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ABSTRACT
This paper presents an optimal size selection of a hybrid renewable PV/DG/Battery system in a remote 
area in Maowusu Desert, China. The idea is to select optimal numbers of PV panels, DGs, and battery 
storage units by minimizing of the total annual cost of the hybrid system. The optimization of the 
problem is performed based on a new improved version of Mayfly Algorithm (IMA) which is introduced 
for improving the effectiveness of the optimization in terms of accuracy, convergence, and consistency. 
Simulation results of the suggested algorithm are compared with some different optimization algorithm 
to show the prominence of the method. The proposed method shows that the optimal numbers for 
the optimized system includes 28 PV panels, 88 battery units, and 1 DG unit. Final results show that 
utilizing the suggested hybrid system gives the best minimum operational cost of the system compared 
with others. 
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1. INTRODUCTION
The off-grid power production is a method 

of supplying energy to commercial, residential, 
rural areas, remote or industrial, which is often 
intolerable to connect to the grid because of its 
difficult geographical location and the staggering 
cost of transmission [1]. In such cases, the 
application of renewable energy can simplify the 
process development of the regions [2]. Utilizing 
the options with the least supply cost to develop 
new energy services in these areas is a sustainable 
and logical solution [3]. However, the conventional 
method of generating electricity in off-grid is to use 
Diesel Generators (DGs), using their combination 
with renewable energy technologies provide a 

reliable and clearer energy for the load demand 
with considering the minimum cost [4, 5]. In 
recent technologies, DGs have been hybridized 
with renewable energy resources such as solar 
photovoltaics, biomass, wind, biogas, fuel cells and 
hydropower to supply optimal and reliable energy 
system [6]. Thus, a hybrid system is generally a 
combination of one or more renewable energy 
sources like the sun, small or micro hydropower 
plants, biomass, wind and waves, tides combined 
with other technologies such as batteries and diesel 
generators [7]. One of the popular renewable 
energies is photovoltaic (PV) systems [8-10].

Hybrid power systems generate solar energy 
from a photovoltaic (PV) system with another 
energy source to provide the enough load demand 

http://creativecommons.org/licenses/by/4.0/.
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[11, 12]. The most common type of a hybrid 
system is a PV-diesel, which is a combination 
of photovoltaic (PV) and diesel generator (DG) 
[13]. Diesel generators are continuously used 
to fill the gap between the actual power output 
of the PV system and the current load [14, 15]. 
As solar energy fluctuates and diesel generators 
capacity is limited to a certain range, it is often a 
good option for battery storage to optimize the 
solar contribution to the overall production of 
the hybrid system [16, 17]. The best business ways 
to reduce diesel with solar and wind energy can 
usually be located in remote locations because 
these sites are often not connected to the grid and it 
is expensive to transport diesel over long distances 
[18-20]. Many of these programs can be found 
in the mining sector and on the islands. Several 
works have been done in this area [21-23]. For 
example, Das et al. [24] analyzed the effectiveness 
of a hybrid PV/Diesel/Batt system for a remote area 
in Bangladesh. The study investigated the impacts 
of different dispatch plans on the Net Present Cost 
(NPC) and the Cost of Energy (COE) based on 
two popular battery technologies, Lithium-ion and 
Lead Acid-LA. The hybrid state of system alongside 
diesel generator was also studied to achieve better 
results. Final results specified that the discount rate 
and the capital cost have a significant effect on the 
NPC and the COE. 

Bukar et al. [25] investigated the application of 
metaheuristics in optimal sizing of the microgrid 
design. Grasshopper Optimization Algorithm 
(GOA) was used for the optimization of an 
autonomous microgrid system to describe optimal 
system arrangement based on COE and deficiency 
of power supply probability (DPSP) in in an off-
grid location in Nigeria. The system was a hybrid 
PV/wind turbine/battery storage system along with 
a DG. Final results of the proposed method based 
on GOA were compared with different approaches 
to indicated the method effectiveness.

