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ABSTRACT
Renewable energy technology is quickly developing in last decades due to the increasing attention of 
countries to sustainable and clean energy, and is constantly evolving in terms of technology. Nevertheless, 
there are obstacles to this case, such as rising costs and declining reliability due to the volatility of 
renewable power resources. Renewable technologies with the aim of using one source to cover other 
weaknesses, is one way to overcome these obstacles. In the present paper, a technique for optimum 
sizing of the components in a hybrid renewable power system (HRPS) consists of PV panels, electrolyzer, 
fuel cell, wind turbines, and the converters has been studied with keeping the value of the Net Present 
Cost (NPC) minimum. For giving a more efficient power generation cost, the optimization is obtained 
by using an Adaptive version of Wildebeest Herd Optimizer (AWHO). The main profit of the suggested 
algorithm is to resolve the main disadvantages of the other metaheuristic from the literature, like 
reliability, convergence speed, premature convergence, and accuracy, as it is possible. The proposed 
system is performed to a real-world case study in Yantai, China. Simulation results are put in comparison 
with several latest methods.
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1. INTRODUCTION
Global environmental concerns and the 

growing need to use energy, along with sustainable 
advances in renewable energy technologies, have 
led to the development of new forms of public use 
of renewable energy sources. Meanwhile, wind 
and solar energy have grown faster than different 
renewable resources. The utilization of solar energy 
and wind turbines (WT) leads the distributed 
generating system to an unstable generation 
system. It also significantly reduces the reliability 
of the production system. The biggest problem 
in using wind and solar energies is the variable 

wind speed and sunlight irradiation, respectively 
makes the variable production capacity for wind 
turbines and photovoltaic systems. However, the 
combination of wind turbines and solar systems 
with other energy sources increases the reliability 
of the electricity generation system and makes the 
electrical power output almost independent of 
time. In addition, the production of energy near use 
centers removes the requirement to build voltage 
transmitting lines close to villages and towns. A 
group of renewable power generation systems 
that are powered by different power resources and 
perform together with each other are known as 
hybrid renewable energy systems (HRES). Because 

http://creativecommons.org/licenses/by/4.0/.
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these systems are powered by two or more different 
energy sources, they are more reliable than systems 
that include one resource for electricity generation. 
Generally, it can be said that solar and wind are one 
of the most common of these power resources, and 
combinations of PV systems and wind turbines can 
achieve the requirements of the grid properly and 
extensively. 

The best alternative for short-term power 
production are lead-acid batteries that will not be 
applied for long-term storage. Over the long term, 
by electricity conversion into 2H  by an electrolyzer, 
it will be saved as the primary fuel of the fuel cell 
(FC) for later use. Thus, the production of 2H  
gives a proper path for the production of electrical 
power by wind power and decreases the significance 
of fossil fuels. FCs include high potentiality as a 
power source for future in combined structures 
because of lots of benefits (like high energy 
conversion efficiency and higher environment-
related friendliness) and quick technological 
progresses. 2H , after extraction from hydropower 
or hydrocarbon resources, has been assumed as 
a stable fuel in power production resources by 
FCs. Today, because of the solar and wind energy 
production resources expansion in various regions 
and having more and cheap energy when it is not 
needed, it has become possible to extract hydrogen 
from the water electrolysis process. Thus, the 
utilization of FCs in combined structures as a 
resource of production and conversion of energy 
together with sources of power production from 
the sun and wind is a serious option.

Several research works were done in this subject 
[1, 2]. For example, Muh and Tabet [3] analyzed 
the possibilities of an HRES for remote areas in 
southern Cameroons by the climate condition. The 
system has been modeled b HOMER environment 
to the assessment. The study considered nine 
HRES based on different components. The results 
indicated that using PV/diesel/small hydro/battery 
gives the best economic system for the case study.

Sadeghi et al. [4] proposed a multi-objective 
optimal sizing of micro-grid resources in the 
presence of the electric vehicle (EV).  The process of 
optimization has been done by the PSO algorithm. 
The Monte Carlo Simulation was used for modeling 
the uncertain behavior of the EV. Simulation results 
indicated that the EV rises the system robustness. 
Also, a sensitivity analysis was done for analyzing 
the reliability of the system.

Aljohani et al. [5] employed a metaheuristic 

technique to control, balance, and operation of 
hybrid microgrids by considering the renewable 
energy sources and EVs charging structure. The 
method for control of the system guarantees the 
levels of stability of both frequency and voltage 
under severe conditions. The presented technique 
was validated and compared with some other 
competitors. Final results indicated the efficiency 
and reliability of the suggested method.

Wu et al. [6] proposed the feasibility of the whale 
optimizer (WO) and flower pollination optimizer 
(FPO) coupled with extreme learning machine 
(ELM) model for forecasting in a month. Two 
combined designs have been proposed for monthly 
prediction of the Poyang Lake Basin located in 
Southern China. Final achievements showed that 
both algorithms give good achievements toward 
the other well-known models. 

Othman et al. [7] proposed a new optimized 
Enhanced Nature-Inspired Meta-Heuristic 
(ENIMH) algorithm to progress the dynamic 
performance of the microgrid (MG). The study 
developed this method to separate the degrees of 
similarity of the optimum members and the rest 
members of the present individuals. The algorithm 
was used for optimization of the PID parameters of 
the MG. The considered methodology was to select 
the parameters to minimize the system frequency 
fluctuations in the MG. Simulation results proved 
that ENIMH optimization algorithm has a good 
capability to realize the best solutions. Based on 
previous researches, some optimization algorithms 
have been suggested to optimize the HRES 
configurations.

