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Abstract: In this work, Grey Wolf Optimization (GWO) is applied to the optimization of elliptical and 
concentric elliptical antenna arrays. The objective is to minimize the Sidelobe level and improve the directivity. 
GWO is a nature-inspired meta-heuristic algorithm inspired by the social hierarchy and hunting behavior of 
grey wolves. The obtained optimal values result in a good reduction of the sidelobe level for the elliptical and 
concentric elliptical antenna arrays with an enhancement in the directivity. This makes the designed arrays of 
practical use in the communication systems. 
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1. INTRODUCTION 
Wireless  communication  has  become  vital  
and  essential  in  our  everyday  life.  An 
important contribution to the development of 
this technology is due to the advances by 
leaps in  antenna  design  that  made it 
possible  to  implement  highly  efficient  and  
compact wireless  devices. The  antenna  is  
one  of  the  most  critical  components  in  a  
communication system.  It  is  the transitional  
structure  between the  transmission  line  
and  free  space  through which  the  
electromagnetic  waves  travel.  In  other  
words  it  is  the  system  that  collects  and 
converts the radio waves into electrical 
signals in receiving mode. The opposite is 
done when the antenna is used in a 
transmitter system. The quality of the 
antenna and its characteristics will 
significantly affect the overall performance of 
a wireless communication system. For this 
reason, engineering has  demonstrated great 
interest  for antennas with the objective to 
adapt the conception to  many  applications  
by  improving  the  characteristics  of  the  
antennas  like Directivity, Sidelobe Level 
(SLL), or physical layout such that it suits the 
given application [1-2]. 
It  was  found  that  multiple  antennas  can  
be  combined  to  operate  together,  resulting  
in  an antenna array structure that can 

achieve a better performance, with a more 
flexible radiation pattern  that  can  be 
tailored to meet  the  specifications  thanks  
to  the  various  geometries  the array  can  
take,  and  the  several  possible  ways to  
feed  its  individual  elements. Many  array 
geometries  were  used  in  practice,  from  
simple  configurations  with  few  elements,  
to  more complex arrays having more 
elements such as planar and conformal 
arrays [1-2]. 

An important class of arrays is the elliptic 
array that is used in various applications 
including mobile communications and radar 
thanks to its advantageous geometry and 
angular symmetry [3-4]. Another version of 
this array is the concentric elliptic Array 
(CEA). It consists of elements arranged in 
multiple concentric ellipses that result in an 
antenna with very low SLL. This antenna can 
be optimized further using various 
approaches and different optimization 
techniques [5-7]. 
Optimization has been extensively used in 
several fields of science and engineering to 
solve various problems. This is due to the  
advent  of  modern  global  non-classical  
techniques  that  handle non-differentiable  
and  non-linear complex  functions  in 
conjunction with the processing  power  of  
the quickly evolving computers. Various 
optimization techniques have been used in 
the field of electromagnetics. Examples 
include Genetic Algorithms (GA) [8-9], 
Differential Evolution (DE), and Particle 
Swarm Optimization (PSO) [10-11], that 
belong to the class of evolutionary 
techniques inspired from nature. Other recent 
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techniques have also been employed in 
antenna design such as the Taguchi method 
[12-13], which is based on the concept of 
fractional factorial design, and makes use of 
Orthogonal Arrays (OAs) that significantly 
reduce the number of iterations needed in the 
optimization process. The Galaxy-based 
Search Algorithm (GbSA) is another nature-
inspired metaheuristic technique that mimics 
the behavior of spiral galaxies when 
searching its surroundings [14].  
Grey wolf optimization is a swarm intelligent 
technique developed by Mirjalili et al [15], 
which emulates the grey wolves hunting 
technique and the social hierarchy that are 
mathematically modeled to design GWO and 
perform optimization. GWO algorithm has 
few parameters and easy to implement, 
which make it superior than gravitational 
search algorithm (GSA), particle swarm 
optimization (PSO), and fast evolutionary 
programming [15]. GWO  has  gained  much  
attention  and  has  been  used  to  deal with  
a  number  of practical optimization problems 
such as such as optimal power flow [16], two-
stage assembly flow shop scheduling 
problem [17], unit commitment problem [18], 
feature selection [19],  training  multi-layer  
perceptrons  [20],  optimization  of  reactive 
power dispatch [21], solutions to benchmarks 
generally used to test optimization algorithms 
[22], hyperspectral band selection [23], 
maximum power point tracking [24], and 
optimal tuning of PI- and PID-fuzzy 
controllers [25–27]. In the literature, 
researchers proposed improvements of 
GWO. These are namely: GWO algorithm 
based on Powell local optimization method 
for global optimization and clustering analysis 
[28], a hybrid GWO (HGWO) algorithm with 
differential evolution (DE) [29], evolutionary 
population dynamics (EPD) in the grey wolf 
optimizer [30], Mean Grey  Wolf  Optimizer  
(MGWO) [31], a variant  of  the  GWO  called 
Modified GWO (mGWO) [32] , a modified 
discrete GWO variant L. Li et al. [33], an 
intelligent grey wolf optimizer variant called 
DCS-GWO [34] and finally two novel 
optimization techniques called Salp Swarm 
Algorithm (SSA) and Multi-objective Salp 
Swarm Algorithm (MSSA) for  finding  the  
solution  of  global  optimization  functions 
have been proposed in [34].  
In many applications, it is desired to design 
an antenna with a low SLL in order minimize 
interference.  However,  reducing  the  
sidelobes  generally  results  in  decreasing  
directivity, which  is  required  to  be  high  in  

