
Journal of Smart Systems and Stable Energy, 1(3): 226-242 Summer 2022

RESEARCH ARTICLE

Improved Student Psychology Based Optimization Algorithm for 
Optimizing a Hybrid PV-Diesel-Battery system for a Remote Region 
located in China
Zumrat Druzhinin

Tajik Technical University, Tajikistan

Received: 2022-02-05                       Accepted: 2022-05-09                         Published: 2022-07-01

ABSTRACT
A new optimal hybrid solar/diesel/battery system was suggested in this paper for covering the load 
demand in a rural area in Taklamakan Desert located in China. The major idea is to design a new improved 
version of the Student Psychology Based Optimization Algorithm for minimizing the load probability loss, 
the annualized system expense, and the value of the CO2 release. The study also used the ε-constraint 
method to make a single objective problem from the multi-objective problem. The final results are 
compared with two other methods from the literature to indicate the higher capability of the method. 
The study also applied sensitivity analysis on the 2COε , LLPε , and the load consumption to show proper 
results of the system against different variations.
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1. INTRODUCTION
Worldwide environment-related issues and the 

growing need to use energy, along with sustainable 
advances in sustainable energy technologies, 
are generating novel templates for the general 
application of sustainable energy origins (Cao, Li, 
et al. 2019; Cao, Wu, et al. 2019; do Nascimento 
et al. 2019). In particular, improvements in wind 
energy and fuel cell technologies have incremented 
the utilization of these energy sources to generate 
electricity separately from the off-grid and the 
grid joint networks (Aghajani and Ghadimi 2018; 
Akbary et al. 2019). The contribution of the fossil 
energy sources among other energy sources for 
electricity generation in centralized systems is 
very significant; for instance, large production 

units, being away from the consumers, and high 
environmental pollution are some most important 
features of the conventional systems (Fan et al. 
2020; Fei, Xuejun, and Razmjooy 2019). The energy 
crisis of 1973 led to more and more people to the 
importance and usefulness of using renewable 
energy for electricity generation. Technologies 
based on renewable energy sources are growing 
more and more every day (Hamian et al. 2018; 
Hosseini Firouz and Ghadimi 2016). In most cases, 
these resources can be used separately from the 
network in remote areas (Alizadeh et al. 2016). 
Using only one energy source gives a system with 
variable output production, and this reduces the 
reliability of the production system significantly 
(Gong and razmjooy 2020; Guo et al. 2020). It 
may increment the validity of the production 
system and make the electrical energy output 

http://creativecommons.org/licenses/by/4.0/.
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independent from the time (Leng et al. 2018). The 
hybrid technology systems combine various energy 
resources like diesel generators and renewable 
energies and may be also battery storage systems 
(Gollou and Ghadimi 2017). This kind of hybrid 
application of renewable energy generators is 
called Hybrid sustainable Energy System (HSES). 
The HSES decreases the environment-related 
power produced variation along with decreasing 
the environmental pollution. Several methods for 
optimizing the HSES (Mir et al. 2020). For instance, 
by three different algorithms, Zhang et al. (Zhang et 
al. 2019) proposed an optimized HSES for optimum 
measuring of an independent hybrid wind and solar 
energy system. The main idea was to application of 
Harmony Search (HS) method for this purpose. 
The weather forecasting was employed to develop 
the size accuracy of the system. Artificial neural 
network was used to forecast ambient temperature, 
solar radiation, and wind velocity. The idea was also 
to achieve the minimum value for the overall life 
cycle costing to measure the HSES practicability 
for system reliability. The final results indicated the 
preponderance of using optimization algorithm 
with data of weather forecasting for the HSES.

A techno-economic analysis  of an off-grid 
solar photovoltaic fuel cell (PV/FC) combinatorial 
system is proposed by Samy et al. (Samy, Barakat, 
and Ramadan 2019). The proposed HSES was 
examined to provide the electricity of a remote city 
region of Egypt. The main idea is the minimization 
of the overall yearly expense (OYE). For optimizing 
the function, the Flower Pollination Algorithm 
(FPA) was adopted that was based on evaluating the 
best number of the fuel cell/ hydrogen/ electrolyser 
storage tanks and PV panels. The sensitivity 
analysis of the loss of power supply probability 
(LPSP) was studied. A comparison of the results of 
the FPA with the Artificial Bee Colony (ABC) and 
Particle Swarm Optimization (PSO) algorithms 
is carried out. The outcomes represented that the 
FPA Algorithm presented good rendering and less 
fulfillment time compared with others.

Mayer et al. (Mayer, Szilágyi, and Gróf 2020) 
provided a multi-objective configuration for 
a household system based on HSES including 
battery, solar heat collector, heat pump, solar 
photovoltaic, heat storage, and wind turbine. The 
backup power was provided by the diesel generator 
(DG) or grid for in off-grid and grid-connected 
outlines, respectively. The paper first used a 
Genetic Algorithm (GA)-based single objective 

optimization to achieve the lowest environment-
related footprint alternatives in three various case 
study positions over Europe. Afterward, Pareto-
optimum solutions of the two boundaries have 
been performed using a GA-based multiple-criteria 
optimization. Single objective outcomes represent 
significant variations of environment-related and 
economic-related optima, when multiple-criteria 
optimization verified to be an effective instrument 
to assess the trade-offs of the two opposing 
objectives. Final results showed that both single- 
and multiple-criteria optimization methods have 
their pros and cons. Also, installation of PV is the 
lowest-priced way to reduce the environment-
related pollutions.

