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ABSTRACT
The off-grid electricity production is a method of supplying energy to commercial, industrial, residential, 
and rural or remote regions, which is often the grid connecting is unfeasible because of its difficult 
regional location and the staggering transmitting cost. In cases like this, the application of local energy 
help to develop these regions. However, there is always need to a diesel generator to increase the 
electricity reliability. Hence, in the new method, diesel generators (DG) are coupled with renewable 
energy techniques like solar photovoltaics which may also use an energy storage system (ESS). The main 
idea in this paper is to propose a new optimum form for a hybrid battery/PV/diesel generator/ energy 
storage tool to resolve the load demand in a distant region in Changsha of China. Three main objectives 
are considered for minimization: annualized system cost, load probability loss, and value of CO2 emissions. 
To reduce the complexity of the system, ε-constraint technique is used. Here, a new modified bio-
inspired algorithm, which is Chaotic Thermal Exchange Optimization algorithm is also applied to solve the 
optimization problem. Simulation achievements of the proposed system were put in comparison with the 
achievements of two latest methods to indicate the method effectiveness. The achievements indicated 
that the total production for the suggested method, PSO-based method, and HOMER are achieved 44051 
kWh/yr, 44532 kWh/yr, and 43560 kWh/yr, respectively.

Keywords: multiple-criteria optimization; hybrid renewable energy system; ε-constraint technique; Chaotic 
Thermal Exchange Optimizer; annualized system cost; load probability loss; CO2 emissions. 
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1. INTRODUCTION
The off-grid power production is a method 

of supplying energy to industrial, commercial, 
residential, and rural or remote regions, often the 
grid connecting is unfeasible because of its difficult 
regional location and the staggering transmitting 
cost. In cases like this, the application of local energy 
help to develop these regions. Utilizing the options 
with the least supply costs for developing new 
services of energy in these regions is a sustainable 
and logical solution [1]. The typical method of 

generating off-grid electricity is to apply of DGs, 
but the development of new techniques caused 
potentialities for offering a hybrid system with 
the involvement of DGs together with renewable 
energy techniques (RET) to provide required 
energy with the least cost. 

The use of only one energy source (for example, 
solar energy) shifts the distributed generation 
system towards a system with variable production, 
which significantly reduces the reliability of the 
production system. However, the combination of 
a solar system with a diesel generator can increase 

http://creativecommons.org/licenses/by/4.0/.
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the reliability of the generated system and generates 
a time-independent electricity [2]. In the new 
method, DGs have been integrated with RETs like 
solar photovoltaics, hydropower, biogas, fuel cells 
(FC), wind, and biomass. Diesel and solar power 
plants along with battery-powered systems can 
complement each other. During the hours of the 
day when solar arrays alone cannot provide charge, 
batteries contribute to the supply of electricity by 
generating electricity. Also, many hybrid systems 
are equipped with diesel generators to supply to 
peak loads in short periods of time when energy 
produced from energy sources cannot meet 
demand. 

Hybrid techniques integrate several energy 
resources like renewables and DGs that maybe 
use a battery. Thus, a hybrid system is generally 
a combination of one or further RESs like solar, 
biomass, small / micro hydropower plants, 
wind and tides, waves, combined with different 
techniques like DGs and batteries. 

The hybrid structures including new energy 
sources are still the best option to reduce 
dependence on fossil fuels. The use of a single 
energy source (for example, solar energy) shifts 
the distributed generation system to a variable 
generation system, which significantly reduces 
the reliability of the production system. In 
this study we utilized a hybrid PV system for 
electricity generation. However, the hybridization 
of photovoltaic system with other energy sources 
can increase the reliability of the generated system 
and make the electricity generation almost time-
independent.

Wind-solar and battery-powered power plants 
can complement each other. During the hours of 
the day when the solar arrays alone cannot supply 
the load, the batteries contribute to the supply of 
electricity by generating electricity. Also, many 
hybrid systems are equipped with diesel generators 
to supply to peak loads in short periods of time 
when generated energy from energy sources that 
cannot meet demand. But hybrid systems including 
new energy sources are still the best option to 
reduce dependence on fossil fuels.

Kumar et al. [3] presented a power management 
and economic assessment for a stand-alone PV/
wind Htbrid Renewable Energy System (HRES) 
based on metaheuristics. The method was designed 
to optimal sizing of the HRES in remote areas. 
For optimization task, Biogeography Based 
Optimization (BBO) algorithm was employed. 

To improve the reliability of the HRES, a diesel 
generator was added. Simulation results indicated 
that the HRES provides outstanding convergence 
property with less computational time.

Yahiaoui et al. [4] proposed another optimized 
methodology based on Grey Wolf Optimizer 
(GWO) algorithm for optimal design of an HRES 
based on PV, Diesel Generator and Battery. The 
method was performed to a case study in Djanet city, 
Algeria. The suggested method was performed for 
minimizing the total cost of an HRES. Simulation 
achievements have been put in comparison with 
PSO optimizer and the achievements showed that 
the suggested technique provides better optimal 
number of diesel generators, PV panels, and battery 
banks with lesser cost.

Halabi et al. [5] suggested a performance 
investigation of an HRES based on PV, diesel, and 
battery bank by the HOMER software. During the 
investigation, the efficiency of a two decentralized 
power stations was analyzed in a case study in 
Sabah, Malaysia. Different possible scenarios were 
analyzed and the results were compared with 
the optimum design using HOMER. Sensitivity 
analysis indicated the impact of the main factors. 
The achievements indicated that the presence of 
HRES decreases the energy storage requirements 
and improves the standalone systems’ efficiency.

Xu et al. [6] designed a method to provide 
optimal formation of  an independent HRES for 
reverse osmosis (RO) desalination. The idea was 
to obtain lowest levelized cost of energy (LCOE), 
with high reliability of power. The problem was 
nonlinear integer programming that was solved by 
a genetic algorithm. The analysis was performed 
on a brackish groundwater in Arizona, USA. 
Sensitivity analysis was also performed and the 
results showed fairly insensitive of LCOE for the 
PV panel tilt angle.

Alturki et al. [7] proposed another optimized 
methodology for a HRES’s optimal size selection 
with relation the long‐term cost evaluation. The 
technique has been defined by supply‐demand‐
based optimizer (SDO). The efficiency of the 
optimizer has been validated by a comparison with 
some state-of-the-art methods. Three scenarios 
based on the load profile data, wind velocity, and 
solar radiation were analyzed by the algorithm 
and the results showed the superiority of the SDO 
algorithm for optimal size selection of the proposed 
HRES.