order  to  increase  power  efficiency  and  
avoid useless electromagnetic  pollution.  In 
this work, Elliptic and concentric elliptic 
antenna Arrays are optimized to achieve a 
better performance both in terms of SLL and 
Directivity using grey wolf Optimization 
(GWO). GWO is a new nature-inspired meta-
heuristic algorithm inspired by the social 
hierarchy and hunting behavior of grey 
wolves. It has the potential to have high 
performance in solving both unconstrained 
and constrained optimization problems [35-
36]. The task is performed by varying the 
elements’ excitation amplitudes and the 
elliptic array eccentricity. 

2. PROBLEM FORMULATION 
A. Elliptic antenna arrays (EAA) 
The geometry of an elliptical antenna array 
(EAA) with N isotropic antenna elements the 
x–y plane is shown in Fig.1. The origin is 
considered to be the center of an ellipse. The 
array factor for this elliptical array is given by 
[3,4]: 
 N

n
nnnn bakjIAF

1
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Where: 
      2k                        (2) 
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)1(2             (3)                                                                                                                            

In the above equations, nI and n  represent 
the excitation amplitude and phase of the nth 
element. 

n is the angular position of the element in 
the x–y plane, is the azimuth angle 
measured from the positive x axis,  is the 
elevation angle measured from the positive z 
axis. 
To direct the peak of the main beam in the (

0 , 0 ) direction, the excitation phase is 
chosen to be: 
 )sinsincoscos(sin 000 nnn bak (4)                

 

 
 
 
 
 
 
 
 
 

Fig. 1 Geometry of an elliptical antenna array 
(EAA) with isotropic radiators. 
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Fig. 2 Geometry of concentric elliptic array 

B. Concentric Elliptic Antenna Array (CEAA) 
if N is the number of antenna elements lie on 
ellipses and M is the number of concentric 
ellipses, then the total array factor of the  
concentric  elliptical  array  arrangement  of  
isotropic elements is expressed as [3,4]: 

 (5) 
is the amplitude of excitation current, 

and  are semi major  axis  and  semi-
minor   axis   of   m-th   elliptical   array,  
respectively. If "a" is the smallest semi-major 
axis and "d" is the spacing between ellipses 
in Fig. 2, then 

                  (6) 
                 (7) 

The eccentricity of elliptic antenna array is 
defined as follows: 

e=                           (8) 
Where a, b are the semi-major and semi-
minor axis of the elliptic antenna (see Fig. 1), 
respectively. 
The objective of the optimization is to obtain 
an array factor with the least possible 
sidelobe level (SLL) with a practically 
acceptable directivity. Three fitness functions 
are used for the three objectives: Minimize 
SLL and maximize Directivity separately and 
at last, optimize both characteristics: 
Mathematically, the functions are given in a 
respective manner as: 

itness SLL= SLL =
)(

(20
AFMax

AFLog  (9) 

itness DIR= –DIR= – (41253/HPBW)(10) 

itness SLL and DIR=SLL–DIR          (11) 

In the equations, AF stands for the array 
factor and HPBW is the half power 
beamwidth. 