Sandeep et al. (Sandeep and Nandihalli 2020) 
proposed another optimal method for sizing 
HSES based on bio-inspired algorithms. they 
used Social Spider Optimization (SSO) for this 
purpose. This algorithm was used for power 
demand compensation. Afterward, a comparison 
of the effectiveness of the SSO algorithm with 
some different optimization algorithms from the 
literature is carried out to show its superiority 
toward them. Simulation results indicated that 
comparing the other multiple-optimization 
algorithms, the suggested SSO algorithm had the 
optimum outcomes in opposition.

Murugaperumal et al. (Murugaperumal, 
Srinivasn, and Prasad 2020) analyzed an HSES 
techno-economic features in a remote rural region 
located in India. The HSES contained a bio/ PV / 
wind generator system. The load forecasting of the 
system was then performed and optimized based 
on HOMER software and then analyzed in terms of 
technical and economic features. The operational 
performance of the HSES was then analyzed with 
three various policies. Final outcomes showed that 
by means of the proposed policy, a reliable and 
cost-effective electricity alternative can be provided 
to the network.

As it is clear, different types of optimization 
algorithms have been applied to the HSES. However, 
due to high complexity of these types of problems, 
metaheuristics are selected as the best selection for 
this purpose. Also, multi-objective optimization 
problems usually increase the complexity of the 
problem that can be concluded from each of the 
methods in the literature. Two main problems 
of the conventional metaheuristics for HSES 
systems are their multi-objective complexity and 
also, their shortcoming in getting stuck in a local 
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minimum point in some problems. In this paper, 
to resolve these shortcomings for solving a hybrid 
Battery / Diesel / Solar power System, A modified 
version of Student Psychology Based Optimization 
Algorithm (SPBOA) is designed and a method is 
applied for simplifying the multi-criteria function 
to the single-objective optimizer. To analyses the 
effectiveness of the method, it is utilized to a rural 
case study located in Awati county, Taklamakan 
Desert, China. Finally, sensitivity assessment is 
performed to evaluate the impact of different 
parameters in the studied HSES and a comparison 
of the outcomes with some various methods were 
carried out.

2. THE GENERAL OVERVIEW OF THE 
PROBLEM
Case study

The main idea is to introduce a new solution for 
a hybrid Battery / Diesel / Solar power System for a 
rural region in Awati county of China. The method 
is according to optimizing the configuration of the 
system by a novel enhanced design of the Student 
Psychology Based Optimizer. After optimization, 
the method is also compared with some different 
methods to show its effectiveness (Namadchian, 
Ramezani, and Razmjooy 2016). The proposed 
configuration can be also utilized for the other case 
studies with similar weather. National Renewable 
Energy Lab (NREL) and NASA databases have been 
selected as the meteorological data for providing 
the power of a collection of some powerless homes 
for an area in Awati county close to the Taklamakan 
Desert. Taklamakan Desert is placed in south-
west Xinjiang in North-west China. This desert is 

limited by the Pamir Mounts, Tian Shan (ancient 
Mount Imeon), and the Kunlun Mountains. The 
Taklamakan Desert with an area equal to 337,000 

2km  is the number two biggest shifting sand desert 
of world with almost 85% created of sand shifting 
classification 16th  in extent in a classification of the 
biggest deserts of world. The extreme temperatures 
for this desert are reported in winter, sometimes 
less than −20 °C, when they may increase to 40 °C 
in summer. Fig. (1) represents the Google map of 
this region (Fu 2017).

2.1.  The Hybrid System’s Analytical Modeling 
In this subsection, the main configuration of 

the studied HSES and its mathematical model 
has been provided. The main energy flow system 
arrangement is depicted in Fig. (2). The main 
system contains a diesel generator, a PV array with 
battery storage system and some auxiliaries. The 
task of the PV system is to absorb the sun radiation 
and convert it to the electrical energy for providing 
the required load demand (LD). While the amount 
of generated electricity with PV system is greater 
toward the LD, the extra electrical energy can be 
supplied in the battery storage system

Accordingly, while the amount of the generated 
electricity by the PV panels is less than the value of 
the LD, the deficiency will be compensated y the 
help of battery storage as the initial backup system. 
Furthermore, if these two suppliers couldn’t 
provide enough electricity for the LD, the DG as the 
secondary supporter system enters to the system to 
provide enough energy. The following subsection 
defines the mathematical model each component 
of the studied system.

  
Fig.1. Awati county area (Fu 2017) 

  

Fig. 1. Awati county area (Fu 2017)
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2.1.1. The PV system
Based on (Dufo-López, Cristóbal-Monreal, 

and Yusta 2016), the highest value of Power Point 
Tracking (PPT) produced for the PV panel system (

pv
oP ) is obtained by the following:

 ( ) ( )

( )( )

21 /

1 25
100

s pv dpv
o

pv

P Irr t F
P t

kWh m

T tα

× ×
=

 × + −  

   (1)

where, α  represents the power temperature 
coefficient (℃ ), sP  signifies the produced 
electrical energy in standard  test conditions (STC), 

( )pvIrr t  describes the irradiation through the PV 
panels’ tilt surface,  dF signifies the determinant of 
dirt losses and is set 0.9 here, and ( )pvT t  determines 
the PV cell temperature as follows:

 ( ) ( ) ( )
21 /

20
0.8

pv
pv amb

NOC

Irr t
T t T t

kWh m
T

= +

− ×  

    (2)

where, NOCT  describe the cell’s nominal 
performance temperature and ( )ambT t  signifies the 
ambient temperature.