Makhdoomi et al. [26] proposed a hybrid 
PV/DG along with a pumped hydro storage 
(PHS) to achieve the minimum value of the fuel 
consumption and to optimize the system operation. 
The idea was to utilize a modified version of Crow 
Search Algorithm (CSA) to give the best results 
of the optimization. For optimal evaluation of the 
optimization problem, CSA was used close to an 
adaptive chaotic awareness probability (CSAAC-
AP). Final results showed that the suggested 
method generated better accuracy toward some 

other algorithms from the literature. 
Ghaffari and Askarzadeh [27] proposed a well-

organized and reliable optimization methodology 
for optimal size selection of a hybrid PV/DG/
fuel cell (FC). A modified version of CSA was 
used for the sizing the configuration, and the 
Total Net Present Cost (TNPC) was selected as 
the objective function for minimization purposes 
subject to some constraints. Final results were 
compared with some different algorithms to show 
the algorithm performance. As can be seen, there 
are different metaheuristics that are shown recently 
for optimizing the hybrid systems. Also, each of 
them has their advantages and disadvantages. The 
core purpose of the present paper is to give a new 
improved version of Mayfly Algorithm to improve 
the ability of the proposed method in developing 
the reliability, accuracy, and convergence of the 
solution. The method after comparison with 
other well-known algorithms is employed to 
define optimal design of a hybrid PV/DG/Battery 
system based on minimizing of the total cost of the 
system located in a remote rural village in China. 
Simulation results of the presented method are also 
compared with other methods.

2. THE MAIN CONFIGURATION OF THE 
SYSTEM

Fig. (1) shows the main structure of the 
studied system. As can be seen, system includes 
photovoltaic panels, DG alongside the battery 
storage system (BSS) as backup system to provide 
the required energy of a remote area in Maowusu 
Desert, China. 

For model simplification, the over-all size of 
different diesel generators has been employed 
during the simulation. Diesel generators have been 
directly connected to the AC bus system to provide 
the load demand with no conversion components. 
Based on the system, when the required energy 
demand cannot be provided by the photovoltaic, 
the remained energy is supplied by the diesel 
generators and the battery storage system. A dump 
load is also utilized for discarding extra power 
when the generated electricity is more than the 
load demand of the battery storage unit. In the 
following, the require equations for the system 
analysis have been briefly described.

2.1. Diesel generator 
The diesel generator is modelled based on the 

consumed fuel in it which is formulated in the 
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following [25]:

( ) ( )0.08415 0.246r DGF t P P t= × + ×    (1)

where, rP  and ( )DGP t , and ( )F t represent the 
rated power (kW), the generated power (kW), and 
the hourly fuel consumption (US$/hour) of the 
diesel generator.

Accordingly, the fuel consumption of the DG 
unit depends to the rated power and its produced 
power. The fuel cost of a year is evaluated by the 
following equation [28]:

( )
1

endT

f
t

AFC C F t
=

= ×∑
 

  (2)

where, fC  describes the fuel cost per liter in 
US$/l.

2.2. Photovoltaic system 
However, there are different types of model for 

the photovoltaic system, the selection of proper 
model is too important. In this study, a simplified 
model of PV panel is given below [29]:

( ) ( )
1000
solarout rated

pv pv

irr t
P t P= ×

( )( )( )1 0.0256  a solar STCT irr Tτ × + × + × − 
   (3)

where, out
pvP  and rated

pvP  represent the output 
power and the rated power (W) of the PV module at 
standard test condition ( STC ), solarirr  describes the 
solar irradiance ( 2Wm ), τ  signifies the temperature 

coefficient, (here ( )3.7 1 0 3 1/ Cτ = − × − ° ), aT  
describes the ambient temperature (°C), and STCT  
defines the cell temperature ( C° ) at STC.

2.3. Battery storage system
Battery Storage System (BSS) is considered to 

provide the required the remained energy demand 
during periods of non-availability of PV system. 
By the way, the battery capacity less than (or equal 
to) maximum feasible energy level through the 
charging operations and should not be lesser than 
the minimum feasible energy level remained in the 
BSS, i.e. [30]

min max
B B BC C C≤ ≤    (4)

The power of the PV system over the inverter is 
hourly achieved by the following equation:

( ) ( )PV inv pvP t P tη= ×   (5)

where,  invη  describes the performance of the 
inverter. 

In this condition, by considering the load 
power demand at hour t  ( ( )LP t ), if ( ) ( )PV LP t P t> , 
the left-over power will be utilized for charging the 
BSS as follows:

( ) ( ) ( ) ( )1 L
batt batt pv batt

inv

P t
C t C t P t η

η
 

= − + − × 
 

  (6)

where, battη  represents the battery charging 
efficiency, and ( )battC t  and ( )1battC t − signify the 

 
Fig. 1. The configuration of the studied system 
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available battery banks capacity at hour t  and 
previous hour, respectively. 

And, if the ( ) ( )PV LP t P t< , the shortage power 
will be provided by the DG and/or the BSS based 
on the following dispatch plan: 

- If the power value of the BSS is enough 
for supplying the remained power, the discharging 
process will be performed as follows [31]:

( ) ( ) ( ) ( )1 L
batt batt pv

inv

P t
C t C t P t

η
 

= − + − 
 

   (7)

- If the power value of the BSS fails to 
provide enough energy for the demand or the 
battery banks are not allowed to discharge, then 
DG is started and the BSS will be neither charged.