The present work presents a hybrid fuel cell-
based HRES to give a reliable result than the battery-
based systems. Based on the proposed method, 
if there is surplus production by the system, the 
extra energy is stored by electrolyzer by generating 
hydrogen to store in the tank to utilize during 
the peak load times for power generation and for 
helping the primary generation units, i.e. PV panels 
and wind turbine. Furthermore, to give an optimal 
size for the components, a new adaptive version of 
Wildebeest Herd Optimizer is proposed. The main 
advantage of the proposed optimizer is to refine 
the main drawbacks of the other metaheuristic 
from the literature, such as premature convergence, 
convergence speed, accuracy, and reliability as it 
is possible. The main idea of optimization in this 
study is to optimal select of components’ sizes to 
lessen the Net Present Cost (NPC).
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2. THE MATHEMATICAL MODELING OF THE 
COMPONENTS

The main purpose of modeling is to provide a 
comprehensive mathematical model by governing 
equations of processes within the system so that 
new technologies in the field of wind and solar-
to-electric energy conversion can be developed, as 
well as advanced energy conversion technologies 
such as fuel cells and Electrolyzer and also other 
storage technologies like batteries and hydrogen 
storage tanks. The main configuration of the 
studied system here considers PV system and wind 
turbine units as the primary movers of the HRES 
and also storage units including hydrogen storage 
and electrolyzer for using in the fuel cell system for 
improving the HRES reliability. Fig. (1) shows the 
major configuration of the investigated system.

During the process, if excess energy has been 
generated, it is used for electrolyzing water to 
extract hydrogen and saving it in the hydrogen 
tanks for the peak load and energy deficiency 
times. In other words, if the produced electricity 
will not meet the load demand, the stored energy 
in the tanks will be used to energize the fuel cell 
and consequently to generate extra electricity to 
provide enough energy of the demand [8]. The 
modeling of each component is described in the 
following mathematically.

2.1. WT
WTs are systems for converting the kinetic 

power of wind into the electricity. The purpose of 
wind turbine modeling is to calculate the output 
power of a wind turbine and to investigate various 
processes and interactions between its components. 

The rotor, gearbox and shaft connected to it, as 
well as the generator, are the main components 
of the WT on the basis of which the WT model is 
developed.

The energy in the wind can be extracted by 
passing it through the blades and then transferring 
the blade torque to the rotor of a generator. In this 
case, the amount of conversion power depends on 
the wind density, the area swept by the blade, and 
the wind speed cube. In this way, the amount of 
convertible power in the wind can be obtained as 
follows:

( ) 2 31
2turb turbP t n r Vα ρ π= × × × × × ×

 
(1)

where, turbP  describes the power converted 
(watts), turbn  determines the number of connected 
turbines, α  signifies the efficiency factor of the 
turbine, ρ  represents the wind density (kilograms 
per cubic meter), r  defines the radius of the turbine 
blades (meters), and V  stands for the wind speed 
(meters per second). 

And the outputted mechanical energy WTP  of 
the WT is as follows:

( ) ( )WT turb pP P t C λ= ×
 

(2)

where, pC  signifies the power coefficient, and 
λ  describes the tip speed ratio and is achieved as 
follows:

/m mR Vλ ω= ×  (3)

where, R  describes the turbine radius, mω  
signifies the angular speed, and mV  represents a 

 

Fig. 1. The proposed HRES 
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certain wind speed that is obtained from [9].
Since the height has a direct impact on the 

wind speed, the following model can be used to 
determine wind speed due to the roughness of the 
earth’s surface [10]:

( )
( )

2

2

11

ln

ln

h d
V t z

h dV t
z

− 
 
 =

− 
 
   

(4)

where, ( )1V t  and ( )2V t  are the wind speed 
at height 1h  and 2h , respectively, z  describes 
the roughness length (meters) and, and d  is the 
thickness of the displacement layer (meters). 

Explain that based on the surface roughness 
class and d  are determined based on the position 
and height of the obstacles in the wind path and 
their values are available in the references. If 
there is no obstacle in the wind path to the wind 
turbine, the value of d  will be zero. The value of 
z  is 0.2 and 0.11 for normal and high wind-speed 

condition, respectively [11]. If there is an electricity 
deficiency, a part of the wind energy is dedicated to 
be rectified and to be employed in the electrolyzer. 

2.2. Photovoltaic system
A photovoltaic (PV) is a device made of 

semiconductor compounds to convert the sunlight 
and the solar energy into the electricity. The 
output power of a photovoltaic is mathematically 
formulated as follows [12]:

pv PV pv pvP n V I= × ×
 

(5)

where, PVn  describes the number of connected 
turbines, pvI  signifies the PV current, and the PV 
voltage defines obtained as follows [12]:

( )1 pv dc
pv dc

D V
V V

n
− ×

=
 

(6)

Where, pvD  describes the duty cycle of the DC/
DC boost converter connected to the PV module, 
n  defines the transformer ratio, and dcV  signifies 
the output voltage of converter on the DC bus. PV 
modules in this study are assumed to be in the 
power point tracking (PPT) system to develop the 
PV system efficiency, especially for off-grid hybrid 

applications [13]. 