Due to the complicated configuration of the 
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HRES design with nonlinear integral planning, 
metaheuristics play good roles in this context. It 
is clear from the studied papers that, several kinds 
of bio-inspired algorithms have been employed for 
optimum form of the hybrid structures. Although, 
many of them include several disadvantages 
like local results, low precision, or premature 
convergence.

This study presents a multiple-criteria 
optimization technique for a hybrid Battery/PV/DG 
energy structures to provide a reliable supplier for a 
faraway region in Changsha, China. ε-constraint is 
utilized for simplifying the optimization approach. 
The main concept is to lessen the unmet load, the 

2CO  emissions, and the system capital cost. For 
providing an efficient optimum result, an improved 
meaheuristic, called Chaotic Thermal Exchange 
Optimizer is utilized. The system efficiency are also 
evaluated based on sensitivity analysis. 

2. MATHEMATICAL MODEL OF THE SYSTEM
 The proposed study is a HRES including a 

photovoltaic (PV) energy generation system, a 
diesel generator (DG), a battery bank, and other 
required auxiliaries such as inverter and controller. 
Based on the proposed HRES, first we use the system 
of PV/DG to provide the required demand. If the 
generated electricity is higher than the demanded, 
the remained electricity can be utilized to charge 
the battery banks for the future. In the event that 
there is more extra energy after even charging the 
batteries, the remained energy is sold to the grid. 
In return, if the generated energy based on the PV/
DG structure is lower than the power demanded, 
the shortage power is supplied by the energy stored 
in the batteries. To provide a proper analysis on this 

system, we should provide a suitable mathematical 
model for each of the components. Fig. (1) depicts 
the main arrangement of the investigated structure.

2.1. Mathematical model of photovoltaic system
The photovoltaic systems have the advantages 

of simple configuration and control system. The 
output voltage of the solar array varies with the 
change of solar radiation and ambient temperature. 
Therefore, in order to connect to the mains, the 
output voltage of the PV array must be constant and 
converted to AC voltage, which can be done by the 
inverter. The converter and inverter are designed 
to track the maximum power of the solar cell 
array and power control that is injected from the 
inverter into the mains to ensure safe and efficient 
operation. An important method for achieving the 
above is called “maximum power point tracking” 
(MPPT). In essence, this control is the output of a 
PV system compatible with the grid in all weather 
conditions. The output power of a photovoltaic 
system can be mathematically obtained by the 
following equation [8]:

1 1

mp

sc mp

I
I I

mp
PV sc

sc mp

I VP I V
I V

−
 

   
= × × − −        

   

(1)

where, scI  describes the short-circuit current, 
V  signifies the output voltage of the PV, and mpI  
and mpV  represent the current and the voltage at 
the maximum power point.

If there are N numbers of panels in series ( sN ) 
and in parallel ( pN ), the maximum output power 

 
Fig. 1. The Energy flow of the studied system 

   

Fig. 1. The Energy flow of the studied system
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will be achieved by the following equation:

T
PV P s PV othP N N P η= × × ×  (2)

where, othη  signifies the loss factor.

2.2. Mathematical model of the inverter
An inverter is a device for converting a DC 

current into AC current. This is important in PV 
systems. Because, the output of the PV systems is 
DC. So, for using this energy by the customers, 
we should convert it to the AC current. Inverters 
are modeled based on their efficiency. The output 
power of an inverter is mathematically modeled by 
the following:

inv hd

inv

PP
η

=
 

(3)

where, hdP  describes the hourly demand and 
invη  signifies the inverter efficiency.

2.3. The model of diesel generator
A diesel generator (DG) is a combination 

of a diesel engine and a generator whose shafts 
are mechanically coupled together. The diesel 
generator governor controls the speed by adjusting 
the amount of fuel entering the diesel engine. In 
this study, the DG plays a backup system rule while 
the photovoltaic system cannot supply adequate 
power for the demanded. The value of the DG 
consumption relates to its output power and is 
formulated as follows [9]:

( ) ( )DG
DG i DG N DG DG iCons t B P A P t= × + ×

 
(4)

where, ( )  DG iB t signifies the DG output power, 
( )DG

NP kW  describes the nominal power, and 
DGA  and DGB  represent two fuel consumption 

coefficients that are set 0.0845 /L kWh , and 0.246 
/L kWh , respectively [10]. The yearly consumption 

cost of the DG can be obtained as follows:

( )1

nFuel Fuel
DG DG ii

C Pr Cons t
=

= ×∑  
(5)

where, FuelPr  signifies the consumed fuel 
price (liters/hour), and 8760n = .

Moreover, the efficiency of DG is modeled as 

follows:

( )DG i
DG Fuel

DG

P t
C LHV

η =
×  

(6)

where, [ ]10,1 1.6 /LHV kWh L∈  is the fuel 
use’s heating amount [9].

2.4. The battery storage model
Battery Energy Storage Systems (BESS) are 

a viable solution to the problems that threaten 
today’s microgrid power (MG) systems. Given the 
growth of these devices, their role in eliminating 
peak load and reducing electricity generation costs 
is one of the topics to be discussed. This system 
is considered as a backup system when there is 
shortage in supplying the demand by the proposed 
PV and diesel system. Energy generation of the 
battery and its absorption in period between 1t −  
and t  can be obtained as follows:

( ) ( ) ( )( )
( ) ( )

1

1 1

Bat O O
a PV L inv Bat

Bat
a

P t P t P t

P t

η η

σ

−= − × × +

− × −
 

(7)

where, in charging:

( ) ( ) ( )0 ,  1  max

i
L BatO Bat

PV a a
inv

P t
P t and P t P

η
− > − < (8)

And when discharging:

( ) ( ) ( )0 ,  1  min

i
L BatO Bat

PV a a
inv

P t
P t and P t P

η
− −

 
(9)

where, Batη  defines the battery storage system 
efficiency, σ  describes the self-discharge ratio of 
the battery storage system, ( )i

LP t  signifies the load 
demand at time t , and ( )Bat

aP t  and ( ) 1Bat
aP t −  are 

the power availability of the battery storage system 
during the present ( t ) and previous ( 1t − ) hours, 
respectively. For  improving the lifespan of the 
BESS, the upper limitation for maximum charging 
rate ( MSOC ) with total nominal capacity based on 
the following formula [11]:

M Bat Bat
aSOC N P= ×  (10)

And the minimum value of the feasible state of 
charge ( MSOC ) is as follows [11]:
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( )1m Bat Bat M
aSOC N P DoD= × × −

 
(11)

where, MDoD  defines the discharging 
maximum depth percentage.