2.1.2. The inverter
The transmitted produced electrical energy for 

the inverter to deliver the electrical energy for the 
LD is given below:

/inv hD
invP P η=     (3)

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

2.1.3. The diesel generator
The following equation is employed for obtaining 
the value of the consumed fuel by the DG(DG) 
(Dufo-Lopez and Bernal-Agustín 2008):
 

DG DG DG DG
DG o nCf P Pβ α= × + ×     (4)

where, DGα  and DGβ  determine the usage curve 
coefficients ( /L kWh ) and DG

nP  and DG
oP  signifies 

the DG nominal and the produced electrical 
energy. Accordingly, the efficiency of the DG can 
be considered by the following equation:
 

DG
o

DG
DG f

P
Cf LHV

η =
×

    (5)

where, 
fLHV  defines the heating value of fuel 

consumption. 

2.1.4. The battery storage
The output current for the battery has a direct 

relation with the produced electrical energy of the 
control policy, the sustainable generators and the 
SOC [35]. A significant policy for improving the 
effectiveness of the production system is to employ 
battery charging and discharging management with 
highest amount electrical energy of photovoltaic 
array [36]. The following equation is used for 
determining the energy absorption and generation 

 
Fig.2. The schematic of the modelled HSES 
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Fig. 2. The schematic of the modelled HSES



230

Z. Druzhinin

Journal of Smart Systems and Stable Energy, 1(3): 226-242 Summer 2022

of the battery system in the time interval 1t −  to t :

 ( ) ( ) ( )

( ) ( )
1 1Bat Bat

a a

Load
opv

o bat
in

P t P t

P t
P t

σ

η
η

= × − × −

 
+ − ×  
 

    (6)

Such that, in charging mode,

 
( ) ( ) ( )0  1  max

Load
i Batpv Bat

o a a
in

P t
P t and P t P

η
− > − <     (7)

And in discharging mode,
 

( ) ( ) ( )0  1  min

Load
i Batpv Bat

o a a
in

P t
P t and P t P

η
− −     (8)

where, ( )Load
iP t  describes the LD at time t , σ  

signifies the rate of self-discharge for the battery 
storage, batη  defines the storage efficiency for 
the batteries and inη  represents the efficiency of 
the inverter, ( )Bat

aP t  and ( ) 1Bat
aP t −  represent the 

power feasibility for the battery storage at hour t  
and the previous hour, ( 1t − ), respectively. 

To develop the battery storage lifespan, the rate 
of the highest value charging ( maxSOC ) is assumed 
as the bigger bound with overall nominal volume 
amount as the following formula (Sobu and Wu 2012):
 

max Bat Bat
aSOC N P= ×   (9)

And the minimum allowable bound of the state 
of charge ( minSOC ) is as follows (Sobu and Wu 
2012):
 

( )1min Bat Bat max
aSOC N P DoD= × × −     (10)

where, maxDoD  represents the maximum 
percentage of discharging depth. It is important to 
note that the battery maximum lifespan is made 
for the DOD of 30% to 50%. Table 1 indicates the 
system’s utilized variables (Dufo-Lopez and Bernal-
Agustín 2008).

3. IMPROVED STUDENT PSYCHOLOGY 
BASED OPTIMIZATION ALGORITHM
3.1. The algorithm inspiration

Generally during the competition among the 
students, the one who achieves the best scores in test, 
is as the top one (best student).  Usually, the other 
students attempt to improve their performance to 
be the best student. This conception inspires Das 
et al. to present a novel optimization algorithm 
called Student Psychology Based Optimization 
Algorithm (SPBOA) (Das, Mukherjee, and Das 
2020). The SPBOA considers the psychology of 
students of attempting to achieve top scores and 
being the top one by progressing their performance 
during the examination. To be a best one in the 
competition, each one must achieve more scores 
toward the others in the class. More attempt is 
required to reach to this important purpose, so that 
they should perform well in all subjects. In addition 
to the students’ attempts, this depends on the talent 
of each other student on a special subject, their 
capability, and their interesting to the considered 
subject. So that the skill improvement in each 
student during the examination is not equal with 
any other one. Also, the attempt of each student 
to be the top one depends to its’ psychology. Some 

Table 1. The utilized variables for the system 
 

Parameter Value Unit 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 30 % 
𝜂𝜂𝜂𝜂𝑏𝑏𝑏𝑏𝑚𝑚𝑚𝑚𝑏𝑏𝑏𝑏 70 % 
𝜂𝜂𝜂𝜂𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 92 % 
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓 [10, 11.6] 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘ℎ/𝐿𝐿𝐿𝐿 
𝛼𝛼𝛼𝛼𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 0.25 𝐿𝐿𝐿𝐿/𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘ℎ 
𝛽𝛽𝛽𝛽𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 0.08 𝐿𝐿𝐿𝐿/𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘ℎ 
𝜎𝜎𝜎𝜎 0.001 - 

 
  

Table 1. The utilized variables for the system

 
Fig. 3. The subject wise categories of the students 

  

Best student Good students

Average students

Students who try 
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Fig. 3. The subject wise categories of the students
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of them attempt to enhance their effort based on 
the best student, while, some others try to do this 
purpose, plus trying to have more efforts than the 
average students. Based on that the effort amount 
of the students depends to the student interest to an 
special subject, the ones continually attempt to have 
further attempt subject wise to improve their total 
score. Therefore, based on the above mentioned, 
the students can be divided into four subject wise 
categories that is shown in Fig. (3).