2.3. Converters
The converter is a device to convert electricity 

from one mode into another mode. As can be 
observed from Fig. (1), two types of converters 
(rectifier and inverter) are utilized in the present 
study. The rectifier in this study is used to convert 
the generated AC power voltage based on the wind 
turbine into the DC power voltage for using in the 
electrolyzer. This can be modeled by the following:

, , 
t t

rec out rec rec inP Pη= ×
 

(7)

, 
t t

rec in TP P=
 

(8)

, ,
t t

rec out El inP P=
 

(9)

Furthermore, the system applies an inverter 
to convert the DC voltage electricity produced 
using the fuel cell into the AC voltage power to fed 
into the load or the main grid. This is modeled as 
follows:

( ) ( ), ,inv out inv inv inP t P tη=
 

(10)

( ) ( ) ( ), inv in FC PVP t P t P t= +
 

(11)

2.4. Hydrogen storage unit
One of the main purposes of the present 

method is to provide the required energy of the 
output load in most hours of the day and night, 
regardless of the weather conditions and the 
amount of production of input sources. It is clear 
that in order to achieve such a goal, we need an 
energy storage unit. Chemical batteries can be 
one of the possible choices for this purpose, but 
disadvantages such as high cost, limited capacity, 
short life, and especially the chemical pollution that 
these batteries sometimes bring with them, make it 
less likely to be used. In the current system, we have 
replaced the hydrogen fuel unit to perform battery 
functions. This unit is mathematically modeled 
based on the energy stored in it at time t which is 
defined by ( )

2HE t  as follows:

( ) ( )2 2

1 1t t t t
H H t s EL s s FC

s

E t E d P Pη
η

+
− −= × × × × − (12)

For achieving the value of the stored hydrogen, 

2

1t
HM + , we have:
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(13)

where,

2 2 2
 min max

H H HM M M≤ ≤
 

(14)

Such that the maximum limit, 
2

,max
HM  of the 

stored hydrogen is set by the tank’s maximum 
capacity and the minimum limit, 

2

min
HM  shows 

that the tank should be completely empty. Here, 
minimum volume of the tank is set 5%.

2.5. Electrolyzer
Electrolyzer is a device that electrolyzes the 

water (H2O) into its components, hydrogen (H2) 
and oxygen (O2). This process in feasible by applying 
a direct current to its electrodes. Afterward, the 
hydrogen has  been extracted and stored in a tank 
(in pressure of 3 Mpa [14]) to fed into the fuel cell 
(at pressure of 120 kpa) in the needing time. For 
using an efficient results, the hydrogen should be 
stored in a higher pressure [15]. The stored power 
value of the electrolyzer is obtained as below [16]:

,
t t

EL s EL EL inP Pη− = ×
 

(15)

2.6.  PEMFC 
A FC is a system for generating electrical power 

from a chemical reaction. All FCs include two 
electrodes : cathodes and anodes. Even though, 

2H  is the major fuel in the fuel cell, 2O  is required 
for reaction configuration. A main advantage of a 
fuel cell is that it produces electrical power with the 
minimum pollution. In this study, Proton Exchange 
Membrane Fuel Cell (PEMFC) was utilized due 
to its numerous advantages such as large current 
density, compact construction, solid electrolyte, 
fast start-up, and low working temperature [17]. 
The power of the PEMFC is considered In the 
following:

t t
FC FC FC sP Pη −= ×  (16)

where, FCη  describes the performance of the 
PEMFC and is considered 0.5 [18].

3. SYSTEM COST 
The present study uses an economic analysis for 

the distribution generation and system efficiency. 

The problem has the replacement cost (RC), 
the capital cost (CC), and the maintenance and 
operation costs (MC and OC) without considering 
the fuel cost due to not using it. Here, NPC has 
been utilized for the system optimization. This case 
can be formulated as follows:

( )&
1

,capital Replacement O MNPC N C C k C
CRF ir R

 
= × + × + ×  

 
(17)

where, capitalC , ReplacementC , and &O MC  
represent the CC, RC, and the MC and OC, and:

( ) ( )
( )

1
,

1 1

R

R

ir ir
CRF ir R

ir

× +
=

+ −
 

(18)
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  −  = 
 
  

 

(20)

where, N  describes the optimal number of 
each component. Finally, the objective function 
represents the sum of all NPCs, i.e.

w el tank

FC PV Rect inv

NPC NPC NPC NPC
NPC NPC NPC NPC

= + + +
+ + +

 
(21)

The above equation gives a complicated 
and nonlinear problem that is hard to solve by 
the classic optimization algorithms. therefore, 
a proper concept for this problem solving is to 
apply the metaheuristics. However, each kind of 
metaheuristic has its advantages and disadvantages, 
we aimed to design and perform a new adaptive 
technique to solve the presented optimal sizing 
problem.

4. ADAPTIVE WILDEBEEST HERD 
OPTIMIZATION
4.1. Preface

Several techniques have been found in the 
literature for solving the optimization problems. 
Before, classic techniques have been used for 
achieving these problem kinds. But, by increasing 
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the complexity of the problems with their 
nonlinear dynamics, classic methods fail in some 
problems. Recently, for refining this drawback, 
metaheuristic algorithms have become very 
popular. Metaheuristics are a kind of optimization 
algorithms with no need to differentiation such 
that they find the best solution based on their 
stochastic nature. Metaheuristics usually inspired 
by different phenomena, such as PSO optimizer 
that is an inspiration of the birds’ flocking behavior 
[19-21], World Cup Optimizer (WCO) that is 
an inspiration of competitions of FIFA [22, 23], 
Emperor Penguin Algorithm (EPA) that is an 
inspiration of the emperor penguins’ life behavior 
[24-26], and Butterfly Optimizer (BO) that is an 
inspiration of the foraging behavior of butterflies 
[27, 28]. Here, we worked and improved a new bio-
inspired algorithm, which is the Wildebeest Herd 
Optimizer (WHO). The WHO is an inspiration 
of the Wildebeest herds’ food searching. The real 
wildebeests live together of tens of thousands, 
migrating long distances in search of food and 
water where food and water are available, rival 
males compete for land control, and gather female 
ones for the mating and reproduction. Wildebeests 
are hunted by predators such as lions, cheetahs, 
hounds and hyenas. A summary of the behavior 
of the wildebeests has been given in the following. 
The mathematical formulation for this algorithm is 
given in the following.