This study, the hybrid PV/DG/BESS have been 
accomplished on a rural area in Changsha, China. 
To provide an optimized solution, a new improved 
design of the Thermal Exchange Optimizer (TEO). 
Table 1 indicates the values used for the parameters 
in this study. 

For validating the performance of the system 
using the designed algorithm, its achievements 
were put in comparison with several other latest 
techniques. This technique has the ability for 
using in various studied cases under the equal 
requirements. 

3. THERMAL EXCHANGE OPTIMIZATION 
ALGORITHM
3.1. The Newton law concept of cooling 

Convection heat transfer (HT) is the transfer 
of heat that happens at the same time with a 
fluid movement. Based on the procedure, HT 
has 2 classifications: forced and free. In forced 
displacement, exterior forces like a fan or pump 
lead the movement of fluid. But in free movement, 
the power transmitted is because of natural features 
like force of Archimedes. The HT assessment is 
complicated because of the concurrent procedure 
of fluid movement and thermal conduction. The 
more the fluid speed, the more the HT speed. The 
HT speed is stated by cooling law of Newton as 
follows.

( )s aQ A T Tβ= × × −

 
(12)

here, A  is the body surface for heat transferring, 
 Q  refers to the heat, α  is the HT coefficient that 
associates to many cases such as HT mode, surface 
state, and geometry of object, and  andaT   bT  are 

the temperatures of the ambient and the body.
Based on the mentioned formula, time of 

heat losing is ( ) aA T T dtβ × × −  that explains 
reserved heat the changing once the temperature 
dT  falls, i.e.

( )bV c dT A T T dtρ α× × × = − × × −
 

(13)

where, V  represents the volume ( 3m ), c  is 
the particular heat ( / /J kg K ), and ρ  defines 
the density ( 3/kg m ). Thus, 

expb

eh b

T T A t
T T V c

β
ρ

 − − × ×
=  − × ×   

(14)

where, ehT  is the primary high temperature. 
With considering the A t

V c
α

ρ
× ×
× ×

 a time-independent 
value, i.e.,

A
V c
αζ
ρ
×

=
× ×  

(15)

That ζ  define a constant, the major formula is 
reformulated as given below: 

( )expb

eh b

T T t
T T

ζ−
= −

−  
(16)

Accordingly, 

( ) ( )expeh b bT T T t Tγ= − × − +
 

(17)

3.2. Thermal Exchange Optimization algorithm
The process of optimization is to find the 

optimum solution for a pre-determined problem. in 
this study, the main purpose of using optimization 
algorithm is to minimize the annualized system 

Table 1. The parameters values of the BESS in this study. 
 

Parameter Value 
σ 0.001
η��� 0.7

Capacity (Ah) [35, 45] 
η�� 0.92

Max current charge/discharge (A) 40/40 
P����(W) ��70���0�
𝐷𝐷𝐷𝐷𝐷𝐷� 30%

 
  

Table 1. The parameters values of the BESS in this study.
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cost, the load probability loss, and the value of CO2 
emissions,. Several methods have been proposed to 
get this purpose. For examples, classic algorithms, 
that the guaranteed optimal solution for the 
problem. But they often cannot find solution for 
nonlinear complex problems. In contrast, bio-
inspired algorithms are a new type of optimization 
approaches that can solve any optimization 
problem with no limitation. Recently, different 
types of metaheuristics have been introduced, 
such as arithmetic optimization algorithm [12], 
World Cup Optimizer (WCO)[13], Ant lion 
optimization algorithm (ALO) [14], Variance 
Reduction of Guassian Distribution (VRGD) [15], 
and Thermal Exchange Optimizer (TEO) [16]. 
The TEO algorithm is a newly nature-inspired 
algorithm based on the objects temperature 
and their temperature exchanging to specify the 
efficient positions. In the TEO algorithm, two types 
of populations are considered: the first one is the 
individuals that have been assumed as cooling 
substances and the second is the individuals that 
sre assumed as the environment. This is a reversable 
process that is shown in Fig. (2).

The TEO starts with some numbers of random 
candidates as initial solutions as follows:

( )0
jT T T Tθ= + × −

 
(18)

where, 1 , 2, ,j n= … , θ  is a random amount 
distributed in the range [0, 1], 0

jT  defines the initial 
population of the algorithm of the thi object, and 
T  and T  represents the lowest and the highest 
boundaries. 

By evaluating the objective function based on 
the initial population, T  numbers of best results 
are stored as Thermal Memory (TM). The TM 
candidates have been then added to the population 
and the same number of worst individuals have 

been eliminated to keep the number of individuals 
fixed. If the object has less value than ζ , the 
temperature will be exchanged slowly. ζ  is 
achieved by the following equation:

( )
( )

 
  

Cos object
Cos worst object

ζ =
 

(19)

The TEO algorithm also uses the term “Time” 
due to its relation to the iteration number. This is 
achieved by the following formula:

. 
iterationt

Max iteration
=

 
(20)

For considering the global optimization In this 
algorithm, the environment-related temperature 
exchange was modeled as follows:

( )( )( ) '
1 21 1e e

i iT t Tβ β δ= − + × − × ×
 

(21)

where, δ  defines a random amount between 
0 and 1, 'e

iT  is the former object temperature 
improved using e

iT , and 1β  and 2β  are 
respectively the control parameters,. Finally, the 
new temperature of the object is obtained as follows:

( ) ( )expN e old e
i i i iT T T T tζ= + − −

 
(22)

There is also another term, called Pr  which 
states if an element variates during the objects of 
cooling or not. The Pr  includes some candidates 
with ( )R i  which are random and are distributed 
between 0 and 1. If Pr  has higher value than the 
( )R i , the thi  competitor’s dimension has been 

selected randomly and new updated temperature 

 
Fig. 2. The transfer objects pairs 

   

Tn/2+2Tn/2+1 Tn

T2T1 Tn/2...