- 
( ) ( ) ( )DG L PVP t P t P t= −    (8)

where, ( )DGP t  describes the DG output power.

The Studied Case Study
The selected site in this research is a remote village 

named “Shilisha Village” that is located in Maowusu 
Desert. The Maowusu (Mu Us) Desert is a desert in 
northern China. It is overlapped by the Great Wall 
of China at the south-eastern end of the desert. The 
Maowusu Desert arranges the southern part of the 
Ordos Desert and part of the Ordos Loop. This desert 
covers an area about 42,200 2m  with coordination 
38°45′00″N 109°09′58″E. The Shilisha village consists 
of a small number of homes. Using the traditional 
DGs for electrification of homes make surplus 
implementation costs to it, furthermore, it increases 
the fuel cost. The daily radiation, daily temperature, 
and the clearness index of the MU SU desert are 
illustrated in Fig. (2) and Fig. (3), respectively.

The efficiency of the PV modules is directly 
depending to the climatic data which is technically 
the solar radiation and the ambient temperature.

 
Fig. 2. The daily temperature data for the Shilisha village 
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Fig. 2. The daily temperature data for the Shilisha village

 
 

Fig. 3. The clearness index data and the daily radiation for the Shilisha village 
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Fig. 3. The clearness index data and the daily radiation for the Shilisha village
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Improved Mayfly Algorithm (MA)
2.4. Mayfly conception

Mayflies are a kind of small, soft-bodied, and 
fragile insects that are considered in the order 
Ephemeroptera [32]. More than 3100 species of 
mayfly are known worldwide. Mayflies need almost 
a year waiting for their birth, and then most of them 
die only after 1 day living. The only purpose of the 
mayflies is to convey their genes, although most 
never even bother eating. The mating swarms by 
the males can be ranged from a few to hundreds of 
individuals that is done in 1-4 m above the ground 
for about 1.5-2 h in the early morning. This is done 
by making a nuptial dance, over a characteristic 
up-and-down pattern of movement.  Males then 
grab the females close to the swarms and then, the 
pairs dropped to the vegetation for mating and 
then flew off individually. This nature of mayflies 
has been utilized for designing a new metaheuristic 
method to solve the optimization problems [33]. 
The algorithm is modeled by considering a hybrid 
model from the Genetic Algorithm (GA), Particle 
Swarm Optimization (PSO) algorithm, and the 
Firefly Algorithm (FA).

Indeed, this algorithm presents a highly efficient 
hybrid algorithmic methodology by improving the 
exploration term of the PSO algorithm to model 
the behavior of mayflies, especially from their 
mating process. In this algorithm, the assumption 
is considered that after egg hatching, mayflies are 
already adults and the fittest mayflies, regardless 
of their lifetime, survive. Each mayfly individual 
position shows a chance for achieving a good value 
in the solution space of the optimization problem. 
The main steps of the algorithm are as follows. 
At first, two groups of mayflies are generated 
randomly. These two groups define the female and 
male populations, i.e. mayfly agents are randomly 
positioned in the search space as a candidate 
solution described by a d-dimensional vector 

[ ]T1 2, , , dX x x x= …  and its efficiency is calculated 
on the cost function, f(x). Each mayfly velocity, 

[ ]T1 2, , , dV v v v= …  is considered as the changing 
position, and the flying direction depends to 
both social and individual flying experiences. 
Particularly, the mayfly individuals adjust their 
path near their best position ( bestp ), as well as the 
best position achieved by any mayfly of the swarm 
so far ( bestg ).

2.5. The male mayflies Movement
The males aggregation in swarms indicates that 

the position for each male mayfly is attuned based 
on both individual and social flying experiences. 
With assuming ix  as current position of the mayfly 
in the solution space with time step t , the updated 
position can be achieved as follows:

( ) ( ) ( )1 1i i ix t x t v t+ = + +   (9)

where, ( ) ( )0 ~ ,i min maxx x x . 
Due to the reason that male mayflies 

continuously fly some meters above water to do 
the nuptial dance, the algorithm considers constant 
speed for them. Accordingly, the velocity of a male 
mayfly is achieved as follows:

 
( ) ( ) 11ij ijv t v t a+ = +

 
( ) ( )2exp t

p ij ijr pbest xβ× − × −

( ) ( )2
2 exp t

g j ija r gbest xβ+ × − × −    (10)