4.2. Basic wildebeest herd optimization
Like any other metaheuristics, WHO starts 

with a number of random populations that are 
wildebeest in grassland (search space). The initial 
population is defined by the following:

[ ],  i min maxX X X∈
 

(22)

where, 1,2, ,i N= …
After algorithm initialization, the later phase 

is local motion of the wildebeests based on their 
milling Behavior, which is designed with assuming 
a fixed amount n  as a small random motion 
about the solution positions and proceed to the 
best-found position. A random tentative step nZ  
occupied by an individual in the position X  
should equally discover all directions with small 
random steps. The step size for the individuals is 
random that help to achieve adjustable length. This 
is done by a multiplication with ε α× . Therefore, 
the local tentative step nZ  is mathematically 

modelled as follows.

 n iZ X ε θ ν= + × ×  (23)

where, iX  signifies the position of the thi  
individual, ε  defines a small amount as learning 
rate parameter, θ  is a uniform randomly amount 
in the range [0, 1], and ν  is a randomly unit vector.

Afterwards, a fixed number ( n ) of small 
random tentatively are taken and the wildebeest has 
been gone to the optimum position stochastically, 
i.e.

( )* *
1 1  i n i nX Z X Zα β= × + × −

 
(24)

where,  and 1β  represent the parameters for 
control the local motion of the individuals.

The next step is to simulate the wildebeests’ 
herd instinct that models the wildebeests’ 
movement towards each other. This is modeled by 
performing a random individual in the herd and 
move in that individual’s direction if there is higher 
probability of fertile grassland to that individual. 
i.e. this movement will be performed if the another 
individual is located in a location with better 
resource of food, which can be mathematically 
defined as follows:

2 2  i i hX X Xα β= × + ×  (25)

where, hX  describes randomly selected 
fitter individual, and 2α  and 2β  represent the 
parameters for control the local movement of the 
individuals.

For modeling the starving avoidance, i.e. 
avoiding from the lands without enough food 
source is based on modeling the algorithm to evade 
from the worst solutions and can be obtained as 
below:

( )  ˆ:i i max minX X X Xθ ν= + × − ×
 

(26)

where, ν̂  describes a random unit vector.
Another point of food searching in the herd 

is the part that has a crowded population due 
to the grass fertility. In WHO, this part has been 
designed as “population pressure”. This subject 
makes a conflict among the individuals to compete 
to possess the position with fertile grass. During 
the process, the strongest one conquer the rest 
competitors and kick out them, which can be 
modeled as below:
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( ) ( )* *     1i c iif X X and X Xδ− −
 

(27)
* ˆ: ithen X X nε= + ×

where, cδ  is the distance threshold to scape 
crowding in areas, and n̂  signifies number of 
exploitative steps around best solution.

The final step is to model the social memory 
of the herd for the well positions. This is defined 
as “herd social memory”. This parameter is 
mathematically modeled as follows:

* 0 ˆ.1X X ν= + ×  (28)

4.3. Adaptive wildebeest herd optimization
As before explained, the wildebeest herd 

optimizer is a new metaheuristic technique for 
solving the optimization problems. Since, this 
algorithm is newly introduced by the researchers, 
it has occasionally face with different issues. The 
locations of wildebeest in the search space have 
been distributed randomly. Without any adjacent 
sparrow surrounding the existing population, it 
will slow down the convergence tendency and 
reduces convergence precision during the limited 
iterations number. An adaptive learning factor is 
proposed for resolving this issue. The mathematical 
formulation for the adaptive learning factor on the 

thi  wildebeest in the tht  iteration is as follows:

1
1

t
i ve
γ −=

+  
(29)

where, v  describes the cost amount’s qualified 
change rate for the wildebeest in the range ( ]0,  2  
that is obtained by the following:

( ) ( )
( )
t t
i best

t
best

f X f X
v

f X ε

−
=

+
 

(30)

where, ε  is the minimum fixed value to escape 
from zero-division-error, t

iX .  determines the 
thi  individual of the wildebeest at iteration t , 
( )t

if X  is the cost amount of the thi  wildebeest at 
t , ( )t

bestf X  determines the optimum cost amount 
of the wildebeest iteration t . Based on the defined 
formulation, the herd social memory is updated as 
follows:

* ˆ0.1t
iX Xγ ν= × + ×  (31)

Furthermore, to improve the ability of the 
proposed AWHO to prevent from trapping in 
the local optimal, and to escape the premature 
convergence, the DE/best/1 mutation mechanism 
along with dynamic scaling factor are utilized. This 
is done based on the following equation [29]:

( )1 2
t t t t t
i best i r rX s X Xµ = + × −

 
(32)

where, t
iµ  signifies the mutant vector, 

[ ]1 2 1,2, ,r r m≠ ∈ …  represt random values. t
if  

describes the scaling factor which is obtained by 
the following:

( ) ( ) ( )
( ) ( )

t t
i bestt

i i f i t t
worst best

f X f X
f s s s

f X f X

−
= + − ×

−
(33)

where, is  and fs  are two constants as the 
initial and the final coefficients, respectively and 
the crossover procedure was done to create a 
trial vector, ( )1 2, , ,t t t t

ij i i idV V V V= …  by the following 
equation:

( ), 0        0,1
                                        

t
t i r

i t
i

if r r and rand
V

X otherwise
µ ρ = ≤

= 


(34)

where, r  describes a d-dimension vector and 
[ ]0 1, 2, ,r d∈ …  is a dimension randomly, and 

ρ  signifies the cross probability that is between 
0 and 1. The individuals is then renews as follows:

( ) ( )      

                     

t t t
i i it

i t
i

V if jf V f X
X

X otherwise

 <= 
  

(35)

4.4. Algorithm Validation
To assessment of the performance of the 

Adaptive Wildebeest Herd Optimization 
Algorithm, 10 popular unimodal and multimodal 
test functions have been employed from [30]. 
The mathematical formulation of the utilized 
benchmark functions is tabulated in Table 1. The 
functions are extracted from CEC2014 benchmark 
functions. 