...
Fig. 2. The transfer objects pairs
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can be given by the following:

For considering the global optimization In this algorithm, the environment-related temperature exchange 

was modeled as follows: 

𝑇𝑇𝑖𝑖𝑒𝑒 = (1 − (𝛽𝛽1 + 𝛽𝛽2 × (1 − 𝑡𝑡) × 𝛿𝛿)) × 𝑇𝑇𝑖𝑖′
𝑒𝑒 (21) 

where, 𝛿𝛿 defines a random amount between 0 and 1, 𝑇𝑇𝑖𝑖′
𝑒𝑒 is the former object temperature improved using 

𝑇𝑇𝑖𝑖𝑒𝑒, and 𝛽𝛽1 and 𝛽𝛽2 are respectively the control parameters,. Finally, the new temperature of the object is 

obtained as follows: 

𝑇𝑇𝑖𝑖𝑁𝑁 = 𝑇𝑇𝑖𝑖𝑒𝑒 + (𝑇𝑇𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑖𝑖𝑒𝑒) exp(−𝜁𝜁𝑡𝑡) (22) 

There is also another term, called 𝑃𝑃𝑃𝑃 which states if an element variates during the objects of cooling or 

not. The 𝑃𝑃𝑃𝑃 includes some candidates with 𝑅𝑅(𝑖𝑖) which are random and are distributed between 0 and 1. If 

𝑃𝑃𝑃𝑃 has higher value than the 𝑅𝑅(𝑖𝑖), the 𝑖𝑖𝑡𝑡ℎ competitor’s dimension has been selected randomly and new 

updated temperature can be given by the following: 

𝑇𝑇𝑖𝑖,𝑗𝑗 = 𝑇𝑇j + 𝛿𝛿(𝑇𝑇j − 𝑇𝑇𝑗𝑗) exp(−ζ𝑡𝑡) (23) 

where, 𝑇𝑇𝑖𝑖,𝑗𝑗 describes the 𝑗𝑗𝑡𝑡ℎ variable of the 𝑖𝑖𝑡𝑡ℎ individual, and 𝑇𝑇𝑗𝑗 and 𝑇𝑇j describe respectively the minimum 

and the upper boundaries of the variable number 𝑗𝑗. The algorithm has been finally stopped while the 

termination condition is met.  

 

3.3.  Chaotic TEO 

However, the TEO algorithm gives a suitable velocity for problems solving, it has still the probability of 

trapping in the local optima, especially when using to solve complicated nonlinear problems of 

optimization. To resolve it, in the present research, a new 1-D TEO optimizer based on chaos mapping has 

been presented. Chaotic procedure is the nonlinear performance of many of the real-life elements. This 

phenomenon has a nonlinear dynamic and provides proper statistical achievements for generating pseudo-

random numbers. This encourages many researchers to utilize it in their work. In this study, a logistic map 

is employed for the temperature updating function. This mechanism is performed to updated 𝜃𝜃 in initializing 

step, i.e., 

𝜃𝜃𝑘𝑘+1𝑁𝑁𝑒𝑒𝑁𝑁 = 𝜃𝜃𝑘𝑘𝑁𝑁𝑒𝑒𝑁𝑁 + 𝛼𝛼𝑖𝑖 × 𝜃𝜃𝑘𝑘+1𝑁𝑁𝑒𝑒𝑁𝑁 (24) 

where, 𝛼𝛼𝑖𝑖 describes the value of the 𝑖𝑖𝑡𝑡ℎ chaos iteration and the first amount 𝛼𝛼1 defines a randomly amount 

in the range [0, 1].  

𝛼𝛼𝑘𝑘+1 = 4𝛼𝛼𝑘𝑘 × (1 − 𝛼𝛼𝑘𝑘) (25) 

 

 
(23)

where, ,i jT  describes the thj  variable of the thi  
individual, and jT  and jT  describe respectively the 
minimum and the upper boundaries of the variable 
number j . The algorithm has been finally stopped 
while the termination condition is met. 

3.3. Chaotic TEO
However, the TEO algorithm gives a suitable 

velocity for problems solving, it has still the 
probability of trapping in the local optima, especially 
when using to solve complicated nonlinear 
problems of optimization. To resolve it, in the 
present research, a new 1-D TEO optimizer based 
on chaos mapping has been presented. Chaotic 
procedure is the nonlinear performance of many 
of the real-life elements. This phenomenon has a 
nonlinear dynamic and provides proper statistical 
achievements for generating pseudo-random 
numbers. This encourages many researchers to 
utilize it in their work. In this study, a logistic map 
is employed for the temperature updating function. 
This mechanism is performed to updated θ  in 
initializing step, i.e.,

1 1
New New New
k k i kθ θ α θ+ += + ×  (24)

where, iα  describes the value of the thi  
chaos iteration and the first amount 1α  defines a 
randomly amount in the range [0, 1]. 

( )1 4 1k k kα α α+ = × −
 

(25)

Accomplishing Lévy flight (LF)is the other 
mechanism to modify the algorithm in terms 
of premature convergence, which is a popular 
methodology to improve different metaheuristics 
[17]. The LF applies a randomly movement to 

improve the exploitation, which is formulated as 
following equation:

( ) 11/  Le w w τ+≈
 

(26)

/w A Bτ=
 

(27)

 
Fig. 3. The profile of logistic map 

Accomplishing Lévy flight (LF)is the other mechanism to modify the algorithm in terms of premature 

convergence, which is a popular methodology to improve different metaheuristics [17]. The LF applies a 

randomly movement to improve the exploitation, which is formulated as following equation: 

𝐿𝐿𝐿𝐿(𝑤𝑤) ≈ 1/𝑤𝑤1+𝜏𝜏  (26) 

𝑤𝑤 = 𝐴𝐴/√|𝐵𝐵|𝜏𝜏  (27) 

𝜎𝜎2 = { Γ(1 + 𝜏𝜏)
𝜏𝜏Γ((1 + 𝜏𝜏)/2) × sin (𝜋𝜋𝜏𝜏/2)

2(1+𝜏𝜏)/2 }
2
𝜏𝜏
 

(28) 

where, w describes the step size, 𝜏𝜏 states the LF index between 0 and 2 (here, 𝜏𝜏 = 1.5 [18]), 𝐴𝐴,𝐵𝐵~𝑁𝑁(0,𝜎𝜎2), 
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- Fruit fly Optimizer (FOA) [20]
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independently for 30 times to obtain a consistent 
and proper results. Table 3 indicates the analyzed 
test functions and their limitations in this study.

Also, Fig. (4) depicts the 3D form of the studied 
functions for more clarification.