1,2, ,j n= …    (11)

where,  β  stands for a fixed visibility coefficient 
that is employed for limiting a mayfly’s visibility to 
others, pr  and gr  represent the Cartesian distance 
between ix  and ipbest  and ix  and gbest , t

ijx  
and ( )ijv t  describes the position and the velocity 
of the thi  mayfly in dimension j , respectively, 

ipbest  describes the thi  best position mayfly had 
ever visited, 1a  and 2a  represent the positive 
attraction constants for scaling the involvement of 
the social and cognitive component, respectively. 
The personal best position for the succeeding time 
step, 1t + , is achieved by the following:

( ) ( )( )
( )

1 ,     1

 
   ,                                

. .

i i

i
i

x t if f x t

f pbestpbest
is kept the same

OW

 + +

 <= 



    
(12)

where, ( ).  f is the cost function that defines the 
solution quality. 

Also, the global best position, jgbest  is obtained 
by the following equation:

( ) ( ) ( ){ }1 2, , , tngbest min f pbest f pbest f pbest= … (13)

where, tn  describes the entire number of male 
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mayflies in the swarm. Norm 2 equation is used to 
find the pr  and gr , therefore:

( )
1

n

p ij i
j

r x pbest
=

= −∑       (14)

( )
1

n

g ij
j

r x gbest
=

= −∑     (15)

where, ijx  represents the thj  element of mayfly 
i .

To keep the algorithm with better results, 
the swarm best mayflies continue to do their 
characteristic up-and-down nuptial dance. 
Henceforth, the best mayflies should save their 
velocities variations as follows:

( ) ( )1ij ij dv t v t n δ+ = + ×    (16)

where, δ  signifies a random value between 
in the range -1 and 1 and dn  describes the 
nuptial dance coefficient. This movement turn the 
algorithm to a stochastic process.

2.6. The female mayflies Movement
Unlike male mayflies, the female mayflies do 

not belong to a group. Instead, they fly towards 
males for breeding. By considering ( )iy t  as the 

thi  female mayfly position, in the search space, the 
position will be changes as follows:

( ) ( ) ( )1 1i i iy t y t v t+ = + +     (17)

To model the attraction process, it is simulated 
as a deterministic process. i.e., using the cost 
function value, the best male attracts the best 
female, the second-best male attracts the second-
best female, etc. Accordingly, the velocity is 
considered as follows:

( )

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

( ) ( )

2
2 exp

,     1
                               

 

ij mf

t t
ij ij i i

ij
t
ij w

i i

v t a r

x y if f y f xv t
v t r r

f y f x

β + × −

 × − >+ = 
 + ×
 ≤

   
(18)

where,  t
ijy  and  ( )t

ijv t  signify the thi  female 
mayfly position and velocity in dimension j  at 
time step t ,  imfr s the Cartesian distance between 
female and male mayflies, wr  signifies a random 
walk coefficient, utilized at time a female does 
not attracted by a male, so it flies randomly, β  

describes a fixed visibility coefficient, 2a  is a 
positive attraction constant, and r  is a random 
value between -1and 1.

2.7. Mayfly mating
In this algorithm, the crossover operator is 

utilized as the mating process between the female 
and male mayflies as follows. At first, two mayflies 
have been selected from the female and male 
mayflies. The method of parent’s selection is like the 
method of female’s attraction by males. Mainly, this 
selection can be performed by the fitness function 
or randomly. Afterward, the best male and female 
mayflies breed with each other, the next best male 
and female mayflies breed with each other and 
this process continues. The resulted offspring from 
the crossover process is achieved by the following 
equation:

( )1 1offspring male femaleγ γ= × + − ×   (19)

( )2 1offspring female maleγ γ= × + − ×    (20)

where, γ  signifies a random value in a definite 
range, male  and female  describe the male and 
the female parents. The initial velocity for offspring 
is considered zero.

2.8. Improved Mayfly Algorithm (IMA)
As indicated in [33], the basic Mayfly algorithm 

has some stability issues that is related to the 
velocity perturbation of the present solutions. The 
algorithm also showed a premature convergence 
behavior due to insufficient trade-off between the 
exploitation and exploration terms. In this study, a 
modification has been applied to the algorithm to 
resolve the defined drawbacks. 