Fig. (2) shows a 2-D versions of the studied 
functions for more clarification.
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The suggested Adaptive Wildebeest Herd 
Optimization algorithm is then compared with 
five well-known metaheuristics and also the basic 
Wildebeest Herd Optimization algorithm to show 
its higher effectiveness. The employed algorithms for 
the comparison are poly-hybrid PSO Optimization 
(PSO/HJ) [31], Gravitational Search optimizer 
(GSO) [32], Multi-verse algorithm (MVA) [32], 
Spotted hyena optimizer (SHO) [33], and the 
basic Wildebeest Herd Optimization algorithm 
[34]. The main parameter sets for the optimization 
optimizers have been tabulated in Table 2.

All of the algorithms have been independently 
run for 35 times in each test. The highest amount 
of the iterations and the size of population for all 
of the optimizers equal respectively 300 and 100, to 
give fair results. Also, highest amount of function 
evaluation is assumed as termination condition. 
The dimension for benchmarks is set 30. 

For analyzing the performance of the suggested 
AWHO algorithm and the other comparative 
algorithms, four indicators are employed. The 
indicator “std” which defines the standard deviation 
value of the results, the indicator “Median” that 
defines the median of the achieved fitness amounts, 
and the indicators “max” and “min” are the highest 
and the lowest amounts of the functions based 
on the algorithms, respectively. Table 3. indicates 
the comparison achievements of the analyzed 
optimizers on the studied tests.

To better clarification of the results, the box plot 
of the indicators for the comparative algorithms is 
plotted in Fig. (3). 

All of the box plots consider 35 feasible solutions 
and the same solution space has been employed for 
each of them. Generally, as is observed in Table 
3 and Fig. (3), the suggested AWHO algorithm 
gives the lowest amount of the functions that 
accordingly has the maximum precision than the 
rest comparative optimizers. Furthermore, the 
minimum values of the standard deviation value 
by the suggested optimizer indicates the higher 
consistency of the AWHO algorithm over the other 
algorithms. 

5. METHOD OF OPTIMIZATION
As mentioned in section 3, the main indicators 

for the optimization in this study includes the CCs, 
the RCs, the OC and MC of all elements, along 
with the project and components lifecycle and also 
the system efficiency. The study also considers the 
sizes of fuel cells, wind turbines, and hydrogen 
fuel tanks (HFTs) as the decision variables in 
the optimization. During the optimization, the 
following assumptions have been considered:

- The interest rate is considered fixed.
- The Nominal wind speed is considered fixed.
- The Cut-in and the cut-out wind velocity are 

considered fixed.
- The monthly mean in the inputted data is 

Table 1: Employed benchmark functions [30] 
 

Type Function name Equation Optimal 
Value 

Unimodal Rotated High Conditioned Elliptic 𝐹𝐹���� � 𝑓𝑓����� � ���� � 𝐹𝐹�∗ 100 
Rotated Bent Cigar 𝐹𝐹���� � 𝑓𝑓����� � ���� � 𝐹𝐹�∗ 200 

Rotated Discuss 𝐹𝐹���� � 𝑓𝑓����� � ���� � 𝐹𝐹�∗ 300 
Multi-modal Shifted and rotated Rosenbrock 𝐹𝐹���� � 𝑓𝑓� ���2.048�� � ���

100 � � 1� � 𝐹𝐹�∗ 400 

Shifted and rotated Ackley  𝐹𝐹���� � 𝑓𝑓����� � ���� � 𝐹𝐹�∗ 500 
Shifted and rotated Weiestrass  𝐹𝐹���� � 𝑓𝑓� �� �0.5�� � ���

100 �� � 𝐹𝐹�∗ 
600 

Shifted and rotated Griewank  𝐹𝐹���� � 𝑓𝑓� �� �600�� � ���
100 �� � 𝐹𝐹�∗ 

700 

Shifted Rastrigin  𝐹𝐹���� � 𝑓𝑓� �� �5.12�� � ���
100 �� � 𝐹𝐹�∗ 

800 

Shifted and rotated Rastrigin  𝐹𝐹���� � 𝑓𝑓� �� �5.12�� � ���
100 �� � 𝐹𝐹�∗ 

900 

Shifted Schwefel  𝐹𝐹����� � 𝑓𝑓� �� �1000�� � ����
100 �� � 𝐹𝐹��∗  

1000 

 
  

Table 1. Employed benchmark functions [30]
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utilized in the simulation. 
- The data are the PV irradiation and the wind 

speed and the load demand 
- The compressor, anaerobic reactor, and 

reformer have fixed sizes. 
- The produced waste and the hydrogen 

produced from that are considered fixed.

- The efficiency and the components’ lifetime 
similar to the project’s lifetime are considered fixed. 

The suggested AWHO algorithm is initialized 
with a 100 3×  matrix that 3 defines the number 
of decision variables ( , ,PV w HFTN N N ) and 
100 defines the number of populations. The 
optimization problem here is constrained, so the 
algorithm should meet the problem constraints. 

