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Abstract: Pattern synthesis of Antenna array has gained much attention over the last years as they 
constitute an important role in the modern communication systems. Unit circle-based techniques such as 
Schelkunoff null placement method have proved their effectiveness to synthesize uniformly spaced linear 
arrays. Nonuniformly spaced antenna array pattern synthesis has been investigated and interesting results 
have been obtained. In this work, the unit circle representation approach is applied to synthesize nonuniformly 
spaced and nonuniformly excited linear arrays. The objective is to accurately place nulls in the desired 
directions while achieving the least possible sidelobe level. The problem is cast as an optimization problem 
that is solved using the Teaching Learning Based Optimization (TLBO). Examples are dealt with to prove the 
design approach effectiveness and flexibility for modern communication system applications. 
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1. INTRODUCTION 
Antenna  array  systems  communicate  
directionally  by  forming  patterns  with  the  
main beam in the direction of the desired 
user [1].  When the antenna array directs its 
main lobe with enhanced gain in the direction 
of the user, it naturally forms side lobes and 
nulls or areas of  medium  and minimal  gain  
respectively in  directions  away from  the  
main  lobe. Hence  the  level  of  the  
sidelobes  needs  to  be  as  minimum  as  
possible  for  the  sake  of interference 
reduction [1-2].  
Pattern  synthesis  techniques  are,  in  
general,  based  on  the  variations  of  the  
array parameters  such  as  the  element  
excitations  (amplitude  and/or  phase)  and  
positions  of array  elements.  The  
characteristics  of  the  desired  pattern  can  
vary  depending  on  the required application. 
Some synthesis methods are concerned with 
reducing the Sidelobe Level (SLL) while 
preserving the gain of the main beam [3]. 
Others deal with null control to  eliminate the  
effects  of  interference  and  jamming. Other 

methods of controlling the array pattern use 
non-uniform excitation and phased arrays [4]. 
The  method  of  controlling  both  amplitude  
and  phase  is logically the  most  useful  
since  it  has larger  solution  alternatives  [4].  
However, it is also  the  most  expensive  
considering  the cost of the  controllers used   
for phase shifters  and variable  attenuators. 
Moreover, when the number of elements in 
the array increases, the computational time 
to find the values of element amplitudes and 
phases will also increase. The amplitude-only 
control [5-6] uses a set of variable 
attenuators to adjust the element amplitudes.  
The  problem  of  the  phase-only  and  
position-only  nulling  is  generally  nonlinear,  
and  it cannot be solved by analytical 
methods without any approximation. In order 
to steer the nulls  symmetrically  with  respect  
to  the  main  beam,  the  methods  based  on  
nonlinear optimization  techniques  have  
been  proposed [7-8].  However, the resultant 
patterns of these methods have considerable 
pattern distortion because the phase 
perturbations used are large.  Phase-only  
null  synthesizing is  less  complicated  and  
attractive  for  the phased  arrays  since  the  
required  controls  are  available  at  no  extra  
cost,  but  it  still  has common  problems [7-
10].  
The element position control with the use of a 
mechanical driving system, such as 
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servomotors, is an alternative way to create 
nulls in the radiation pattern [8, 11-12].  In  
this  case,  the  amplitudes  and  phases  can  
be  solely  used  for  the  pattern synthesis  
with  the  desired  sidelobe  level  and  main  
beam  characteristics.   
The Schelkunoff array polynomial method 
[13] has been used to synthesize equispaced 
linear array pattern. In this method, the 
pattern synthesis problem is reduced to the 
determination of proper roots of the array 
polynomial for a desired pattern. From this 
the element excitations are determined.  The 
works reported in literature considered large 
arrays based on various optimization 
techniques together with the Schelkunoff unit 
circle representation of the array polynomial 
for uniform linear array. A genetic algorithm 
has been used for the pattern synthesis by 
[6]. Optimized low sidelobe levels have been 
presented in [14].  The optimization has been 
performed for different beamwidth values and 
the trade-off between the sidelobe level and 
the main beam examined. Another genetic 
algorithm based optimizer has been 
proposed in [2] and the results have been 
compared with other techniques. Recently, 
the unit circle representation has been 
extended to the nonuniformly spaced 
antenna arrays [15-16].  
In this work, The Teaching Learning based 
optimization technique is used to optimize 
antenna array of isotropic elements to 
achieve a pattern with nulls in some desired 
directions. The optimization task acts on both 
the element excitation and position. The 
results are interesting and can be exploited in 
practical communication systems. 