The first modification is based on using 
Cauchy mutation mechanism. The MA simulates 
the characteristics of searching Mayflies to do the 
best mating behavior, that makes the MA to have 
better searching ability. However, by applying this 
iterative process, improving the ability of the local 
mining in the MA to a definite scope, the mayfly 
probability for trapping into the local optimal 
has been increased. Here, a Cauchy mutation 
mechanism has been utilized to individuals of the 
mayfly population to help the algorithm finding the 
global optimal solution with higher probability. A 
one-dimensional definition of the density function 
for the Cauchy distribution is given below.
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( ) ( )2

1 , 
1

f x x
xπ

= −∞ < < ∞
× +

  (21)

Here, the density function curve defines a 
symmetric bell curve that inclines from the vertex to 
the two ends slowly with no probability of intersect 
with the X-axis. This function generates random 
numbers much different from the origin that refine 
the population to avoid from trapping into the local 
optimum that is done based on Cauchy mutation 
[34]. This mechanism can be modeled as follows:

( )( )tan 0.5  Chy π σ= × −    (22)

where, σ  is a random value between 0 and 1.
Based on the above equation, the current 

optimal solution for the MA based on this 
mechanism is obtained as follows:

( ) ( ) ( )1 1new new
i ix t x t Chy+ = × +   (23) 

where, ( )ix t  signifies the candidates before 
mutation and ( )1new

ix t +  describes the new 
candidates after mutation. Here, the cost values 
of the mutation value and the current optimal 
candidate have been compared and the new 
candidate has been defined.

2.9. Algorithm validation
This section investigates the efficiency analysis 

of the presented IMA by implementing it on four 
test functions including Ackley function, Sphere 
function, Rosenbrock function, and Rastrigin 
function. To give clearer analysis, its results are 
compared with some various metaheuristics. This 
will indicate the main capabilities of the proposed 
IMA. In the following, the utilized functions have 
been defined. The following part, defines these four 
benchmark functions. 

A) The Sphere is a function with decision 
variables ( ix ) in the range [−5.12, 5.12] that is 
defined by the following formula:

( ) 2
1

1

d

i
i

f x x
=

=∑    (24)

B) The Rastrigin is a function with decision 
variables in the range [−1.28, 1.28] which is 
formulated as follows:

( ) ( )( )2
2

1

10cos 2 10
d

i i
i

f x x xπ
=

= − +∑    (25)

C) The Ackley is another function with decision 
variables in the range [−32, 32] that is formulated 
in the following:
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Fig. 4. The two-dimensional diagram of the utilized test functions 
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( ) 2
3

1

120exp 0.2
d

i
i

f x x
D =

 
= − −  

 
∑

- ( ) ( )
1

1exp cos 2 20 1
d

i
i

x exp
D

π
=

 
+ + 

 
∑    (26)

D) The Rosenbrock is a function with decision 
variables in the range [−10, 10] that can be 
mathematically modeled by the following equation:

( ) ( ) ( )( )1 2 22
4 1

1

100 1
d

i i i
i

f x x x x
−

+
=

= − + −∑    (27)

The optimal solution for all of the employed 
functions is equal to 0.

The dimension of all benchmark functions is set 
50. Fig. (4) shows the two-dimensional diagram of 
the utilized test functions.

The algorithm validation is performed by 
comparing it with some new and well-resulted 
optimization algorithms such as Improved Whale 
Optimization Algorithm (IWOA) [35], Harris 
Hawks Optimization (HHO) [36], Fruit fly 
Optimization Algorithm (FOA) [37], and the Basic 
MA [33].

To do a reliable result between the suggested 
IMA and the other optimization algorithms, 
all of the algorithms independently runs for 50 
times. Table 1 indicates the final outcomes of the 
algorithms on the test benchmarks.

It is observed from Table that the minimum 
value of the functions belongs to the proposed 
IMA. These minimum values are achieved based 
on obtaining the mean value of 50 independent 
runs that shows the higher accuracy of the 
proposed method. In addition, minimum value 
of the standard deviation based on the suggested 
IMA shows that the proposed method has higher 
robustness toward the others. Fig. (5) shows the 
convergence profiles of the compared algorithms.