The algorithms have been compared with using 
mean amount (mean), lowest (min) amount, highest 
(Max) amount, and the standard deviation (std) 
amount. Table 4 reports the results of comparison 
of the proposed CTEO optimizer against the rest 
analyzed latest optimizers which are accomplished 
to the analyzed four aforementioned test functions.

From in Table 4, the proposed CTEO optimizer 
suggests the optimum minimum amounts for the 
evaluated test functions for min amount, mean 
amount, and the max amount. This designates 
that the proposed CTEO optimizer provides 
better accuracy to find the optimum amount of 
the investigated function than the comparative 
techniques. Moreover, the lesser amount of the std 
indicates the better consistency of the suggested 
IRFIO optimizer to find the optimal solution. in 
addition to the above analysis, we performed a 
convergence analysis to the above case studies and 

the results are shown in Fig. (5).
From Fig. (5), the suggested CTEO optimizer 

gives the fastest convergence results along with 
precision that indicates its capability to avoid from 
the premature convergence. 

4. THE Ε-CONSTRAINT TECHNIQUE
There are various methods for solving multi-

objective mathematical programming problems, 
which are divided into three categories: deductive, 
interactive and creative methods. The interactive 
method converges to the preferred solution in 
several iterations using computational methods 
and decision makers’ opinions. In creative methods, 
efficient solution to problems is produced and the 
decision-maker selects the desired solution from 
the created solutions. In this paper, the widely-used 
ε-constraint method has been applied for solving 
the problem of multiple-criteria problem. in this 
technique, all functions with one exception were 
turned as target level constraints where the best 
solution is obtained by changing them. To this end, 
assume a multi-objective problem such that:

Table 2. The parameter set of the analyzed Optimizers. 
 

Algorithm Parameter Value Algorithm Parameter Value 

TEO [10] 𝑐𝑐� 0 LOA Prides Number  5 
𝑐𝑐� 1 Nomad lions 

 Percent 
0.3 

𝑝𝑝𝑝𝑝𝑝𝑝 0.3 
𝑇𝑇𝑇𝑇 28.5 Percent of Roaming  0.4 

COA Step size control variable 0.1 Mutate probability 0.1 
𝛽𝛽 2 Sex rate 0.85 

FOA View 0.3 Mating probability 0.4 
Predation attempts 12 Immigrate rate 0.5 

 
  

Table 2. The parameter set of the analyzed Optimizers.

Table 3. The analyzed benchmark functions and their limitations in this study 
 

Function  Equation limitation 

Sphere  
 𝑓𝑓��𝜋𝜋� ��𝜋𝜋��

�

���
 [−5.12, 5.12] 

Rastrigin  
 𝑓𝑓��𝜋𝜋� ���𝜋𝜋�� � 1� ����2𝜋𝜋𝜋𝜋�� � 1��

�

���
 [−1.28, 1.28] 

Ackley  
 𝑓𝑓��𝜋𝜋� � �2� ���

⎝
⎛���2�1𝐷𝐷�𝜋𝜋��

�

��� ⎠
⎞ � ����1𝐷𝐷�����2𝜋𝜋𝜋𝜋��

�

���
� � 2� � �����1� [−32, 32] 

Rosenbrock  
 𝑓𝑓��𝜋𝜋� � � �1�� � �𝜋𝜋��� � 𝜋𝜋���� � �𝜋𝜋� � 1���

���

���
 [−10, 10] 

 
  

Table 3. The analyzed benchmark functions and their limitations in this study



R. Simoes

Journal of Smart Systems and Stable Energy, 1(2): 147-165 Spring 2022 155

 
(a) (b) 

 
(c) (d) 

Fig. 4. The 3D form of the studied functions for more clarification: a)  
𝑓𝑓�, b) 𝑓𝑓�, c) 𝑓𝑓�, d) 𝑓𝑓� 

   
Table 4. The results of comparison of the suggested CTEO optimizer than the rest analyzed optimizers 

 
Algorithm  𝑓𝑓� 𝑓𝑓� 𝑓𝑓� 𝑓𝑓� 

LOA [19] Min 13.28 7.14e-4 2.19e-3 2.45 
Max 4.20e3 52.16 6.27e4 5.97 

Mean 9.35e3 410.19 2.49e4 3.86 
std 2.43e4 105.37 3.49e4 1.76 

COA [21] Min 10.17 0.03 2.53e-3 2.94 
Max 482.22e2 1.51 4.09e-2 47.28 

Mean 15.46 1.47 5.39e-3 11.59 
std 10.43 0.04 4.94e-2 4.17 

FOA [20] Min 3.49 4.15e-5 3.94e-4 1.42 
Max 4.94e2 5.19e-3 3.42e-3 3.26 

Mean 59.28 4.19e-3 6.19e-3 2.38 
std 108.63 3.94e-3 4.26e-5 1.14 

TEO [16] Min 0.85 8.29e-20 5.39e-13 2.86e-3 
Max 19.53 3.18e-18 2.49e-11 2.49 

Mean 13.25 6.29e-19 4.25e-12 0.08 
std 3.49 1.46e-20 9.59e-13 0.34 

CTEO Min 0.0067 3.86e-23 4.67e-15 7.08e-7 
Max 4.02 1.49e-22 4.47e-12 5.34e-3 

Mean 2.08 8.19e-23 1.29e-13 4.91e-5 
std 1.86 1.67e-22 3.94e-13 9.23e-6 

 
  

Fig. 4. The 3D form of the studied functions for more clarification: a) 1f , b) 2f , c) 3f , d) 4f

Table 4. The results of comparison of the suggested CTEO optimizer than the rest analyzed optimizers
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( )  iMin f z
 

(30)
1, 2, ,i n= …

where, z  signifies the optimization parameters, 
n  represents the number of objective functions, 
and if  describe the objective functions. With 
considering *z as optimal solution, we have always 
( ) ( )*

i if z f z≤ . This turns Eq. (30) to the following 
equation [22]:

( )  kMin f z
 

(31)

Subject to:

( )i if z ε≤
 

(32)

where, i k≠ , iε  is a bounded limitation.