2. RELATED WORKS 
Optimization techniques are categorized into 
two classes: local and global optimizers. The 
difference  between  local  and  global  
search  of  optimization  techniques  is  that  
the  local techniques produce results that are 
highly reliant on the starting point or initial 
guess, while the global methods are highly 
independent of the initial conditions [1]. 
Though they own  the  characteristic  of  
being  fast  in  convergence,  the local  
techniques  have  a  direct dependence  on  
the  existence  of  at  least  the  first  
derivative.  Moreover, they place constraints 
on the solution space such as differentiability 
and continuity; conditions that are hard or 
even impossible to deal with in practice [1-2]. 
The global techniques, on the other hand, are 

highly independent of the starting points and 
place fewer constraints on the solution 
space.  
The  drawbacks  of  existing  numerical  
methods  have  forced  the  researchers  all  
over  the world  to  rely  on  metaheuristic  
algorithms  founded  on  simulations  of  
some  natural phenomena  to  solve  antenna  
problems.  These  algorithms  use  an  
objective  function, optimization  of  which  
leads  to  the  sidelobe  suppression  and  
null  control [17].  

To cure these drawbacks, evolutionary and 
metaheuristic optimization methods find their 
place. These are referred to as global 
optimizers while the more familiar, traditional 
techniques such as conjugate gradient and 
the quasi-Newtonian methods are classified 
as local optimizers. The distinction between 
local and global search of optimization 
techniques is that the local techniques 
produce results that are highly dependent on 
the starting point or initial guess, while the 
global methods are totally independent of the 
initial conditions [18].  

Though they possess the characteristic of 
being fast in convergence, local techniques, 
in particular the quasi-Newtonian techniques 
have direct dependence on the existence of 
at least the first derivative. In addition, they 
place constraints on the solution space such 
as differentiability and continuity; conditions 
that are hard or even impossible to satisfy in 
some situations [18]. Metaheuristic 
algorithms such as Genetic Algorithms [19-
21], Simulated Annealing [22], Tabu Search 
[23], Memetic Algorithms [24], and Particle 
Swarm optimizers [25-26] have been used in 
the design of antenna arrays. Recently, the 
Taguchi optimization method is developed 
based on the orthogonal array (OA) concept 
to offer a systematic and efficient way to 
select design parameters. In addition, it 
reduces the number of tests required in the 
optimization process compared to Genetic 
Algorithms or Particle Swarm Optimizers [27].  
Linear array antenna (LAA) design has been 
investigated by numerous researchers using 
several optimization algorithms. Recioui has 
used PSO for SLL reduction [18]. The 
authors in [17] have synthesized arrays for 
maximum SLL reduction and null placement.  
They have designed three arrays for different 
sizes and showed that PSO gives better 
results than uniform and quadrature 
programming method (QPM). The authors in 
[28] have applied GA for the optimization of 
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LAA.  Differential Evolution has been 
employed in [29] to design unequally spaced 
LAA where they discussed the impact of 
angular resolution on the final results. The 
authors in [30] have compared the 
performance of self-adaptive DE (SADE) and 
Taguchi’s method for optimization of LAA. 
The authors of [31] have used GA, memetic 
algorithm (MA) and tabu search (TS) to 
optimize three different LAA. In [32], Singh et 
al. have applied BBO to synthesize  uniform  
and  non-uniform  LAA  and  found  that  BBO  
performs  better  than  PSO  and  other 
methods for the design of arrays.  BBO has 
also been also used in [33] to design LAA. 
Ant colony optimization has been used in [34] 
for the synthesis of LAA for SLL reduction 
and null placement.  A  multi-objective  
approach  using  multi-objective  DE 
(MOEA/D-DE) has been employed in [35] to 
optimize LAA. The authors have noted that 
MOEA/D-DE produces better trade-off 
between null placement and SLL. LAA 
synthesis using fitness adaptive differential 
evolution algorithm (fiADE) has been 
performed in [36]. The authors in [37] used 
harmony search algorithm (HSA) for SLL 
minimization and null placement in different 
directions of radiation pattern of LAA. A 
cuckoo optimization algorithm (COA) has 
been employed to optimize three different 
non-uniform LAA [38].  The  authors  
compared  the results with the popular 
algorithms like DE, PSO, firefly algorithm 
(FA) and found that the results provided  by  
COA  in  terms  of  SLL  reduction  and  null  
placement  are  better  than  its competitive 
algorithms.  Moreover,  convergence  curves  
of  different  algorithms  are  compared  and  
it  is concluded that COA provides faster 
convergence than the other methods. Guney 
and Dumus [39] have used  back  scattering  
algorithm  (BSA)  for  the  pattern  nulling  of  
LAA.  Khodier [40] has used cuckoo  search  
(CS)  to  optimize  antenna  arrays.    An  
enhanced  version  of  PSO  named  as 
comprehensive  learning  PSO  (CLPSO)  
has  been  used  to  design  three  different  
LAA [41]. 