3. GREY WOLF OPTIMIZATION  
The Grey Wolf Optimizer (GWO) algorithm 
lies on the basis of modeling grey wolf social 
hierarchy and hunting habits towards finding 
a prey. This  social  hierarchy  is  simulated  
by  categorizing  the  population  of  n wolves 
is de ned as the third leader in the group, 
which dominates the omega wolves. 
Mathematically, the top three ttest solutions 
in GWO are called alpha ( ), beta ( ), and 
delta ( ), respectively. The rest are assumed 
to be omega ( ). In GWO, the hunting 
process is guided by , , and , while  
follows these three leaders. 
In GWO, the rst three best solutions 
obtained are stored and push the other 
search agents to update their positions due 
to the position of these best search agents. In 
order to formulate the social hierarchy of 
wolves when designing GWO algorithm, the 
population is split into four groups: alpha ( ), 
beta ( ), delta ( ) and omega ( ). is 
linearly decreased from 2 to 0 as the 
optimization process evolves. The rest of the 
candidate solutions are denoted as . In this 
algorithm, the hunting/optimization is guided 
by , ,  and . The wolves are required to 
encircle ,  and  to nd better solutions 
[15, 30, 37-39].  

 
Fig. 3 Hierarchy of grey wolf (dominance 

decreases from top down). 

C. Mathematical modeling and algorithm 
In this section, the mathematical models 

of the social hierarchy, tracking, encircling, 
and attacking prey are provided. Then, the 
GWO algorithm is outlined. 
Grey wolves are species with a very firm 
social dominant hierarchy of leadership. They 
live in a pack with a group size of 5 to 12. 
The leaders are a male and a female, called 
alpha. The alpha is mostly responsible for 
making decisions about hunting, sleeping 
place, time to wake, and so on. The alphas 
decisions are dictated to the pack. The 
second level in the hierarchy of grey wolves 
is beta. The betas are subordinate wolves 
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that help the alpha in decision-making or 
other pack activities. The beta wolf is the best 
candidate to be the alpha in case one of the 
alpha wolves passes away or becomes very 
old to lead. The lowest ranking grey wolf is 
omega. The omega plays the role of 
scapegoat. Omega wolves always have to 
submit to all the other dominant wolves. They 
are the last wolves that are allowed to eat. 
The fourth class is called subordinate (or 
delta in some references). Delta wolves have 
to submit to alphas and betas, but they 
dominate the omega. Scouts, sentinels, 
elders, hunters, and caretakers belong to the 
delta category and each has its own defined 
responsibilities. 
In GWO algorithm, the fittest solution is 
called the alpha ( ) while the second and 
third best solutions are named beta ( )  and 
delta ( ) respectively. The rest of the 
candidate solutions are assumed to be 
omega ( ). The hunting is guided by , , 
and  and the  follow these three 
candidates. The hunting behavior is mainly 
divided into three steps [40-41]:  
a) Tracking, chasing and approaching the 
prey.  
b) Encircling and harassing the prey until it 
stops moving.  
c) Attacking the prey. 
The encircling behavior for the pack to hunt a 
prey can be expressed as: 

DAtXtX p )()1(                         (12) 
where Xp is the position of prey, A is the 
coef cient vector, and D is de ned as: 

)()( tXtXCD p                        (13) 

where C is the coef cient vector, X is the 
position of grey wolf, and t is the number of 
iterations. The coef cient vectors, A and C, 
are found as: 

2

1

2
2

rC
araA

                                   (14) 

Where r1 and r2 are two independent random 
numbers uniformly distributed between [0, 1], 
and a is the encircling coefficient that is used 
to balance the trade-off between exploration 
and exploitation. In GWO, the parameter a is 
linearly decreased from 2 to 0 as: 

)(22
T
ta                                   (15) 

where t is the number of iterations, and T is 
the maximum number of iterations. In GWO, 
the leader alpha, beta, and delta wolves are 
known to have better knowledge about the 
potential position of prey. The leaders are 

guiding the omega wolves to move toward 
the optimal position. Mathematically, the new 
position of the wolf is updated as: 

3
)1( 321 XXXtX                   (16) 

Where X1, X2, and X3 are calculated as: 

DAXX
DAXX
DAXX

33

22

11

                          (17) 

where X  ,  X  , and X  are the position of 
alpha, beta, and delta at iteration t. A1,  A2, 
and A3  are calculated following Equation 
(14); and D  , D  and D  are de ned as: 

XXCD
XXCD
XXCD

3

2

1

                            (18) 

where C1,  C2, and C3 are calculated based 
on Equation (14). 

D. Flowchart of main GWO Algorithm 
The following figure is a flowchart that 
describes the simplified algorithm of the 
GWO. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 4 Flowchart of the grey wolf optimization 
algorithm. 

Initialize the grey wolf population and maximum number 
of iterations M. 

Start 

Initialize ,  , and  

Calculate the fitness of each search agent , ,  

Is t<M? 

Is i<n? 