As can be seen from Fig. (5), the convergence 
results of the proposed IMA are in the best mode, 
i.e. it has the fastest convergence with accurate 
solution among the others. Also, the basic MA 
is located in the second rank in terms of fast 
convergence

Economic Analysis based on Annual Cost of 
System

For achieving the optimal system cost of the 
study, the Annual Cost of System (ACS) has been 
employed. The ACS is a combination of Annual 
Replacement Cost (ARC), Annual Operation 
and Maintenance Cost (AOM), Annual Fuel Cost 
(AFC) of the DGs, and Annual Capital Cost (ACC), 
i.e. [38]

ACS ARC AFC AOM ACC= + + +    (28)

Table 1. The final results of the algorithms on the test benchmarks 
 

Algorithm  𝑓𝑓𝑓𝑓1 𝑓𝑓𝑓𝑓2 𝑓𝑓𝑓𝑓3 𝑓𝑓𝑓𝑓4 

IWOA [35] 

Min 9.8935 0.0007 0.0011 9.7905 
Max 3.1694e+3 1.9621e+2 1.7503e+5 0.8956e+3 

Mean 1.1108e+3 3.8063e+2 1.1947e+4 34.1711 
std 2.0857e+4 1.8573e+2 2.2967e+4 11.5918 

HHO [36] 

Min 19.5428 0.1895 2.0094 2.8524 
Max 412.6255 1.7648 3.7459 35.3759 

Mean 108.1925 0.6548 4.6358 13.6495 
std 71.6582 0.1567 0.6425 3.5749 

FOA [37] 

Min 4.2451 2.2156e-5 3.8547e-5 0.8135 

Max 4.5864e+2 0.0172 0.0018 0.7548 
Mean 94.5068 0.0062 0.0030 0.8748 

std 257.8308 0.0141 2.0325e-5 0.7061 

MA [33] 

Min 1.4733 6.6160e-21 2.3517e-11 3.5472e-15 
Max 34.8909 2.5060e-19 2.6991e-10 1.8909e-14 

Mean 4.7513 1.4898e-19 1.7094e-10 0.7547e-14 
std 2.7655 0.7952e-19 6.1869e-11 4.3816e-15 

IMA 

Min 0.9502 1.4387e-21 4.0971e-22 2.6948e-17 

Max 33.7060 1.2769e-19 0.3922e-10 1.1712e-14 

Mean 1.9649 0.4218e-19 1.1419e-10 0.1576e-14 
std 2.5469 0.0680e-19 1.6324e-12 0.0975e-15 

 
  

Table 1. The final results of the algorithms on the test benchmarks
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The ARC is an index for achieving the cost of 
substituting the battery storage units through the 
project lifetime. This index can be formulated as 
follows [39]: 

( ),R SF i RARC C F r T= ×     (29)

where, RC  describes the battery storage units’ 

replacement cost (US$), RT  signifies the battery 
storage units’ lifetime in year, SFF  represents the 
sinking fund factor that is a for evaluating the 
future value of a series of equal annual cash flows 
and is achieved by the following [39]:

( ) 11
i

SF T
i

rF
r −=

+
    (30)
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Furthermore, the annual interest rate ( ir ) is 
related to the nominal interest rate 'ir  (the rate 
at which you could get a loan) and the annual 
inflation rate f  as follows [39]:

( )
( )

'

1
i

i

r f
r

f
−

=
+

    (31)

where, '
ir  describes the loan interest (%). The 

ACC for the units which do not require replacement 
through the lifetime of the project (e.g. DGs, PV, 
inverter) is obtained by the following:

( ),CC iACC C CRF r T= ×     (32)

where, CCC  describes the capital cost of 
components (US$) during the lifetime of the 
project in a year, CRF is capital recovery factor 
which evaluates the current value of a series of equal 
annual cash flows and is formulated as follows [25]:

( ) ( )1 / ( 1 1) T T
i i iCRF r r r= × + + −    (33)

where, T defines the system life span which is equal 

to life span of the PV panels [40].
In addition, based on [39], the AOM of the system 
is achieved by the following:

( )1CCC
AOM

T
λ× −

=     (34)

where, λ  signifies the reliability of components.
The concept of optimal process of the hybrid 

power system is illustrated in Fig. (6).
where, ( ( ) /L invP t η ) point to the load demand, 
( )pvP t  describes the total power generated from 

photovoltaic panels, battC  signifies the total power 
produced from battery and min

battC  and max
battC represent 

the minimum and the maximum values for the 
total power produced from the battery storage 
system. The hourly diagram of the case study is 
shown in Fig. (7).