 

   
𝐹𝐹� 𝐹𝐹� 𝐹𝐹� 

   
𝐹𝐹� 𝐹𝐹� 𝐹𝐹� 

   
𝐹𝐹� 𝐹𝐹� 𝐹𝐹� 

 

  

𝐹𝐹��   

Fig. 2. The 2-D versions of the studied benchmark functions  [30] 

 

   

Fig. 2. The 2-D versions of the studied benchmark functions  [30]
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Table 2. The parameter settings of the studied competitor metaheuristics 
 

Algorithm Parameter Value Algorithm Parameter Value 
PSO/HJ [31] acceleration 2.05 MVA [32] Traveling distance rate [0.6, 1] 

Max. speed gain 0.2 Wormhole existence prob. [0.2, 1] 
Ultimate inertia weight - GSO [32] α 20 

Primary mesh size exponent 0 𝐺𝐺� 100 
No. step decreases 4 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 2 

Cognitive acceleration 2.05 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 1 
Constriction gain 1 WHO & AWHO [34] 𝛼𝛼� 0.9 

Primary inertia weight - 𝛽𝛽� 0.3 
Mesh size divider 2 𝛼𝛼� 0.2 

Mesh size exponent increase 1 𝛽𝛽� 0.8 
SHO[33] 𝑀𝑀��⃗  [0.5, 1]   

ℎ�⃗  [5, 0]   
 
  

Table 2. The parameter settings of the studied competitor metaheuristics

Table 3. The comparison achievements of the analyzed optimizers on the studied tests 
 