5. THE OBJECTIVE FUNCTION
The present study utilizes a multi-objective 

function for the optimization. The function is then 
converted to a single-objective optimizer using 
ε-constraint method. The method uses the yearly 
system cost (YSC ) as the objective function and 
the system’s yearly Loss of Load Probability (LLP) 
and the 2  CO emission as the limited constraints. 
The YSC  is defined as below:

& a a a a
c R o m FYSC C C C C= + + +  (33)

where, a
cC  describes the annual capital cost, 

&
a
o mC  represents the annual operation and 

maintenance cost, a
FC  determines the yearly fuel 

cost, and a
RC  defines the annual replacement cost 

and is achieved by the following [23]:

( ),a Bat
R R s ir RC C r tτ= ×

 
(34)

where, Rt  signifies the annual battery 
storage system lifetime, Bat

RC  defines the battery 
replacement cost, and sτ  states the sinking fund 
factor and is obtained by the following equation 
[23]:

( )/ 1 1Rt
s ri rir rτ = + −

 
(35)

where, ir  defines the yearly real interest rate 
and can be obtained as follows:

( ) ( )/ 1ri nr r F F= − +
 

(36)

where, nr  describes the nominal interest and 
F  signifies the yearly inflation ratio. 

The yearly cost of maintenance and operation is 
obtained by the following formula: 

( )1
& & 1a

o m o m riC C r τ= × +
 

(37)

where, 1
&o mC  defines the devices’ initial 

maintenance cost (MC).
The following equation indicates the 

formulation to get the yearly capital cost (CC) of 
the system lifetime while the replacement cost is 
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not considered:

( ), a
c d cR lC C F i t= ×

 
(38)

where, τ  defines the yearly project lifetime, 
dC  describes the capital cost of the devices, and 
cRF  states the capital recovery factor as follows:

( )
( )

1

1 1
ri ri

cR
ri

r r
F

r

τ

τ

× +
=

+ −
 

(39)

The technoeconomic information of the devices 
studied in this study are reported in Table 5.

Such that the generated constraints, i.e., 2CO  
emissions and Loss of load probability (LLP) 
to define the production probability that is not 
acceptable to provide the load demanded at some 
point at a certain duration and is achieved as 
follows [25, 26]:

( ) ( )
1

/
n

l e
t

LLP U t D t
=

=∑
 

(40)

LLPLLP ε≤

where, 8800n = , ( )eD t , and ( )lU t  signify 
electricity demand and unsatisfied load during 
time period t , and LLPε  describes the feasible LLP 
reliability index.

To define the pollutant emission, the generated 
2CO  of the DG is obtained as follows:

( )
2

1

n

CO c E
t

E F t F
=

= ×∑
 

(41)

2CO LLPE ε≤

Table 5. The technoeconomic information of the devices studied in this study [24] 
 

Converter  PV Panel  
Efficiency 96 % Project lifetime 24 years 

Project lifetime 15 years MPPT efficiency 94 
Replacement cost 14500 $ Efficiency 18% 

Initial cost 14500 $ Initial cost 4790 $/𝑘𝑘𝑘𝑘����  
Capacity 24 𝑘𝑘𝑘𝑘 Technology Polycrystalline 

DG  Battery  
Technology VOLVO-GSW Replacement cost 6000 $/𝑘𝑘𝑘𝑘����  
Frequency 50 𝐻𝐻𝐻𝐻 Efficiency 75% 
Initial cost 9000 $ Technology Lithium-ion 

Voltage  390 𝑣𝑣 Project lifetime 12 years 
Nominal power 45 𝑘𝑘𝑘𝑘 Initial cost 13090 $/𝑘𝑘𝑘𝑘����  
Project lifetime 25 years Lifecycle reduction 2 % 

Cost of Fuel  0.12 $/L   
Emission factor 1.85 kg/L   

 
  

where, EF  describes the fuel consumption 
in diesel generator between 2.4 kg/L and 2.8 kg/L 
[25], and LLPε  states the feasible emission level.

The battery storage capacity constraint is as 
follows:

( )Bat Bat Bat
min maxC C t C≤ ≤

 
(42)

Another constraint here is related to the PV 
modules, DG, and batteries that are as follows:

0BatN ≥  (43)

0PVN ≥  (44)

0DG
nP ≥  (45)

And generated energy using elements is limited 
as follows: 

𝐸𝐸𝐶𝐶𝑂𝑂2 = ∑𝐹𝐹𝑐𝑐(𝑡𝑡) × 𝐹𝐹𝐸𝐸
𝑛𝑛

𝑡𝑡=1
 

𝐸𝐸𝐶𝐶𝑂𝑂2 ≤ 𝜀𝜀𝐿𝐿𝐿𝐿𝐿𝐿 

(41) 

where, 𝐹𝐹𝐸𝐸 describes the fuel consumption in diesel generator between 2.4 kg/L and 2.8 kg/L [25], and 𝜀𝜀𝐿𝐿𝐿𝐿𝐿𝐿 

states the feasible emission level. 

The battery storage capacity constraint is as follows: 

 𝐶𝐶𝑚𝑚𝑚𝑚𝑛𝑛
𝐵𝐵𝐵𝐵𝑡𝑡 ≤ 𝐶𝐶𝐵𝐵𝐵𝐵𝑡𝑡(𝑡𝑡) ≤ 𝐶𝐶𝑚𝑚𝐵𝐵𝑚𝑚

𝐵𝐵𝐵𝐵𝑡𝑡  (42) 

Another constraint here is related to the PV modules, DG, and batteries that are as follows: 

𝑁𝑁𝐵𝐵𝐵𝐵𝑡𝑡 ≥ 0 (43) 

𝑁𝑁𝐿𝐿𝑃𝑃 ≥ 0 (44) 

𝑃𝑃𝑛𝑛𝐷𝐷𝐷𝐷 ≥ 0 (45) 

And generated energy using elements is limited as follows:  

𝐸𝐸𝑗𝑗(𝑡𝑡) ≤ 𝑃𝑃𝑗𝑗Δ𝑡𝑡 (49) 

where, Δ𝑡𝑡 defines the time range, i.e., Δ𝑡𝑡 = 1ℎ. 

