o In other search algorithms, as well as 
in the rain fall algorithm, the one-step droplet 
is randomly enhanced because the population 
is formed by several other random neighboring 
points. But in ROA, every population discovers the 
best way to the minimum point. The cost function 
decreases in just one iteration and the drops move 
downwards step by step. So the initial population 
leaves the dysfunctional points very quickly.

According to the features expressed in the 
previous sections, Fig. 1 presents the rain algorithm. 
In general, the parameters of this algorithm, which 
include the initial radius of raindrops (solution 
space per population), the number of initial 
raindrops (number of population) are inputted in 
the initial section. In the next step, an amount will 
be set to all droplet based on the fitness function. 
Then, each one begins to motion downward. Thus, 
the endpoints of all droplet will be tested by the 
fitness function. While a droplet begins to motion, 
it can keep up its route till reaching to a lowest 
amount in its path. The procedure is done for all 
droplet. The speed of the algorithm increases due 
to the fact that each drop in its way can be linked 
to other drops. While a droplet ends to a lowest 
amount point, radius of it begins to decrease slightly 
generating the solution precision to enhance. Here, 
all endpoints of the objective function are found by 
the algorithm. Here, an improved design of Rain 
Optimizer, which is Amended Rain Optimization 
Algorithm has been used. The modification has 
been done to enhance the algorithm exploration 
term efficiency. This is established by pseudo-
opposite learning mechanism [37, 38]. Based on 
the pseudo-opposite learning mechanism, the 

initial candidate is compared with its opposite 
value and the better one (by evaluating in objective 
function) is used for the algorithm improvement. 
This technique has been established by applying 
a real-valued candidate | 1:i i Dx =  in the search space, 
which is limited in the range [ ],l ux x . The opposite 
value for the candidate x  has been achieved by the 
following equation:



i l i ui ix x x x= + −    (41)

1,2, ,i D= …    (42)

Also, the quasi-opposite value of the candidate 
x  has been achieved by the following equation:

ˆ  ,
2

l i ui
i i

x xx rand x+ =  
 

   (43)

The pseudocode of the proposed Amended 
Rain Optimization Algorithm is give below:

Objective function ( )f X , ( )1 2, , , nX x x x= …
Input initial tuning parameters like number of population 
(nPop), highest iteration (MaxIT), number of variables (nVar), 
the variables domain ([VarMin, VarMax]), initial droplet’s 
radius (InitR) and number of jointed droplets (size), speed  of 

rain (Speed) and Constant of Soil adsorption ( )α .
Use pseudo-opposite learning mechanism to generate 40% of 
initial population
Initialize droplets position, size and radius.
Assess each droplet with the objective function to obtain the 
cost of each droplet and sort population based on cost.
Major loop:
While (number of iteration <MaxIt)
For (each droplet)

Alter each variable ix  to i ix R+  and i ix R−  and evaluate 
the new location by the objective function.
If the new cost is smaller than the former cost , assume a new 

location for ix .
While (cost reduces)
Move the droplet at the similar direction with the same speed,
Reduce size of droplet depending on the adsorption properties 
of soil
Joint near droplets to each other, change new droplets’ size
End while
End for 
Omit weak droplets depending on soil adsorption
Generate new droplets depending on rain velocity 
End while
Sort populations based on cost.
Show results and visualizations.

To authenticate the efficacy of the suggested 
Amended Rain Optimization Algorithm, it was 
carried out to several test functions, including 
Sphere, Rastrigin, Rosenbrock, and Ackley and 
its achievements were put in comparison with 
Supply-Demand-Based Optimization  (SDO) [39], 
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Billiard-based Optimization Algorithm (BOA) [40], 
and Locust Swarm Optimization (LS) [41]. Table 5 
indicates the mathematical definition of the studied 
benchmark functions, the dimension (Dim), the 
range of optimization, and their optimum value (

minF ).
Table 6 shows the set variables of the applied 

optimizers.
Simulations have been established on an Intel® 

Core™ 2 Duo Laptop with 2.67 GHz CPU and 4 
GB RAM applied by MATLAB R2016b. Population 
number and maximum iteration for all algorithms 
have been respectively set 40 and 200,. Furthermore, 
all optimizers were independently run 30 times to 
provide consistent and fair results. The methods 
have been analyzed by 4 measurement indicators, 
which are lowest value (Min), highest value (Max), 
average amount (Mean), and standard deviation 
value (Std). Table 7 reports the comparative 
achievements of the suggested Amended Rain 
Optimizer against the rest analyzed optimizers. 