3.1.1. Best student
The best student is a student who get the best 

score among the others in the examination. This is 
done by tying to keep his/her marks at the highest 
level of the class. For keeping the best grade of the 
class, the best student should attempt to maintain 
all of the subjects at higher score than the other 
students. In other words, the best student needs to 
achieve the best effort than any randomly selected 
student effort. This improvement is formulated by 
the following equation:
 

( ) ( )1 1 ki i i j
b b b rX X rand X X+ = + − × × −     (11)

where, i
bX  is the scores achieved by the top one, 

j
rX  signifies the accidental chosen thj  student in 

a specific subject, k  defines a parameter constant 
selected as either 1 or 2, and rand  describes an 
accidental amount between 0 and 1. 

3.1.2. Good student
A good student always attempts to achieve more 

grades in all subjects to improve his/her his overall 
score. This group are also called subject-wise good 
student. Due to different psychologies in different 
students, the selection of good students is a random 
selection. The good students effort to arrive or to 
postpone the best student score in the examination. 
This can be formulated by the following equation:
 

( )1i i i m
g b b rX X rand X X+ = + × −     (12)

Simultaneously, some other students attempt to 
achieve more effort from the average students of 
the class along with the best student effort. This can 
be formulated by the following:
 ( )

( )

1i m i m
g r b r

m
r m

X X rand X X

rand X X

+  = + × − 
 + × − 

   (13)

where, m
rX  describes the scores achieved by the thm  

student in the specific subject, mX  signifies the 
class mean operation in that specific subject.

3.1.3. Average student
If the students have less interest to some of 

the subjects, they will have average effort to that 
subject. Although these students give average 
effort to that subjects, they will give more efforts 
to the other remained subjects to get higher score 
for overall marks. This group of students are called 
subject-wise average students. Based on various 
students’ psychology, choosing of the subject-wise 
average students is also a random procedure. The 
performance for this group is modeled as follows:
 

( )1i m m
g r m rX X rand X X+ = + × −    (14)

3.1.4. The students with attempts to enhance 
randomly

The last group is the students are who attempt 
to improve their performance. This is done by 
giving effort to the randomly selected subjects. This 
group attempt to give effort randomly to the subject 
to refine the total examination performance. This 
performance is modeled as follows:
 

( )1i
g min max minX X rand X X+ = + × −    (15)

where, 
minX  and 

maxX  describe the minimum 
and the maximum values of the marks for the 
subject, respectively. 

Like any other metaheuristic, The SPBOA 
algorithm starts with a random initial population 
that indicates the students of a class. 

3.2. Improved Student Psychology Based 
Optimization Algorithm 

The SPBOA algorithm is a new optimization 
algorithm and has no more validations in other 
works. But, by our validation, the results indicated 
that although the SPBOA algorithm gives well 
results in solving most cases, in some cases, it 
fails to give the best results due to the premature 
convergence and trapping into the local optimum 
points. To determine this shortcoming, some 
modifications are applied to the algorithm. The first 
term is introduced for making trade-off between 
exploitation and exploration of the SPBOA 
algorithm. To do so, a new parameter, called search 
mode is introduced to modify the exploration and 
exploitation of the SPBOA algorithm. this operator 
hybridizes the SPBOA algorithm operators with 



232

Z. Druzhinin

Journal of Smart Systems and Stable Energy, 1(3): 226-242 Summer 2022

DE’s mutation operator to modify the balancing 
between the exploration and exploitation. The 
SPBOA algorithm includes two main parts of 
exploration term and exploitation term. In the case 
that rand λ< , the exploration part changes the 
candidate students. The term λ  is achieved by the 
following:

1 / maxt tλ = −     (16)

where, t  describes the peesent iteration and maxt  
signifies the maximum number of iterations. As 
can be concluded from the equation, the value of 
λ  is a descending value from 1 to 0.
This allows the individuals to explore in the initial 
iteration, while applying exploitation as time rises. 
The exploration part uses DE’s mutation and 
attempt for the most effort to be the best student. 
SPBOA uses DE’s mutation due to its preeminence 
in exploring the solution space (Gong, Cai, and Ling 
2010). The new improved algorithm is an elitism-
based method. It should be noted that the solutions 
should be placed in the boundary constraints. If 
not so, the repairing rule will be applied as follows:
 

( ) ( ) ( )
( ) ( )

    
   

i
n n n g ni

g i
n n n g n

if X n
X n

if X n
δ τ µ δ δ
µ τ µ δ µ
 + × − <=  − × − <

    (17)

where, ( )i
gX n  signifies the thm  dimension of 

thi  solution, τ   defines a random integer between 
0 and 1,  nδ  and   nµ  are lower bound and upper 
bound of the thm  dimension, respectively. 

As explained, the value of λ  I the proposed 
method is a descending value which lets the 
exploration term to manage the initial solutions. 
The next mechanism is to use a term called search 
mode for more modification. Based on search mode 
mechanism, the exploration/exploitation term has 
been changed adaptively by following the solutions 
behavior of the population. For developing the 
exploration term, at the first steps, the search mode 
is set to 1. If search mode is set to 1. This parameter 
doesn’t change until the quality of the best student 
is not altered for some iterations. After changing 
quality of the solution, the search mode is updated 
to 2 that gives stronger exploitation rather than 
exploration. 

3.3. The performance analysis of the ISPBOA 
algorithm

The present subsection explains the 
performance of ISPBOA algorithm compared with 

some other metaheuristics to validate the algorithm 
efficiency. Here, four test functions including 
Sphere function, Ackley function, Rastrigin 
function, and Rosenbrock function are utilized. In 
the following, the formulation for these functions 
have been given. 

- The definition of the Sphere function is as 
follow:

( ) 2

1

1
d

i
i

f x x
=

=∑    (18)

where the range of ix  is in [−5.12, 5.12] and the 
optimal solution is equal to 0.