  PSO/HJ EPO SHO MVA GSO WHO AWHO 

F1 

Max 
Min 

Median 
std 

4.20E+07 
3.42E+06 
7.25E+06 
1.05E+07 

7.15E+07 
4.50E+06 
1.88E+07 
1.13E+07 

2.08E+06 
2.48E+05 
1.22E+06 
4.54E+05 

0.89E+06 
1.18E+05 
5.45E+05 
1.87E+05 

1.15E+07 
1.50E+06 
4.23E+06 
2.31E+06 

4.51E+05 
0.78E+05 
2.45E+05 
1.64E+05 

2.29E+05 
1.53E+04 
1.13E+05 
1.38E+05 

F2 

Max 
Min 

Median 
std 

1.25E+04 
3.67E+03 
7.59E+03 
2.64E+03 

7.45E+06 
1.63E+06 
3.48E+06 
1.27E+06 

3.55E+05 
5.82E+04 
1.39E+05 
7.71E+04 

1.48E+05 
1.94E+04 
2.26E+04 
1.82E+04 

2.57E+05 
3.54E+03 
8.96E+04 
5.78E+04 

5.27E+03 
1.67E+02 
3.95E+02 
6.04E+02 

1.19E+03 
1.43E+02 
3.57E+02 
2.98E+02 

F3 

Max 
Min 

Median 
std 

5.47E+05 
1.88E+05 
3.26E+05 
1.35E+05 

4.85E+05 
4.73E+03 
6.61E+04 
1.85E+05 

1.38E+05 
2.47E+04 
6.32E+04 
2.45E+04 

1.56E+04 
3.44E+03 
3.59E+03 
1.37E+03 

3.45E+04 
3.68E+03 
3.39E+03 
5.96E+03 

1.89E+03 
2.96E+02 
6.58E+02 
2.69E+02 

1.36E+03 
2.25E+02 
3.44E+02 
2.17E+02 

F4 

Max 
Min 

Median 
std 

7.54E+03 
4.35E+03 
5.89E+03 
4.68E+02 

5.38E+03 
3.78E+03 
4.85E+03 
2.67E+02 

4.78E+03 
3.44E+03 
4.65E+03 
2.49E+02 

4.42E+03 
3.68E+03 
3.42E+03 
3.78E+02 

4.42E+03 
3.45E+03 
4.67E+03 
2.48E+02 

3.19E+02 
2.58E+02 
2.88E+02 
2.97E+01 

2.86E+02 
2.32E+02 
2.53E+02 
2.38E+01 

F5 

Max 
Min 

Median 
std 

4.70E+02 
4.70E+02 
4.70E+02 
5.27E-02 

4.70E+02 
4.70E+02 
4.70E+02 
4.22E-02 

4.70E+02 
4.70E+02 
4.70E+02 
3.77E-02 

4.70E+02 
4.70E+02 
4.70E+02 
5.49E-02 

4.72E+02 
4.72E+02 
4.72E+02 
7.48E-02 

4.68E+02 
4.68E+02 
4.68E+02 
4.54E-03 

4.59E+02 
4.59E+02 
4.57E+02 
3.24E-03 

F6 

Max 
Min 

Median 
std 

5.13E+02 
5.06E+02 
5.09E+02 
2.72E+00 

5.07E+02 
5.07E+02 
5.03E+02 
2.24E+00 

5.04E+02 
4.89E+02 
5.01E+02 
2.21E+00 

5.02E+02 
5.01E+02 
5.05E+02 
2.51E+00 

5.18E+02 
5.08E+02 
5.12E+02 
2.07E+00 

4.28E+02 
4.21E+02 
4.26E+02 
1.46E+00 

4.84E+02 
4.79E+02 
4.80E+02 
1.27E+00 

F7 

Max 
Min 

Median 
std 

6.00E+02 
6.00E+02 
6.00E+02 
8.44E-04 

6.01E+02 
6.01E+02 
6.01E+02 
2.64E-02 

6.48E+02 
6.48E+02 
6.48E+02 
1.21E-02 

6.00E+02 
6.00E+02 
6.00E+02 
5.15E-03 

6.00E+02 
6.00E+02 
6.00E+02 
4.45E-02 

8.52E+02 
7.08E+02 
8.01E+02 
4.23E-04 

5.69E+02 
5.69E+02 
5.56E+02 
3.24E-04 

F8 

Max 
Min 

Median 
std 

7.01E+02 
7.00E+02 
7.00E+02 
2.06E-01 

8.39E+02 
7.39E+02 
7.79E+02 
2.07E+01 

7.64E+02 
7.16E+02 
7.32E+02 
1.01E+01 

7.04E+02 
7.00E+02 
7.00E+02 
2.23E+00 

8.64E+02 
8.64E+02 
8.64E+02 
1.27E+01 

6.12E+02 
6.76E+02 
3.07E+02 
2.56E+00 

5.11E+02 
6.00E+02 
2.02E+02 
1.71E+00 

F9 

Max 
Min 

Median 
std 

2.87E+03 
2.35E+03 
2.05E+03 
2.63E+01 

8.73E+02 
8.24E+02 
8.38E+02 
1.14E+01 

8.67E+03 
8.19E+03 
8.35E+03 
1.14E+01 

8.73E+03 
8.24E+03 
8.50E+03 
1.22E+01 

1.08E+03 
8.48E+03 
1.01E+03 
2.50E+01 

1.23E+03 
1.04E+03 
1.14E+03 
4.15E+00 

7.10E+02 
7.00E+02 
7.03E+02 
3.28E+00 

F10 

Max 
Min 

Median 
std 

4.14E+03 
2.34E+03 
3.26E+03 
2.50E+02 

1.24E+03 
1.24E+03 
1.24E+03 
5.68E-01 

2.46E+03 
1.48E+03 
2.47E+03 
3.69E+02 

2.27E+03 
1.02E+03 
1.38E+03 
2.51E+02 

3.45E+03 
1.76E+03 
2.73E+03 
4.45E+02 

6.34E+02 
4.15E+02 
5.36E+02 
4.08E+02 

1.75E+02 
1.62E+02 
1.80E+02 
7.95E-02 

 
  

Table 3. The comparison achievements of the analyzed optimizers on the studied tests
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The main constraints of the problem including for 
PVs and WTs, and HFT are given below.

0  max
PV PVN N≤ ≤  (36)

0  max
WT WTN N≤ ≤  (37)

0  max
PV HFTN N≤ ≤  (38)

where, max
PVN , max

WTN , and max
HFTN  represent the 

maximum number of PV, WTs, and hydrogen fuel 
tanks, respectively.

During the optimization, the total AC power 
output of the wind turbines ( t

WTP ) and PV panels 
( t

pvP ) are compared with the load size ( t
loadP ) 

and the results is saved as t
diffP . This parameter 

includes three situations:

 

 
F1 F2 F3 

 
F4 F5 F6 

 
F7 F8 F9 

 

  

F10  
Fig. 3. The box plot of simulation results for the comparative algorithms on the benchmark functions 
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Fig. 3. The box plot of simulation results for the comparative algorithms on the benchmark functions
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a) If the value of the t
diffP  is positive:

By this condition, the PV system and the Wind 
system can generate surplus energy to utilize for 
hydrogen generation or to sell it to the main grid. 

a-1) If  
2 2

max
H HM M< :

It means that the storage tank has still capacity 
for more hydrogen. Then the surplus energy is 
evaluated compared with the maximum power 
input of the electrolyzer such that if there is still 
more generation, it will sell to the main grid.

a-2) If ( ) ,diff EL maxP t P≤
The surplus energy can be utilized for electrolysis 

and generate hydrogen. Otherwise, the energy can 
be sold to the main grid by ( ) ( ) ,sell diff EL maxP t P t P= − . If 
the hydrogen tank is full, ( ) ( )sell diffP t P t= .

b) If the value of the t
diffP  is zero

By this condition, the generated energy based 
on PV system and the Wind system is enough 
for the local load demand, but there is no surplus 
energy for storing or selling. to the main grid. 

c) If the value of the t
diffP  is negative

By this condition, the PV system and the Wind 
system cannot supply the required energy for the 
load demand and consequently, for providing 
enough energy to the load demand, the fuel cell 
or main grid is utilized. for selecting one of these 
cases, it should first checked that if there is enough 
hydrogen in the tank or not.

c-1) If 
2 2

t min
H HM M>

There is enough hydrogen in the tank to provide 
the electricity deficiency.

c-2) If 0max t
FC diffP P+ >  

Control the hydrogen flow such that 
t max t t

WT FC pv loadP P P P+ + =

C-3) if 0max t
FC diffP P+ =

The remained load demand has been supplied 
by the PV panels, the wind turbines, and the fuel 
cell.

If the generation unit of the hybrid system has 
not sufficient capability to provide the required 
energy of the load demand, the unmet demand 
must be bought from the main grid, so that: 

max t
buy FC diffP P P= + .

In this condition, if there is not any stored 2H  

in the tank, for the FC, the electricity deficiency 
should be supplied from the main grid, i.e. 

( )buy diffP P t= .

6. RESULTS AND DISCUSSIONS
Simulations have been performed to an area, 

namely Yantai. This city is a coastal city on the 
Shandong Peninsula in China. Yantai is a small 
but development area and large container and 
shipbuilding ports. The simulation is based on the 
load consumption and meteorological data of the 
Yantai. This is done for indicating the efficiency 
of the proposed methodology. The verification 
has been done by comparing with some other 
techniques including SHO, MVO, GSA, and the 
basic WHO which are explained before. The 
metrological data has been gathered from the 
NASA surface meteorology and solar energy 
database [35]. The metrological data of the Yantai 
city including daily radiation, wind average speed, 
clearness index, and the temperature in a day are 
shown in Figs. (4)-(6), respectively.

The load profile of the studied case is shown in 
Fig. (7).

The main idea as before mentioned is to conduct 
a proper size for the system components, i.e. size 
of electrolyzer, hydrogen storage, PV panels, and 
number of wind turbines to minimize the NPC 
value. The parameters setting of the algorithms are 
from Table 2 and the simulations are performed by 
the MATLAB 2017b environment. The convergence 
evaluation of the comparative methods has been 
shown in Fig. (8). 