Because, all benchmark functions are minimi-
zation problems, the method with minimum value of 
the indicators will show better results. According to 

Table 7 that the proposed Amended Rain Optimizer 
with minimum value for Min, and Max, and Mean, 
provides the highest accuracy among the others for 
solving the studied problem. Moreover, the lowest 
amount of the Std indicates its better reliability at 
various runs against the other algorithms.

System model
The optimized decision variables achieved 

from the previous section have been injected to the 
model. and then the model simulated to get results. 
The results have been again sent to the algorithm 
and this process is repeated while the best results 
for the decision variables have been achieved. As 
the major objective function, the present study 
considers the energy supply reliability (ESR) and 
the capital cost (CC) and electricity efficiency 
(EE) have been converted as inequal constraints, 
i.e., reliabilityε  and ccε . Therefore, by considering the 
problem as a maximization problem, we have:
 

( )max ESRF x    (46)

Subject to 

Table 5. mathematical definition of the studied benchmark functions 
 

Type Function Mathematical equation Dim Range 𝐹𝐹𝐹𝐹𝑚𝑚𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 

𝐹𝐹𝐹𝐹1 Sphere 𝐹𝐹𝐹𝐹1(𝑥𝑥𝑥𝑥) = �𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖2
𝑖𝑖𝑖𝑖

𝑖𝑖𝑖𝑖=1

 30 [-100,100] 0 

𝐹𝐹𝐹𝐹2 Rosenbrock 𝐹𝐹𝐹𝐹3(𝑥𝑥𝑥𝑥) =  �[100�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖+1 − 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖2�
2 + (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖 − 1)2]

𝑖𝑖𝑖𝑖−1

𝑖𝑖𝑖𝑖=1

 30 [-30,30] 0 

𝐹𝐹𝐹𝐹3 Ackley 
𝐹𝐹𝐹𝐹6(𝑥𝑥𝑥𝑥) = −20 exp�−0.2�

1
𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖2

𝑖𝑖𝑖𝑖

𝑖𝑖𝑖𝑖=1

� – 

exp (
1
𝑛𝑛𝑛𝑛� cos (2𝜋𝜋𝜋𝜋𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖

𝑖𝑖𝑖𝑖

𝑖𝑖𝑖𝑖=1

)) + 20 + e 

30 [-32,32] 0 

𝐹𝐹𝐹𝐹4 Rastrigin  𝐹𝐹𝐹𝐹5(𝑥𝑥𝑥𝑥) = �[𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖2 − 10 × cos(2 × 𝜋𝜋𝜋𝜋 × 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) + 10]
𝑑𝑑𝑑𝑑

𝑖𝑖𝑖𝑖=1

 0 [-5.12-5.12] 𝐹𝐹𝐹𝐹5 

 
  

Table 5. mathematical definition of the studied benchmark functions

 
Table 6. set parameters of the applied optimizers 

 
Algorithm Parameter Value 

SDO [39] 
MaxIteration 200 
MarketSize 40 
FunIndex 1 

BOA [40] 
No. of pockets 22 

𝑤𝑤𝑤𝑤 0.7 
𝐸𝐸𝐸𝐸𝑆𝑆𝑆𝑆 0.3 

LS [41] 
𝐹𝐹𝐹𝐹 0.6 
𝐿𝐿𝐿𝐿 1 
𝑔𝑔𝑔𝑔 20 

 
  

Table 6. set parameters of the applied optimizers
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Table 7. Comparative achievements of the suggested Amended Rain Optimizer against the analyzed optimizers 
 

Algorithm Index Sphere Rastrigin Ackley Rosenbrock 

SDO [39] 

Min 10.628 0.0128 0.0098 5.812 
Max 514.836 296.801 164.21 84.721 

Mean 332.128 152.1 91.254 53.273 
Std 145.154 104.58 41.642 10.117 

LS [41] 

Min 8.624 0.0107 0.0098 4.973 
Max 494.251 114.414 9.431 78.241 

Mean 218. 826 45.267 2.374 45.143 
Std 111.285 1.242 1.412 9.346 

BOA [40] 