 

6. Optimization Strategy 

The major target here is to perform a multi-objective optimization strategy with considering the LPP, the 

overall 𝐶𝐶𝑂𝑂2 emissions produced by the DG, and the system total cost. To provide a simpler strategy, ε-

constraint technique has been utilized to turn the multiple-criteria function into a constrained single-

objective problem of optimization, which is then solved by a new improved metaheuristic, called Chaotic 

Thermal Exchange Optimizer. The optimization variables in this study include the rated capacity of DG 

(𝑁𝑁𝐵𝐵𝐵𝐵𝑡𝑡), the PV panels size (𝑃𝑃𝐷𝐷𝐷𝐷), and the size of battery storage (𝑁𝑁𝐿𝐿𝑃𝑃) while each of these variables 

introduce a different construction. Fig. (6) shows the block diagram of the suggested methodology. 
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𝑁𝑁𝐵𝐵𝐵𝐵𝑡𝑡 ≥ 0 (43) 

𝑁𝑁𝐿𝐿𝑃𝑃 ≥ 0 (44) 

𝑃𝑃𝑛𝑛𝐷𝐷𝐷𝐷 ≥ 0 (45) 

And generated energy using elements is limited as follows:  

𝐸𝐸𝑗𝑗(𝑡𝑡) ≤ 𝑃𝑃𝑗𝑗Δ𝑡𝑡 (49) 

where, Δ𝑡𝑡 defines the time range, i.e., Δ𝑡𝑡 = 1ℎ. 
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objective problem of optimization, which is then solved by a new improved metaheuristic, called Chaotic 

Thermal Exchange Optimizer. The optimization variables in this study include the rated capacity of DG 
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6. OPTIMIZATION STRATEGY
The major target here is to perform a multi-

objective optimization strategy with considering 
the LPP, the overall 2CO  emissions produced by the 
DG, and the system total cost. To provide a simpler 
strategy, ε-constraint technique has been utilized to 
turn the multiple-criteria function into a constrained 
single-objective problem of optimization, which 
is then solved by a new improved metaheuristic, 
called Chaotic Thermal Exchange Optimizer. The 

Table 5. The technoeconomic information of the devices studied in this study [24]
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optimization variables in this study include the 
rated capacity of DG ( BatN ), the PV panels size 
( DGP ), and the size of battery storage ( PVN ) 
while each of these variables introduce a different 
construction. Fig. (6) shows the block diagram of 
the suggested methodology.

7. RESULTS AND DISCUSSIONS
The suggested approach is accomplished on 

a case study in Changsha, China to verify its 
efficiency. Simulation results are established under 
MATLAB R2019b environment in Intel Core i7 
PC with 1.70 GHz and turbo boost up to 2.40 GHz 
and 16 GB of RAM. The experimentations have 
been considered by the annual simulation under a 
determined load.

7.5. Case study
In this study, we considered a case study in 

Changsha, China. Changsha is the capital and most 
populous city of Hunan Province in the People’s 
Republic of China’s south-central region. This city 
with This city 11,819 km2 is bordered on the north 
by Yueyang and Yiyang, on the west by Loudi, on 
the south by Xiangtan and Zhuzhou, and on the 
east by Yichun and Pingxiang of Jiangxi province 
with location: 28°13′41″N 112°56′20″E. With an 
average annual air temperature of 16.8°C to 17.3 

°C and annual rainfall of 1,358.6mm to 1,552.5 
mm, it has a monsoonal humid subtropical climate 
(53.49in to 61.12 in). Fig. (7) shows the Google 
map of the studied region.

For providing the meteorological data, we 
used NASA’s database. The load data is collected 
from a number of households without power. 
The system analysis has been established on a 
hybrid DG/PV/BESS. To analyze the effect of each 
element, sensitivity analysis was established. The 
achievements of the proposed technique are then 
put in comparison with two different methods, 
including HOMER, and PSO algorithm from the 
literature to indicate its dominance.

The load profile for the analyzed case study 
in Changsha includes conventional electrical 
devices, like Fluorescent-based lighting, TV, 
refrigerator, and air conditioner. We analyzed 
winter and summer seasons for a 1-hour duration. 
Fig. (8) depicts the load profile of the investigated 
region.

Figure shows the global horizontal radiation, 
monthly averages values and air-temperature 
monthly averages amounts over 22-year duration 
(1996-2018). From Fig. (8), the highest and the 
lowest system demand equal respectively 5.7 kW 
and 1.2 kW for winter, and 4.5 kW and 1.5 kW for 
summer. 
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7.6. Methodology
Table 2 states the parameter set for the proposed 

CTEO. The size of population and iterations’ 
number are considered 120 and 200, respectively. 
Every single population contains a 3 × 1, so the 
total population is a 3 × 120 matrix. The feasible 
range value of the PV panels is [5, 110], feasible 
range value of the DG’s capacities is [2 kW, 5 kW], 
and the feasible range value of the battery cells is 
[5, 55]. As mentioned before, the main purpose is 
to optimal selection some parameters to lessen the 
YSC  subject to system LLP and CO2 emissions 
as constraints in the feasible levels ( LLPε , 

2COε ). 
Table 6 reports the economical results.

It can be observed from Table 6 that, the 
overall YSC for the optimum system is 7883 $. 
Furthermore, an optimum amount of 3963.7 $ for 
battery storage, 763.5 $ for the converter, 407.2 $ 
for diesel generator, and 2748.6 $ for PV generator 
are achieved. Fig. (9) and Fig. (10) show the results 
of simulation for intra-hourly power fluctuation for 
winter and summer.

Here, the PV is first utilized to provide the 
required load demanded. When the needed 

demanded has not been supplied by the PV, the 
battery storage system will be added to the system. 
At last, in the event that the two suppliers don’t 
provide enough electricity, the DG will be added to 
the system. Fig. (11) shows the monthly electricity 
production variations for the PV system, the BESS, 
and the DG.

As can be observed from Fig. (11), there is a 
direct relation in the generated electricity between 
the PV and the BESS and an inverse relation 
between the PV and the DG system. As can be seen, 
March and October provide the maximum storage 
to the system.

7.7. Sensitivity evaluation 
To analyze the consistency of the investigated 

structure with various requirements, the sensitivity 
evaluation of the LLPε , 

2COε , and the load 
consumption has been studied. The first analysis 
is done under variations of the LLPε . Fig. (12) 
indicates the results of this analysis. 

Based on Table 7, the battery storage system 
has the highest impact on the system. Here, by 
increasing the value of the LLPε  from 0% to 2%, 

Table 6. The economical setting of the simulation  
 

 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶����� 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶���� ��� 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶����� 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶����� ACS��� 
Converter 407.5 179.2 176.8 0 763.5 

Battery bank 1495.5 756.9 1711.3 0 3963.7 

PV subsystem 2649.5 99.1 0 0 2748.6 

Diesel generator 205.9 90.3 0 111 407.2 

Total 4758.4 1125.5 1888.1 111 7883 

 
  

Table 6. The economical setting of the simulation

 
Fig. 8. The load curve of the investigated region 
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the value of this variable reduces from 22 kWh to 
17 kWh. 