It is dedicated from Fig. (8) that using the 
suggested Adaptive wildebeest Herd Optimization 
Algorithm has the fastest convergence behavior 
against the other contestants, which helps the 
optimizer to get optimum achievements in the 
minimum time. Also, the lowest amount of the 
achievements by the AWHO algorithm gives that 
it has a proper balance of the precision and the 
convergency. Table 4 indicates the achievements of 
the optimal sizing based on the proposed AWHO 
algorithm.

The power generation profile for all of the 
components along with the load demand has been 
depicted in Fig. (9). 

As can be observed from Fig. (9), at first hours of 
the day that there is not enough sunlight irradiation 
and wind speed, the electricity produced by the 
PV unit and the wind turbine are not sufficient; 
therefore, the stored hydrogen in the storage 
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Fig. 4. The metrological information for the solar GHI resource 
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Fig. 5. The metrological information for the wind speed resource 
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Fig. 6. The metrological information for the daily temperature 
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tank is utilized for electricity generation with the 
help of fuel cell. If the generated electricity by the 
hydrogen is not sufficient, the remained required 
energy is supplied by the main grid. Then, during 
the excess electricity generation by the PV and 

Wind at about 8:00, the surplus electricity is used to 
generate hydrogen by the electrolyzer, and to store 
in the storage tank. If the tank volume is filled, the 
remained energy will be sold to the main grid. It 
can be also observed from Fig. (9) that during the 

 

Fig. 7. Electricity demand in Yantai 
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Fig. 8. The convergence evaluation of the comparative methods 
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Fig. 8. The convergence evaluation of the comparative methods

Tab. 4. achievements of the optimal sizing by the suggested AWHO algorithm 
 

Component Optimal capacity 
Fuel cell 95 kW 

Electrolyzer 88 kW 
Hydrogen tank 150 Kg 

Wind generation 530 kW 
PV generation 220 kW 

Rectifier 20 kW 
Inverter 90 kW 

 

Table. 4. achievements of the optimal sizing by the suggested AWHO algorithm
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peak load demand, at about 18:00, the PV and the 
Wind units cannot provide enough electricity to 
the demand, so, the deficiency is supplied by the 
fuel cell.

7. CONCLUSIONS
In recent years, the presence of renewable 

resources in distribution networks and microgrids 
has been growing. However, due to problems such 
as the constant unavailability and inefficiency of 
using these resources have been associated with 
problems. To solve this problem, designers have 
used hybrid systems including several renewable 
resources to overcome these problems. In this 
paper, the minimization costs of supplying the 
energy required for a non-single microgrid by 
optimum components’ sizing of a combined 
structure and lessening the Net Present Cost (NPC) 
to achieve appropriate results was proposed. The 
hybrid system contains of wind turbines, 2H  tank, 
photovoltaic panels (PVs), electrolyzer, and fuel cell, 
along with inverter and rectifier. The optimization 
of the system is performed by designing and 
applying an improved design of Wildebeest Herd 
Optimizer to achieve better results for the system. 
The main benefit of the suggested algorithm is 
to resolve the main disadvantages of the other 
metaheuristic from the literature, like convergence 
speed, premature convergence, reliability, and 
accuracy, as it is possible. The simulation was 
performed to the Yantai, China to give a practical 
viewpoint supply.

NOMENCLATURE
 

turbP power converted

 
turbn number of connected turbines

 
α efficiency factor of the turbine

 
ρ wind density

 
r radius of the turbine blades

 
V wind speed

 
WTP

output mechanical power of the wind 
turbine

 
pC power coefficient

 
λ tip speed ratio

 
R turbine radius

 
mω angular speed

 
mV certain wind speed

 
( )1V t wind speed at height 1h

 
( )2V t wind speed at height 2h

 
iX the position of the thi  individual

 

Fig. 9. The power generation curve for all of the components along with the load demand 
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Fig. 9. The power generation curve for all of the components along with the load demand
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θ uniform random amount from 0 to 1

 randomly selected fitter individual

 
ν̂ a random unit vector

 
n̂

number of exploitative steps around best 
solution

 t
iX the thi  individual of the wildebeest at 

iteration t
 
( )t

bestf X
optimal cost value of the wildebeest 
iteration t

 t
if scaling factor

 
fs final coefficients

 max
PVN maximum number of PV

 t
WTP

overall AC electricity output of the wind 
turbines

 
z roughness length

 
d thickness of the displacement layer

 
PVn number of connected turbines

 
pvI PV current

 
pvD

duty cycle of the DC/DC boost 
converter connected to the PV module

 
n transformer ratio

 
dcV

output voltage of converter on the DC 
bus

 
2

,max
HM

stored hydrogen is set by the tank’s 
maximum capacity

 
2

min
HM

stored hydrogen is set by the tank’s 
minimum capacity

 
FCη performance of the PEMFC

 
capitalC capital cost

 
ReplacementC replacement cost

 
&O MC operation and maintenance cost

 
N optimal number of each component

 
ε

minimum constant value for escaping 
from zero-division-error

1α  and 
1β

parameters for controlling the local 
motion of the individuals

2α  and 

2β
parameters for controlling the local 
motion of the individuals

 
cδ

distance threshold to escape crowding 
in areas

 
v

cost amount’s qualified change rate for 
the wildebeest in the range ( ]0,  2

 ( )t
if X cost value of the thi  wildebeest at 

iteration t
 t

iµ mutant vector

 
is Initial coefficients

 
r d-dimension vector

 max
WTN maximum number of WT

 
t
pvP overall AC electricity output of the PV 

panels
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