Min 7.124 3.213e-2 2.262e-3 2.748 
Max 315.722 5.362 5.0126 13.64 

Mean 182.428 3.0098 0.0524 0.428 
Std 105.247 1.0853 0.0624 1.641 

ROA [42] 

Min 4.248 1.256e-8 1.461e-4 2.367e-5 
Max 95.384 1.548e-3 3.634e-3 1.441e-4 

Mean 65.165 2.092e-3 2.331e-3 2.238e-4 
Std 22.304 0.842e-3 1.164e-3 3.376e-4 

AROA 

Min 1.068 9.723e-10 1.321e-6 8.367e-8 
Max 32.251 0. 927e-8 2.411e-5 1.258e-6 

Mean 12.5349 1.847e-10 1.582e-5 0.171e-6 
Std 6.4128 0.238e-10 1.013e-5 0.251e-6 

 
  

Table 7. Comparative achievements of the suggested Amended Rain Optimizer against the analyzed optimizers

reliabilityEE ε≥
 

ccCC ε≤    (47)
where, based on the optimization 

establishments, the inequal range for reliabilityε  and 
ccε  are as follows:

2.48% 19.25%reliabilityε≤ ≤
2517.11 7215.38ccε≤ ≤    (48)

Fig. (4) shows the hourly load demand, PV 
irradiation, and wind speed data in one graph that 
are extracted from [43].

Simulation results
To provide a method with logical computational 

cost, the number of samples should be reduced as 
much as possible. Although, the sample numbers 
for both constraints, i.e., reliabilityε  and ccε  are 
considered the same. The mean value and variance 
of the energy supply reliability based on different 
numbers of samples are shown in Fig. (6).  

It can be observed from Fig. (6) that by 
increasing the sampling numbers, the mean 
value and variance of the reliability have been 
converged. After reaching the sampling number 
into 400, the mean value and the variance of the 

 
Fig. 5. Mean value and variance of the energy supply reliability based on different numbers of samples  
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Fig. 6. Mean value and variance of the energy supply reliability based on different numbers of samples



A. Settanni and G. Jimenez

Journal of Smart Systems and Stable Energy, 1(4): 349-363 Autumn 2022 361

ESR, has a convergence to a value below 2%. So, 
we considered 400 samples for the simulation. 400 
optimal solutions for the Pareto set with solving 400 
single-objective problems have been established, 
which is based on ε-constraints technique and 
the proposed metaheuristic algorithm. All of the 
samples are normalized in the range [0, 1] to get 
well information in detail for the Pareto front. This 
normalized data has been displayed in Fig. (6) and 
Table 5.

Based on Fig. (7), and Table 4, the three groups 
can be selected by the decision makers, where, if 
the priority is the high electricity efficiency for 
the system, and less CC and the high ESR was 
not under consideration, Group 1 is the best 
selection. If low capital cost is in the priority and 
energy supply reliability is not into consideration, 
Groups 2 is the best selection. Finally, if the ESR 
is the major priority and compared with the rest 2 
cases, Groups 3 is the best selection. Based on these 
results, decision makers can regulate the hybrid 
system size to decrease the oscillation made by the 
renewable energy.

5. CONCLUSIONS
Solar and wind systems are cheap, affordable and 

environmentally friendly and will be considered 
as two alternative energy sources in the future. 
Solar-wind hybrid systems use two sources of 
renewable energy simultaneously, which increases 

the efficiency of the system and its output power, 
and reduces the energy storage equipment for off-
grid systems. Solar-wind hybrid systems were very 
famous widely around the world because of the 
advancement of this technology, environmental 
pollution, and rising oil prices. This article intended 
to a multiple-criteria optimization approach for a 
HRES system by energy supply reliability, efficiency 
of electrical power, and capital cost designs. To 
reduce the complexity of the system optimization, 
ε-constraints methodology was utilized and the 
problem was then solved by a new amended 
design of the rain optimizer. The method delivered 
a pareto solution with three groups that can be 
selected based on the decision maker’s purpose. 
The results showed an efficient methodology for 
decision makers for designing the proposed hybrid 
photovoltaic/wind/fuel cell/DG system.
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Table 5. Amounts of objective function for various models  
 

Objectives Group 1 Group 2 Group 3 
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