The other case for analysis is to analyze the 
sensitivity of the system based on 

2COε variations. 
Fig. (13) reports the impact of this variable on the 
battery, DG, and the PV. 

As can be observed from Fig. (13), the variable 

2COε  has a high effect on the BESS size such that 
size of it is decreased from 46 kWh to 24.2 kWh by 
increasing the variable 

2COε .
Also, by considering a load capacity variation 

from 1 kWh/day to 40 kWh/day, by assuming the 

 
Fig. 9. The results of simulation for intra-hourly power fluctuation for winter  
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rest variables constant, the sensitivity analysis for 
the load will be achieved. Table 7 reports this case.

As can be observed from Table 9 that the LLP 
dependency has been improved from 0% to 6.73% 
and the emissions of 2CO  growths from 2415.6 
kg/yr to 1442.6 kg/yr. The COE decreases from 
0.32 $/kWh to 0.21 $/kWh over the PV penetration 
decreasing from 92.37% to 59.34%. The DG 
increases the ACS from 8356.5 $ to 9192.3 $ by 
increasing the fuel consumption. By a glance to the 
total results, it can be concluded that the fuel has 
high effect on the system. The system economic 

Fig. 9. The results of simulation for intra-hourly power fluctuation for winter

 
Fig. 10. The results of simulation of intra-hourly power fluctuation at a defined duration for summer 
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Fig. 11. The energy production variations for the PV, the DG, and the storage capacity system 
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Fig. 12. The sensitivity evaluation of the 𝜀𝜀��� 
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Fig. 12. The sensitivity evaluation of the LLPε
Table 7. The sensitivity evaluation of the load use 

 

The surplus 
load (kWh/day) 

Co2 
(kg/year) 

COE 
($/kWh) 

PV 
penetration 

(%) 

LLP 
(%) 

ACS 
(US$) 

1 2415.6 0.32 92.37 0 8356.5 
2 2934.4 0.31 91.17 0 8391.2 
3 3358.1 0.31 90.37 0 8444.3 
4 38.59.4 0.30 89.28 0 8523.6 
5 4127.2 0.30 88.67 0 8604.3 
6 4583.5 0.30 87.41 0 8614.2 
7 4913.1 0.29 85.39 0 8701.0 

12 6208.7 0.28 83.14 0 8724.3 
15 7019.2 0.27 79.21 0 8792.6 
20 8373.4 0.25 74.08 0.75 8884.2 
25 9636.6 0.23 70.11 2.19 9007.7 
30 10287.1 0.23 66.27 3.15 9064.5 
35 1297.4 0.23 61.34 7.29 9114.4 
40 1442.6 0.21 59.34 6.73 9192.3 

 
  

Table 7. The sensitivity evaluation of the load use
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achievements are shown in Table 8. 
As can be seen, the first CC of the system is 

47160 $ which is lower than the NPC. Here, the PV 
with 43.28 % includes the maximum system cost. 
To provide a better analysis, the achievements of 
the suggested technique were put in comparison 
with two state of the art methods, including PSO-
based technique [24] and another work based on 

HOMER software and the achievements have been 
reported in Table 9.

It is clear that the suggested technique gives 
the maximum renewable penetration. Also, the 
emission of the CO2 in the proposed method with 
1543 kg/year has the minimum emission value that 
shows its higher clean energy toward the other 
compared methods. 

Table 8. The economic achievements of the system 
 

NPCs       
Element Replacement ($) Capital ($) Fuel ($) O&M ($) Salvage ($) Total ($) 

PV 0 25125 0 2400 0 27525 
Generator 1 0 1800 1154 1910 -230 4634 

Hoppecke 10 OPzS 1500 9620 16250 0 1245 -1210 25905 
Converter 1485 3985 0 420 -355 5535 

System 11105 47160 1154 5975 -1795 63599 
 
  

 
 

Fig. 13. The impact of 𝜀𝜀��� on the PV, battery, and the DG 
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Fig. 13. The impact of 2COε  on the PV, battery, and the DG

Table 8. The economic achievements of the system

Table 9. The comparison results of the methods  
 

Parameter Algorithm 
Proposed method PSO [24] HOMER 

PV production (kWh/yr) 23105 21839 20832 
Input Energy for the batteries (kWh/yr) 8567 9378 9649 

Fuel consumption (L/yr) 719 684 709 
Output Energy for the batteries (kWh/yr) 9617 9570 8380 

Co2 emissions (kg/yr) 1543 1750 2000 
DG production (kWh/yr) 500 1311 1990 

Total production (kWh/yr) 44051 44532 43560 
 

Table 9. The comparison results of the methods
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8. CONCLUSIONS
The long distance of remote areas like villages 

and small towns from the grid, makes a big issue in 
supplying their electricity. This lack of electricity is 
usually supplied using the diesel generator (DG). 
In addition to the pollution emission by this device, 
it is also too expensive. This research proposed a 
new optimum hybrid battery/PV/DG structure to 
supply the required power demanded in remote 
areas. The proposed technique has been then 
established to a studied case in Changsha, China. 
The study considers three objective functions 
which are the CO2 emissions amount, the loss 
of load probability, and the annualized system 
cost. For simplifying the proposed multiple-
criteria function, ε-constraint technique has been 
employed. For solving the optimizing problem, 
a new modified bio-inspired algorithm, Chaotic 
Thermal Exchange Optimization algorithm was 
utilized. Simulation results showed that the battery 
storage system provides the highest impact on the 
system, such that by increasing the value of the 

LLPε  from 0% to 2%, the value of this variable 
decreases from 22 kWh to 17 kWh. Also, the 
results showed that variable 

2COε  provided higher 
effect on the battery energy storage system size 
such that its size is decreased from 46 kWh to 
24.2 kWh by increasing the variable 

2COε . With 
considering a load capacity variation from 1 kWh/
day to 40 kWh/day and assuming the rest variables 
as constant, the sensitivity analysis for the load will 
be achieved. The results were put in comparison 
with two latest techniques, HOMER software and 
PSO-based optimum system to specify the higher 
efficiency of the proposed techniques. However, 
ε-constraint method can simplify the method’s 
complexity it reduced the model accuracy. In the 
side, the traditional multi-objective optimization 
methods have high complexity for solving the 
problem. Thus, we will try to perform on a different 
technique in the future work to have the advantage 
of both methods with a proper trade-off between 
them. 
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