3. PROBLEM FORMULATION 
Schelkunoff method has been for a long time 
seen to be one of the null placement 
techniques in uniformly spaced linear arrays 
by controlling the element excitations 
(amplitude and phase) [1-2,13,42]. The 
Schelkunoff method is first introduced so that 

subsequent derivations can be clearly 
understood. Next, the extension of this 
philosophy to nonuniformly spaced and 
uniformly excited linear arrays is performed 
[15-16]. In this work, the last approach is 
applied to the nonuniformly spaced with 
nonuniformly excited linear arrays. 
The array factor for a uniform linear array of 
N elements with an inter-element spacing d is 
given by: 

( 1) sin( ) ( 1)

1 1

( )
N N

j n kd j n
n n

n n
AF I e I e        (1) 

Where:  
 In is the excitation of the element n. 

 k is the wave number ( )2k . 

 d is the spacing between the elements. 

 is the angle of arrival measured from 
broadside. 
Letting: 

sinjkdj eejyxz         (2) 
Expanding and rearranging we get: 
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NAF a a z a z a z      (3) 
This is a polynomial of degree N-1. From 
complex variables and algebra, any 
polynomial of degree N-1 possesses N-1 
roots and can be expressed as a product of 
N-1 terms as follows:  

1 2 3 1( ) ( )( )( )...( )n NAF a z z z z z z z z   (4) 
Where z1,  z2,  z3,…,  zN-1 are the roots of the 
polynomial and may be complex.  
The magnitude of the array factor may be 
expressed as: 

1321 ...)( Nn zzzzzzzzaAF  (5) 
 The complex number z of equation 2 can be 
written as: 

jezz                    (6) 
With     

    sinkd                          (7) 
Some very interesting observations can be 
drawn from equation 5. When all the roots 
are not on the unit circle but lie outside or 
inside it, only those roots on the circle will 
contribute to the nulls of the pattern. Hence, it 
is possible to select the root locations so as 
to obtain a desired pattern. If the first M roots 
of (5) not on the unit circle then (5) can be 
written as: 
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By controlling the amplitude and phase of 
these M roots, one can control the shape of 
the pattern. The other N-M roots correspond 
to the nulls are located on the unit circle in 
fixed positions [ ]. 
Consider now an N element linear array of 
nonuniformly excited nonuniformly spaced 
point sources with a far field pattern given as 
[15-16]: 

11 2 2 sin2 sin 2 sin
1 2 3( ) ... Nj xj x j x

NAF a a e a e a e (9) 
Where xi is the distances in wavelengths of 
element i from the first element and the ai’s 
are the excitation amplitudes. This equation 
may be written in terms of sinkq (q is 
an arbitrary parameter) as: 

11 2

1 2 3( ) ...
Nxx x

j j j
q q q

NA F a a e a e a e (10) 

Making the substitution 
jez  yields: 

11 2

1 2 3( ) ...
Nxx x

q q q
NAF z a a z a z a z  (11) 