- The definition of the Rastrigin function is as 
follow:

 
( ) ( )( )2

1

2 10cos 2 10
d

i i
i

f x x xπ
=

= − +∑    (19)

where the range of ix  is in [−1.28, 1.28] and the 
optimal solution is equal to 0.
- The definition of the Ackley function is as follow:

( ) 2

1

13 20exp 0.2
d

i
i

f x x
D =

 
= − −  

 
∑

- ( ) ( )
1

1exp cos 2 20 exp 1
d

i
i

x
D

π
=

 
+ + 

 
∑    (20)

where the range of ix  is in [−32, 32] and the 
optimal solution is equal to 0.

- The definition of the Rosenbrock function is 
as follow:
 

( ) ( ) ( )( )1 2 22
1

1

4 100 1
d

i i i
i

f x x x x
−

+
=

= − + −∑    (21)

where the range of ix  is in [−10, 10] and the 
optimal solution is equal to 0.

It should be important to note that the 
dimension for all functions is set to 50 ( 50d = ). 
A two-dimensional diagram of the employed cost 
functions is shown in Fig. (4).

For the comparison analysis, the suggested 
method is compared with Cuckoo Optimization 
Algorithm (COA) (Rajabioun 2011), Fruit fly 
Optimization Algorithm (FOA) (Pan 2012), Lion 
Optimization Algorithm (LOA) (Yazdani and Jolai 
2016), and Basic SPBOA (Das, Mukherjee, and Das 
2020). Table 2 indicate the algorithms’ parameters 
settings.

To give a reliable result for the algorithms, they 
run independently for 30 times. Table 3 indicates 
the results of the application of the algorithms on 
the four test functions.
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From Table 3, it is observed that the efficiency 
of the suggested ISPBOA is better as compared 
with the results achieved by COA, FOA, LOA, and 
Basic SPBOA. This can be concluded based on the 
minimum value of the Min, Max, and Mean values 
of the suggested method. Also, less value of the 
standard deviation value indicates higher reliability 
of the suggested ISPBOA algorithm toward the 
others. Fig. (5) shows the convergence analysis of 
the algorithms on the test functions.

As can be observed from Fig. (5), the 
convergence results of the suggested ISPBOA 

algorithm for all of the test functions is faster than 
the compared algorithms considered in this work.

4. THE COST FUNCTION
The present research uses an annual cost of the 

system ( ACS ) as the key cost function and 
2  CO

emission and annual LLP  as the constraints. The 
ACS is formulated as follows:

&
a a a a

c o m F RACS F F F F= + + +      (22)

where, a
cF  signifies the capital cost of a year, &

a
o mF  
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Table 2. The parameters setting for the algorithms. 
 

Algorithm Parameter  Value Algorithm Parameter  Value 

LOA 

Number of prides 4 
COA 

Step size control variable 0.2 
Percent of nomad lions 0.2 𝛽𝛽𝛽𝛽 2 

Roaming percent 0.2 
FOA 

View 0.2 
Mutate probability 0.2 Predation attempts 10 

Sex rate 0.75 SPBOA - - 
Mating probability 0.25 ISPBOA -  

Immigrate rate 0.5    
 
  

Table 2. The parameters setting for the algorithms.
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Table 3. The statistical sensitivity analysis for the test functions by different algorithms 
 

Algorithm  𝒇𝒇𝒇𝒇𝟏𝟏𝟏𝟏 𝒇𝒇𝒇𝒇𝟐𝟐𝟐𝟐 𝒇𝒇𝒇𝒇𝟑𝟑𝟑𝟑 𝒇𝒇𝒇𝒇𝟒𝟒𝟒𝟒 

COA (Rajabioun 2011) 

Min 11.4682 0.0015 0.0019 11.7428 
Max 4.5109e+3 2.4172e+2 2.0854e+5 1.1048e+3 

Mean 1.2853e+3 4.1748e+2 1.5927e+4 39.5481 
std 2.2647e+4 2.0847e+2 2.7124e+4 14.4218 

FOA (Pan 2012) 

Min 23.4518 0.3845 2.4872 3.4130 
Max 422.5861 2.0697 4.4638 39.7159 

Mean 127.6348 1.2993 5.3748 17.4836 

std 83.5487 0.2119 1.2819 4.3527 

LOA (Yazdani and Jolai 2016) 
 

Min 5.7502 2.7968e-5 4.2116e-5 1.1124 

Max 5.4953e+2 0.0588 0.0052 1.1508 
Mean 107.7452 0.0102 0.0076 1.2364 

std 264.5481 0.0289 3.0764e-5 1.1427 

SPBOA (Das, Mukherjee, and Das 2020) 

Min 2.0418 7.2598e-21 3.4218e-11 4.1427e-15 
Max 39.7594 3.2460e-19 3.0158e-10 2.2548e-14 

Mean 5.1549 1.1854e-19 2.0206e-10 1.2319e-14 
std 3.1077 1.0849e-19 7.3065e-11 5.2471e-15 

ISPBOA 

Min 1.1584 2.1674e-5 5.0892e-22 65e-17 
Max 38.9638 2.3108 0.4869e-10 2.5874 e-14 

Mean 3.6649 0.3007 1.3968e-10 0.1346 e-14 
std 2.9106 0.1016 2.5964e-12 0.4218 e-15 

 
  

Table 3. The statistical sensitivity analysis for the test functions by different algorithms
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describes the operation and maintenance cost of a 
year, a

FF  defines the fuel cost of a year, and a
RF  is 

the replacement cost of one year. The formulation 
of the annual capital cost for the units with no 
require for the replacement until running out the 
lifetime is as follows:

( ), a
c d cR lF F F i t= ×     (23)

where,  defines the annual lifetime for the 
project, dF  signifies the capital cost of the devices, 
and cRF  determines the capital recovery factor 
that can be achieved by the following:

( )
( )

1

1 1

l

l

t
i i

cR t
i

r r
F

r

× +
=

+ −
    (24)

where, ir  signifies the yearly real interest rate by 
the following formulation:

( )
( )1

i
ir

F
r

F
ν −

=
+

    (25)

where, F  signifies the annual inflation rate and
 iν  describes the nominal interest.