Simulation for optimization is performed based 
on MATLAB© 2017b environment. Improved 
Mayfly Algorithm is employed to achieve the 
optimal arrangement of the studied system. The 
pseudo-code of performing IMA for optimal size 
selection of the hybrid PV/DG/Battery system is 

 

Fig. 6. The optimal process of the hybrid power system 
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Fig. 7. Hourly diagram of the case study 

  

Fig. 7. Hourly diagram of the case study

presented below:

1. Start
2. Initialize the Mayfly population and number of 

iteration, iter
3. i=0
4. initialize the Mayfly algorithm parameters (a_1 

and a_2)
5. Evaluate the objective function, ACS (Eq. (28))
6. Select the best candidates from the minimum 

ACS values
7. Update the candidates’ position based on 

algorithm
8. Determine , ,PV batt DGN N N
9. Evaluate the objective function for new agents
10. Select the best agents and replace with the elder 

best agents if they are better than them
11. i=i+1
12. if i<iter
13. Go to (4)
14. else
15. End

Simulation Results
As aforementioned, the main purpose of 

this study is to optimal size selection of a hybrid 
renewable energy system based on a new designed 
metaheuristic, IMA, to present an optimal 
arrangement for PV panels, DGs, and battery 
storage units. The idea is to minimize the annual 
total cost of the hybrid system based on IMA. 
Simulations are applied based on MATLAB 
R2017b environment. The designed study is then 
employed for using in in a remote area in Maowusu 
Desert, China. For achieving a fair analysis of the 
IMA, its results are compared with Particle Swarm 
Optimization (PSO) and Gray Wolf Optimizer 
(GWO) algorithm from the literature [41], and the 

basic Mayfly Algorithm (MA).  The iteration for all 
algorithms is selected 200 and the population for 
them is set 50. Fig. (8) illustrates the convergence 
diagram of the compared algorithms. 

As it is observed from Fig. (8), the IMA with 62 
iteration for converge has the fastest convergence 
response for achieving the optimal solution. The 
MA, PSO, and GWO algorithms with 63, 85, 
125 iterations are in the next ranks. However, 
despite PSO has faster convergence than the 
GWO, its accuracy is lower that GWO (premature 
convergence). Table 2 illustrates the efficiency of 
the compared algorithms for optimal size selection 
of the hybrid renewable energy system.

As can be observed, although the PSO is easy 
to implement and has lower computational cost 
from the other algorithms, its convergence is slow 
compared with the others. In contrast, the IMA 
has the best results of premature with leading to 
1.6821e4$ cost that is less than the PSO, GWO, 
and the basic MA with 1.6870e4$,1.6836e4$, and 
1.6825e4$, respectively. Therefore, the suggested 
IMA with 28 numbers of photovoltaic panels, 88 
numbers of battery storage units, and 1 DG unit 
presents the best configuration. However, the 
results show that using metaheuristics totally give 
close solutions to each other. Table 3 illustrates the 
required parameters for the considered system [38].

Fig. (9) illustrates the variations of the DGs, 
photovoltaic panels, and battery units during 
optimization process based on IMA.

It is observed from Fig. (9) that more numbers 
of PV panels, minimize the operation of DGs. 
Although, by reducing the fuel cost of DGs, the 
capital cost of PV panels is increased. Also, with 
more numbers of  PV panels and battery units, the 
ACS is affected significantly (see also Table 2). 

Simulation results similarly show that the annual 
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capital cost includes the most expensive part of 
system that requires to be minimized, significantly. 
Fig. (10) shows optimal size of elements for various 
values of total cost achieved by the IMA.

As can be observed, although the components 
configurations are similar, the total cost 
approximately decreases or increases with the 
changes in the parameters. Fig. (11) shows the 
costs of different components during the system 
optimization by IMA.

As it is observed from Fig. (11), the total most 
expensive cost element is ACC. After optimization, 

the annual capital cost is given in Fig. (12).
As it is observed from Fig. (12), the most 

significant cost of the system belongs to the ACC of 
PV panels with 9480 US$. Also, it can be observed 
that the ACC of the DG system with 40.19 US$ has 
the minimum value based on the proposed IMA. 
Table 2 also exposes that the suggested system 
can protect the energy supply to the load demand 
which help the presented formation to cut down 
the cost (See Fig. 13).

For more analysis, the sensitivity analysis of 
the system, including the impact of variations in 

 
Fig. 8. The convergence profile of the compared algorithms 
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Table 2. The performance of the compared algorithms for optimal size selection of the hybrid renewable energy system 
 

Components PSO GWO MA IMA 
PV panels 36 30 28 28 

Battery unit 88 88 88 88 
DGs 2 1 1 1 

AFC ($) 462.6 485.4 472.2 470.8 
ARC ($) 5850.0 5543.7 5758.1 5380.5 
AOM ($) 154.4 166.3 157.2 153.8 
ACC ($) 10403.0 10640.6 10437.5 10815.9 
ACS ($) 1.6870e4 1.6836e4 1.6825e4 1.6821e4 

 
  

Table 2. The performance of the compared algorithms for optimal size selection of the hybrid renewable energy system

Table 3. The required parameters for the considered system [38] 
 