Update current search agent position 

i=i+1 

Update ,  , and  

t=t+1 

Calculate the fitness of all search agents 

Update X , X  and X  

Display the best 
solution 

End 
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4. RESULTS AND DISCUSSIONS 
E. Effect of eccentricity 
The eccentricity is found to affect the 
radiation characteristics. A parametric study 
is done for the case of uniform elliptic array. 
The results are summarized in table 1. 

 
Table 1 radiation properties for different values of 

eccentricity 

Eccentricity 0.51 0.86 0.93 
SLL -8.08dB -11.6dB -16.37dB 
Dir 35.9dB 35.001dB 34.96dB 

 

The results in Table 1 suggest that the 
eccentricity must be taken into account as a 
parameter in the optimization process. 

F. Optimization of the simple elliptic array 
The fitness values in equations (9) through 
(11) are used in conjunction with (1) for an 
elliptic array having 20 elements. The results 
of the optimization are shown in table 2. Fig. 
5 shows the resulting array factor for the 
case of optimizing for SLL-only.   

Table 2 the result of the optimization of 

simple EAA. 

SLL (dB) DIR 
(dB) Ratio  ( ) 

Uniform –8.107 35.82 4.41 

Optimizing 
SLL –15.95 34.22 2.15 

Optimizing DIR –7.89 38.37 4.86 

Optimizing 
both –9.25 34.65 3.76 

It can be noticed that the case of optimizing 
for sidelobe level reduction only produces the 
best compromise between the sidelobe level 
and the directivity. This suggests that the 
uniform case is not the best in terms of 
compromise between the two characteristics 
as it exhibits a slightly better directivity but a 
worst sidelobe level.  It should be noted that 
the sidelobe level obtained here is of 
practical use in the modern communication 
systems especially in radar applications. 

 
Fig.5 pattern of EAA when optimizing for SLL only 

G. Optimization of the concentric elliptic 
array 

In this section, the array factor in (5) is used 
along with the fitness functions in (9) through 
(11). The number of concentric ellipses is set 
to 3. The number of elements in each ellipse 
is set to 20 making a total of 60 elements. 
The ellipses are assumed to have the same 
eccentricity (same ratio of a and b in Fig. 2). 
This makes the elements in the ellipses have 
the same values of n . The parameters to 
be varied are the element excitations and the 
eccentricity. 

Table 3 summarizes the obtained results for 
the three fitness values and Fig. 6 presents 
the array factor for the in the case of 
optimizing for the sidelobe only. 

Again, the case of optimizing the sidelobe 
level produces the best compromise between 
directivity and sidelobe level. The value of the 
sidelobe level obtained fits well the practical 
communication applications (in radar 
applications, a sidelobe level of –20 dB is 
enough for target detection). The directivity 
obtained in this case is not that worse 
compared to the uniform case.  

Comparing the results in tables 2 and 3, 
one would remark that the optimized sidelobe 
level and the optimized directivity are much 
better than the SLL and the directivity of 
uniform one for both antenna array 
geometries. With regards to the resulting 
values of the sidelobe level and directivity 
along with their ratios, it is clear that the 
concentric elliptic array produces better 
results compared to the simple elliptic array 
as more elements are involved in the 
optimization task. 
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Table 3 the result of the optimization of CEA. 

SLL 
(dB) 

DIR 
(dB) Ratio( ) 

Uniform –9.917 34.95 3.52 

OptimizingSLL –31.56 33.93 1.075 

OptimizingDIR –7.89 38.23 4.86 

Optimizingboth –12.59 34.94 4.03 

 

 
Fig. 6 pattern of CEAA when optimized for SLL 

only 

 

5. CONCLUSIONS 
In  this  work,  a  relatively new  nature-
inspired  global  optimization  technique,  
called  Grey wolf optimization (GWO)  is used 
for the optimization of simple elliptic and 
concentric elliptic antenna arrays. GWO is 
inspired from the social hierarchy and hunting 
behavior of grey wolves. In the GWO 
algorithm, the hunting (optimization) is guided 
by , , and  factors. The remaining set of 
candidate solutions are denoted as omega 

).The GWO algorithm produces the non-
uniform excitation amplitudes for the elliptical 
and concentric elliptical arrays in question.  
The performance of the antennas arrays wee 
optimized in terms of sidelobe level and 
directivity. Another parameter has been 
found to affect the performance of the arrays 
is the eccentricity factor that has been 
embedded into the optimization problem 
along with the element excitations. The 
simulated results reveal that the optimal 
design offers a considerable SLL reduction at 

comparable Directivity relative to the 
conventional uniform arrays. 
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