This equation is not a polynomial as the 
powers of z are not integer values. To solve 
for the roots of the far field pattern, one would 
substitute q by the largest common divisor for 
all the xi's.  The idea is to discretize the 
element positions so as to obtain the 
common divisor as large as possible. In fact, 
the problem that is encountered is that if q 
(the greatest common divisor) is very small, 
the greatest power of z may be very large 
even for small arrays.  This means the 
nonuniformly spaced array would have more 
nulls than the uniformly spaced one.  The 
Dolph-Chebychev array is chosen as a 
benchmark as it exhibits the least possible 
sidelobe level for a given directivity and the 
largest possible directivity for a desired 
sidelobe level.   
Next, it is attempted to match these nulls 
through element position and excitation 
optimization in a nonuniformly excited, 
nonuniformly spaced linear array. Since the 
elements of the nonuniformly spaced array 
are symmetrically placed about the center of 
the array, symmetric pairs of elements 
combine to cosine terms and only seven nulls 
are considered.  For a given null location at 

m (or equivalently a value of 

)sin( mmu ), the array factor is 
determined by equation (11) with  replaced 

by m . This is valid for all nulls and hence a 
set of simultaneous nonlinear equations is 
obtained and that must be solved to obtain 

the values of the element positions and 
excitations. 
 To model the problem as an optimization 
task, the set of equations is transformed into 
a least squares minimization problem with 
constraints on the element positions as: 
Minimize                                           

2

1

)(
M

k
dkpk AFAFf                        (12)   

Subject to          75.025.0 ji xx   and   

25.0)min( ix  for Nji ..1,  ji             
Where: 

pkAF is the value of the array factor 

produced from equation (11) and dkAF is 
the array factor from equation (3)  using 
Chebychev excitations. M is the number of 
nulls in the pattern. 
It should be noted that the amplitudes are 
confined in the interval [0,1] which might lead 
to values that are very far from each other. 
This is problem as the feeding network 
becomes complex and difficult to implement. 
An attempt to overcome this problem is to 
include the dynamic range (DR) of these 
amplitudes into the optimization process. The 
dynamic range is defined simply to be: 

 
min

max

a
a

DR                                             (13) 

with its contribution to the fitness function 
being 

DRwf d3                                            (14) 
where wd is a weighting factor to adjust the 
dynamic range and can be defined as: 

elsewhere
valuesomeDRif

wd                     1
      0

                (15) 

4. TEACHING LEARNING BASED 
OPTIMIZATION 

TLBO strategy 

Most of the metaheuristic methods are 
inspired from nature i.e. they mimic the 
behavior of nature. For example in Genetic 
Algorithm inspired from Darwin’s theory, the 
strongest is the one who survive, Particle 
swarm is inspired from the movement of a 
flock of bird, a school of fish, or a swarm of 
bees that are looking for food, Artificial Bee 
Colony (ABC) simulates the intelligent forging 
of honey bee swarm, Ant colony shows how 
ants search for food and how to find an 
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optimal way to it,…etc. They prove their 
effectiveness in solving many engineering 
optimization problems but each one of them 
requires its own algorithm specific control 
parameters. For example, Genetic Algorithm 
(GA) uses mutation rate and crossover rate. 
Similarly ¨Particle Swarm Optimization (PSO) 
uses inertia weight, social and cognitive 
parameters. The improper tuning of algorithm 
specific parameters either increases the 
computational effort or yields the local 
optimal solution.  Considering this fact, Rao 
et al., Rao & Savsani and Rao & Patel [43-
46] recently introduced the Teaching-
Learning Based Optimization (TLBO) 
algorithm which does not require any 
algorithm specific parameters. In this way, 
TLBO obtain global solutions for continuous 
nonlinear functions with less computational 
effort and high consistency. 
TLBO is a teaching-learning process inspired 
algorithm based on the effect of influence of 
a teacher on the output of learners in a class. 
Teacher and learners are the two vital 
components of the algorithm and describes 
two basic modes of the learning, through 
teacher (known as teacher phase) and 
interacting with the other learners (known as 
learner phase). The output in TLBO algorithm 
is considered in terms of results or grades of 
the learners which depend on the quality of 
teacher. So, teacher is usually considered as 
a highly learned person who trains learners 
so that they can have better results in terms 
of their marks or grades. Moreover, learners 
also learn from the interaction among 
themselves which also helps in improving 
their results. 
TLBO is population based method. In this 
optimization algorithm, a group of learners is 
considered as population and different design 
variables are considered as different subjects 
offered to the learners and learners’ result is 
analogous to the ‘fitness’ value of the 
optimization problem. In the entire population 
the best solution is considered as the 
teacher. The working of TLBO is divided into 
two parts, ‘Teacher phase’ and ‘Learner 
phase’. Working of both the phases is 
explained below. 