The annual replacement cost ( a
RF ) includes the 

battery storage replacing during the lifetime and is 
achieved by the following (Suryoatmojo 2010):

( ),a Bat
R sf ir R rF F r t C= ×       (26)

where, Rt  signifies the yearly battery storage 

during the lifetime, Bat
rC defines the battery storage 

replacement cost, and sfF  labels the sinking fund 
factor defined by the following (Suryoatmojo 2010):

( )1 1R

i
sf t

i

rF
r

=
+ −

      (27)

where, ir  determines the yearly real interest rate. 
Accordingly, the operation and maintenance cost 
for a year ( &

a
o mF ) is achieved as follows: 

( )1
& & 1 lta

o m o m iF F r= × +       (28)

where, 1
&o mF  signifies the maintenance cost devices 

during the first operation time. Table 4 illustrates 
the economical information of the studied system.
This paper uses the Loss of Load Probability of the 
system (LLP) and the 2CO  emissions as the main 
constraints. In the following, the mathematical 
formula for achieving these constraints has been 
explained (Bahramara et al. 2020; Feng et al. 2020):

( )
8760

2
1

em c E
t

CO F t F
=

= ×∑      (29)

( ) ( )
8760

1

[ / ]l e
t

LLP U t D t
=

= ∑      (30)

where, 
2CO  has a value less than or equal to 

admissible emission level ( LLPε ), 
EF  signifies the 

Table 4. The economical information of the studied system 
 

Parameters Value Unit 
PV Cost 1.97 $/W 

Battery cost 328 $/kWh 
Single inverter cost 70 00$/k1W 

DG Cost 360 $/kW 
Inflation rate 8.29 % 

MPPT efficiency 95 % 
Annual interest rate 8.12 % 

Photo voltaic panel lifetime 18 years 
Inverter lifetime 18 years 

Battery storage unit lifetime 10 years 
Project lifetime 18 years 
DGreliability 0.81 - 

PV modules reliability 0.91 - 
Battery banks reliability 0.81 - 

Inverter reliability 0.85 - 
Fuel cost 0.14 $/L 

Emission factor 2 kg/L 
 
  

Table 4. The economical information of the studied system
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fuel consumption of the DG, and 
EF  describes the 

DG emission factor which is located in the range 
[2.4 kg/L, 2.8 kg/L] (Bahramara et al. 2020), ( )lU t  
is unsatisfied load during time period t , ( )eD t  
determines the electricity demand, LLP  has less 
than or equal to allowable LLP  reliability index (

LLPε ). Furthermore, there are some other possible 
constraints that are given below. 

 ( )Bat Bat Bat
min maxC C t C≤ ≤     (31)

,  , 0Bat PV DG
nN N P ≥     (32)

( ) Äj jE t P t≤      (33)

where, ( )BatC t  describes the battery storage 
capacity, , ,PV DG Bat

nN P N  describe the constraints 
number for the PV modules, the DG, and the 
batteries, and ( )jE t  is the generated energy 
constraint by the devices during time interval Ät  
( Ä 1t h= ).

5. Optimization Process
For simplifying the optimization process of 

the sizing on the studied hybrid PV/DG/battery 
system, the ε-constraint method has been first 
utilized. this is done for converting the multi-
objective optimization problem into the single 
objective optimization problem. By considering 
the ε-constraint method and the three objective 
functions containing the total system cost, the 
loss of load probability (LPP), and the total 2CO  
emissions generated by the DG. The utilized 
variables contain the rated capacity of DG, the 
battery storage size, and the photovoltaic panels 
that contains a 3 1×  vector as follows:

 z , ,DG Bat PV
oP N N =        (34)

where, placing different modes of the above 
variables give different arrangement for the system. 

The model is estimated using, the 
2CO  emission 

for the individuals, the annual objectionable load, 
and the annual fuel consumption in the DG. The 
feasibility of the solutions has been then optimized 
to check the feasibility of the configuration by 
the constraint’s assumptions such that while 
the objective doesn’t satisfy, the process will be 
continued. The optimal values have been returning 
when the stopping criteria has been reached. 

6. Simulation Results
The present section explains the hourly 

simulation results of the suggested hybrid system 
by using of the designed ISPBOA algorithm and 
HOMER under load. In the following, the utilized 
case study and the method implementation 
explained, respectively.

6.1.  Case study
Here, for each house some standard LDs have 

been considered. These appliances are lighting, TV, 
and air conditioning tools. To give a fair analysis, it 
is synthesized in two completely different seasons, 
i.e. winter and summer. Fig. (6) illustrates the bar 
plot of the LD in winter and summer for the case 
study.

It is observed that the maximum and the 
minimum value for the LD are 0.8 kW and 5.3 
kW, respectively. The meteorological data has 
been collected from the hourly NASA Surface 
Meteorological dataset (‘The HOMER Pro® 

 
Fig.6. The bar plot of the LD in winter and summer for the case study 
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Fig. 6. The bar plot of the LD in winter and summer for the case study
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microgrid software by HOMER Energy’  2020). 
More information about the daily radiation, the 
daily temperature, and the clearness index are 
given in Fig. (7) and Fig. (8).