Parameter Value Unit Parameter Value Unit 
𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖′ 8.25 % Emission factor 2.5 Kg/kWh 
𝑓𝑓𝑓𝑓 8.17 % Cost of DG 79 US$/kW 

System lifetime 20 years Cost of PV 1300 US$ 
Battery unit lifetime 10 years Cost of battery unit 1000 US$ 
PV panels lifetime 20 years Cost of inverter 138 US$ 
Inverter lifetime 20 Years Fuel cost 075 $/1 

 
  

Table 3. The required parameters for the considered system [38]
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the inverter performance and load level on the 
system optimization have been examined. Table 4 
illustrates the optimization results of three different 

values for the inverter performance and also the 
impact of load variations. 

As can be observed, increasing inverter 

 
Fig. 9. The variations of the DGs, PV panels, and battery units during optimization process based on IMA 

  

0 10 20 30 40 50 60 70 80 90 100
Number of Iteration

20

40

60

80

100

120

140 NDG
Npv
Nbatt

Fig. 9. The variations of the DGs, PV panels, and battery units during optimization process based on IMA

 
Fig. 10. The optimal size of elements for various values of total cost achieved by the IMA 
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Fig. 11. The costs of different components during the system optimization by IMA 
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Fig. 12. The annual capital cost of the system during the system optimization by IMA 
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Fig. 13. Annual energy product for each component of the system 
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Table 1. The final results of the algorithms on the test benchmarks 
 

Algorithm  𝑓𝑓𝑓𝑓1 𝑓𝑓𝑓𝑓2 𝑓𝑓𝑓𝑓3 𝑓𝑓𝑓𝑓4 

IWOA [35] 

Min 9.8935 0.0007 0.0011 9.7905 
Max 3.1694e+3 1.9621e+2 1.7503e+5 0.8956e+3 

Mean 1.1108e+3 3.8063e+2 1.1947e+4 34.1711 
std 2.0857e+4 1.8573e+2 2.2967e+4 11.5918 

HHO [36] 

Min 19.5428 0.1895 2.0094 2.8524 
Max 412.6255 1.7648 3.7459 35.3759 

Mean 108.1925 0.6548 4.6358 13.6495 
std 71.6582 0.1567 0.6425 3.5749 

FOA [37] 

Min 4.2451 2.2156e-5 3.8547e-5 0.8135 

Max 4.5864e+2 0.0172 0.0018 0.7548 
Mean 94.5068 0.0062 0.0030 0.8748 

std 257.8308 0.0141 2.0325e-5 0.7061 

MA [33] 

Min 1.4733 6.6160e-21 2.3517e-11 3.5472e-15 
Max 34.8909 2.5060e-19 2.6991e-10 1.8909e-14 

Mean 4.7513 1.4898e-19 1.7094e-10 0.7547e-14 
std 2.7655 0.7952e-19 6.1869e-11 4.3816e-15 

IMA 

Min 0.9502 1.4387e-21 4.0971e-22 2.6948e-17 

Max 33.7060 1.2769e-19 0.3922e-10 1.1712e-14 

Mean 1.9649 0.4218e-19 1.1419e-10 0.1576e-14 
std 2.5469 0.0680e-19 1.6324e-12 0.0975e-15 

 
  

Table 4. The optimization results of three different values for the inverter performance and also the impact of load variations
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performance help the power system to use a 
smaller number of PV panels and batteries or level 
of the hybrid power production system. Therefore, 
the hybrid system cost is decreased. Furthermore, 
by improving the inverter efficiency, the sensitivity 
of the system is enhanced. Table 4 also indicates 
that demand enhancement increases the number 
of photovoltaic panels and batteries in the system 
which accordingly increases the cost of the hybrid 
system. 

3. CONCLUSION 
The paper presented a new methodology for 

optimal size selection of a hybrid PV/DG/Battery 
system in a remote area in Maowusu Desert, China. 
The main purpose of the paper was to minimize the 
total annual cost of the system to find the optimal 
number of PV panels, DGs, and battery storage 
units. To achieve results with higher efficiency in 
terms of convergence, accuracy, and consistency, a 
new improved version of Mayfly Algorithm (IMA) 
was presented. The suggested system based on 
IMA included 28 PV panels, 88 battery units, and 
1 DG unit for the system. Simulation results of the 
proposed method were compared with some other 
algorithms from the literature. the results indicated 
that using the suggested hybrid system minimized 
the operational cost of the system. The simulation 
results showed the dominance of the proposed 
IMA than the other compared methods in system 
cost minimizing. 
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