6.2.  The method implementation
The total student population is 100 such that 

every single student presents diverse arrangement 

for the system such that each student has three 
marks for three elements, i.e. the capacity of 
diesel generator, the number of batteries, and the 
size of PV panels. The feasible size for BatN , PVN
, and DG

oP  are [5, 55], [5, 110], and [2, 15] kW, 
respectively. As before mentioned, this paper uses 
the ε-constraint based methodology along with 
a new designed ISPBOA algorithm to make an 

 
Fig. 7. The meteorological data for the clearness index and the daily radiation of the case study 
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Fig. 7. The meteorological data for the clearness index and the daily radiation of the case study

 
Fig. 8. The meteorological data for the daily temperature for the case study 
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Fig. 8. The meteorological data for the daily temperature for the case study

Table 5. The economical results of the system based on US$ 
 

 𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕𝒕𝒕𝒄𝒄𝒄𝒄𝒂𝒂𝒂𝒂 𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕𝒕𝒕𝑪𝑪𝑪𝑪&𝒎𝒎𝒎𝒎
𝒂𝒂𝒂𝒂   𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕𝒕𝒕𝑹𝑹𝑹𝑹𝒂𝒂𝒂𝒂   𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝒕𝒕𝒕𝒕𝑭𝑭𝑭𝑭𝒂𝒂𝒂𝒂 ACS 

PV 3147.2 120.5 0 0 2537.1 
Converter 390.5 180.4 200.5 0 856.9 

Battery storage 1728.7 784.5 1811.6 0 3859.2 
DG 234.7 100.4 0 117 453.7 

Total 5501.1 1185.8 2012.1 117 7706.9 
 
  

Table 5. The economical results of the system based on US$
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optimal arrangement for minimizing the annual 
cost of the system ( ACS ) as the objective function 
and CO2 emissions and LLP as constraints. Table 5 
indicates the economical results of the system.

Table 5 indicates that the total ACS of the 
optimal system is 7706.9 $. Also, the optimal value 
of the DG, Battery storage, and PV are obtained 
6 kW, 31.5 kWh, and 5.5 kWp, respectively. Fig. 
(9) shows intra-hourly energy fluctuation for the 
studied hybrid system in 22th of July (summer) and 
8th of January (winter).

Based on the explanations and the results, it 
can be said that in the event that the PV system has 
not enough power for the LD, the battery storage 

system is added based on the state of charge (SOC) 
of batteries to the PV system as a backup system. 
Whenever, both of these two energy suppliers don’t 
enough energy to cover the LD, the DG is entered 
to the circuit as the final backup system. The DG 
has a direct impact on the energy contribution by 
the domestic weather varying like solar radiation 
that is clear in winter and indicates that its size is 
sufficient to provide the LD. The power production 
changes of the DG, the PV system, and the battery 
storage capacity for different months are shown in 
Fig. (11). 

It is observed that the PV-based power 
generation gives inverse impact on the DG system 

 
Fig. 9. The intra-hourly energy fluctuation for the studied hybrid system in winter 
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Fig. 9. The intra-hourly energy fluctuation for the studied hybrid system in winter

 
Fig. 10. The intra-hourly energy fluctuation for the studied hybrid system in summer 
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Fig. 10. The intra-hourly energy fluctuation for the studied hybrid system in summer
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and direct impact on the battery storage system. 
The maximum value of the storage system is 
achieved in months of March and September. 

6.3.  Sensitivity analysis 
In addition to the prior section, we should 

analyze the parameters variations to show the 
system sensitivity in different conditions. This 
would be done based on sensitivity analyses on the 

2COε , LLPε , and the load consumption which were 
explained before. To perform the load consumption 
sensitivity analysis, the load is assumed to have a 

 
 

Fig. 11. The power generation changes of the DG, the PV system, and the storage capacity of the battery 

storage for different months 
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Fig. 11. The power generation changes of the DG, the PV system, and the storage capacity of the battery storage for different months

Table 6. Load changes on the studied system 
 

The surplus load 
(kWh/day) 

PV penetration (%) LLP (%) Co2 (kg/year) ACS (US$) 
COE 

($/kWh) 
1 94.32 0 2312.5 8335.4 0.34 
2 93.27 0 2702.1 8345.9 0.33 
3 92.59 0 3209.6 8428.6 0.33 
4 90.68 0 3613.5 8452.1 0.32 
5 89.18 0 4042.8 8475.8 0.32 
6 88.72 0 4418.9 8501.9 0.32 
7 87.48 0 4780 8542.4 0.31 

12 82.71 0 6284.7 8638.1 0.30 
15 80.51 0 6827.5 8758.5 0.29 
25 76.57 0.78 8049.7 8869.8 0.27 
30 72.69 2.17 9431.3 8987 0.25 
33 68.52 4.56 10248 9076.4 0.23 
37 64.38 6.29 11897 9169.5 0.22 
45 61.71 8.42 12960 9279.9 0.21 

 
  

Table 6. Load changes on the studied system

variation in the range 1 kWh/day to 45 kWh/day 
and the other auxiliaries, i.e. DG size, PV size, 
and the battery storage size keep constant. Table 5 
indicates this variation and its results.

Table 6 indicates that the system dependency 
for the DG backup system to enhance the ACS from 
8335.4 $ to 9279.9 $ (about 11.33% increasing) due 
to enhancing the DG fuel consumption. The results 
also indicate that the CO2 emissions enhances 
from 2312.5 kg/yr to 12960 kg/yr and the LLP 
value increases from 0% to 8.42%. Furthermore, 
the achieved value for the cost of energy decreases 
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from 0.34 $/kWh to 0.21 $/kWh. This cost 
reduction shows that the fuel cost is too significant 
than the PV cost on the energy cost which is 
because traditional energy production systems 
require lower cost than the PV’s. The effect of the 

2COε  on the size of the DG system, the PV system, 
and the battery is demonstrated in Table 7. Table 
indicates that the term 

2COε  has a substantial effect 
on the battery storage capacity such that the size is 
enhanced from 22.6 kWh to 45 kWh when 

2COε  
ranges from 7000 kg/year to 50 kg/year.

The effect of the LLPε  on the battery capacity, 
PV system, and DG system are indicated in Table 8. 
The battery storage capacity gives the highest effect 
on LLPε  as it has been decreased from 21.4 kWh to 

Table 7. The effect of the 𝜀𝜀𝜀𝜀𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂2 on the size of the battery, the DG system, and the PV system 
 

𝜺𝜺𝜺𝜺𝑪𝑪𝑪𝑪𝑶𝑶𝑶𝑶𝟐𝟐𝟐𝟐  
(kg/ year) 

PV power (kWp) 
Battery storage 
capacity (kWh) 

DG 
(kW) 

50 18.3 45 6 
80 18.2 45 6 

100 17.4 44 6 
200 16.6 44 6 
300 15.2 42 6 
400 13.6 43 6 
500 12.9 43 6 

1000 11.0 42.3 6 
2000 10.1 40.5 6 
3000 9.6 35.2 6 
4000 8.6 34.3 6 
5000 8.3 33.2 6 
6000 7.9 27.2 6 
7000 7.4 22.6 6 

 
  

Table 7. The effect of the 2COε  on the size of the battery, the DG system, and the PV system

Table 8. The effect of the 𝜀𝜀𝜀𝜀𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 on the battery capacity, PV system, and DG system 
 

𝜺𝜺𝜺𝜺𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳 
(kg/ year) 

PV power 
(kWp) 

Battery storage  
capacity (kWh) 

DG  
(kW) 

0 6 21.4 4 
0.1 5.6 18 3 
0.2 5.0 18 3 
0.3 4.7 18 3 
0.4 4.6 18 3 
0.5 4.8 16 3 
0.6 5.1 16 3 
0.7 5.1 16 3 
0.8 5.1 15 3 
1 5.0 15 3 

1.5 5.1 15 3 
2 5.1 15 3 

 
  

Table 8. The effect of the LLPε  on the battery capacity, PV system, and DG system

15 kWh when LLPε  is in the range between 0% to 
2%.

The economical results of the system have been 
illustrated in Table 9. As can be observed, the initial 
capital cost of the system is 47569 $ that is a value 
less than the NPC. As can be seen, a large number 
of total cost belong to the PV system.

The last analysis is to show the proposed method 
efficiency toward some other methods. To do so, 
the results of the suggested approach have been 
compared with two methods from the literature, 
PSO (Fodhil, Hamidat, and Nadjemi 2019) and 
HOMER software. Table 10 indicates the simulation 
results of the suggested ISPBOA algorithm and its 
comparison with the other algorithms.
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As can be observed from the results, the 
optimal ISPBOA-based HSES has the best results 
of efficiency and the PSO-based algorithm and the 
homer global optimization are placed in the next 
ranks. The results show that the ISPBOA-based 
HSES with 21230 kWh/yr PV penetration, has the 
highest renewable penetration value toward the 
others. Finally, the coefficient of Co2 emissions with 
the optimal ISPBOA-based HSES by 1625 kg/year 
has the minimum value among the others. 

7. CONCLUSIONS
In this research, a new model has been proposed 

for the optimal design of a hybrid PV/diesel/
battery system for a remote county, Awati county 
in Taklamakan Desert, China. The optimization 
was proposed based on a newly developed version 
of the Student Psychology Based Optimization 
Algorithm. The system employed three cost 
functions, CO2 emissions value, the annualized 
cost, and loss of load probability of the system. The 
study used the ε-constraint technique to make a 
simpler solution for the multi-objective problem. 
The final results were compared with PSO-based 
and HOMER-based optimal solutions to indicate 
the effectiveness of the system. The final results 
showed that the suggested technique provides 
enough energy for the LD. The results also showed 

Table 10. The simulation results of the suggested ISPBOA algorithm and its comparison with the other algorithms

Table 9. The economic results of the system 
 

Net Present Costs       

Component Capital ($) Replacement ($) O and M ($) Fuel ($) Salvage ($) Total ($) 
PV 24539 0 2380 0 0 26919 

Generator 1 2028 0 1860 1030 -130 4788 
Hoppecke 10 OPzS 1500 14700 9509 1224 0 -1120 24313 

Converter 4119 1460 315 0 -330 5564 
System 47569 10150 6180 1030 -1600 63329 

 
  

Table 9. The economic results of the system

Table 10. The simulation results of the suggested ISPBOA algorithm and its comparison with the other algorithms 
 

Parameter 
Algorithm 

ISPBOA PSO (Fodhil, Hamidat, and Nadjemi 2019) HOMER 
Output Energy for the batteries (kWh/yr) 9570 9575 8380 

Fuel consumption (L/yr) 670 685 710 
Total production (kWh/yr) 21710 22250 21847 

Photovoltaic production (kWh/yr) 21230 20890 19830 
Co2 emissions (kg/yr) 1625 1755 1985 

DG production (kWh/yr) 470 1310 1992 
Input Energy for the batteries (kWh/yr) 9265 9370 9650 

 

that PV penetration is the main effective term in 
system costs.
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