A. Teacher phase 

In this phase the best student is chosen from 
the population (the class) according to the 
fitness function and set as a teacher. Since 
the teacher is the highest learned person in 
the class, he puts effort to disseminate 

knowledge among students so that he tries to 
bring the mean level of the class up to his 
level, the new mean of the class depends on 
two things:  

- The ability of the teacher i.e. his 
method in teaching is good or bad and this is 
represented by a factor   called “teaching 
factor”, it can be 1 or 2 (those values are 
concluded from experiments). 
- The ability of the student to receive 
and understand concepts from his teacher. 

B. Learner phase 

 When a student does not understand his 
teacher or he wants to have more 
knowledge, he will interact with one of their 
fellow students. If he finds his friend better 
than himself he will learn from him otherwise 
he will not. 

Implementation of TLBO Algorithm for 
optimization 

 TLBO can be implemented in five steps: 
Step1: formulate the optimization problem, 
the objective function and the side 
constraints: 
Minimize (objective function)

 such that: 

  Where j=1, 2, 
3,……,D  those are the side constraint which 
specify the limit of each design variable i.e. 
the maximum and minimum level in each 
course of any student. 
The variables   
represent the level of student X in each 
course so is the level of X in the first 
course.  
Decide how many student you will use or the 
population size, also the number of 
generation. Here a minimization problem is 
considered; the maximization is similar. 
Step 2: initialization: suggest a population 
(that will be developed to reach the final 
solution) or students randomly according to 
the following equation: 

1 min max min
( , ) ( , ) ( )i j j j jx x rand i j x x  (16) 

i:refer to student number, so this is the ith 
student, i=1, 2, …,P 
j:refer to the course number,  is the 
level of the ith student at the jth course, j=1, 
2,…,D 
The small number 1 refer to the generation 
number, it’s the first generation. 
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After manipulating the above equation 
 times, a  matrix which 

represents the population is obtained:  
1 1
(1,1) (1, )
1 1
(2,1) (2, )1

1 1
( ,1) ( , )

D

D

P P D

x x
x x

population

x x

    (17) 

 
 So  is 
student number 1 in the first generation. 
Choose the teacher: the best student is the 
one which has the minimum fitness function. 
Step 3: teacher phase 
Calculate the mean in each column in the 
population matrix: 

(1,1) (2,1) ( ,1)

(1,2) (2,2) ( ,2)

(1, 1) (2, 1) ( , )

(1, ) (2, ) ( , )

( , ,..., )
( , ,..., )

( , ,..., )
( , ,..., )

g g g
P

g g g
P

g

g g g
D D P D
g g g

D D P D

mean x x x
mean x x x

mean

mean x x x
mean x x x

 (18) 

Mathematically, how the best student 
teaches the others: 

, ( )i new i teacher fX X X t mean
      (19)

 (19) 

is the teaching factor, it can be 0 or 1. 
A comparison between the new student 

 and the old one  should be made, 
if is better than , replace the old by 
the new one otherwise keep the old one. 

, , ( ) ( ) then 
 do nothing; 1...

i new i i i newif f X f X X X
else i P

   (20) 

 Step 4: learner phase 
This phase shows the interaction between 
students. 
For each student  we pick another student 

 randomly and compare their level (fitness 
function), the first student  will learn from 
the second  (get close to him) if he is better 
than him otherwise he will go far from him, 
according to the formula:  

 

,

( )   if  ( ) ( )
( )   if  ( ) ( )

g g g g g
i i j i i jg

i new g g g g g
i i i j i j

X rand X X f X f X
X

X rand X X f X f X
   

(21)

 

After completing the process for all the 
population, the fittest student is set as 
teacher. 
Step 5:  if   go 
to step 3 else stop. 
The flowchart of the TLBO algorithm is 
shown in Fig. 1. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 Flowchart of TLBO Algorithm 

Elitist teaching-learning-based optimization 

The concept of elitism is used in most 
population based algorithm where worst 
solutions are replaced by elite solutions, and 
the effect of this process can easily 
explained: a population which has better 
elements than another one can get a better 
solution, in language of the TLBO, a class 
that has good student means a good level so 
definitely that class will reach the optimal 
solution easily. Also the concept of elitism 
includes removing duplicate solutions to 
make the class has various student. 
After implementing both teacher and learner 
phases, we verify that no two solutions are 
the same.  If they exist, one of them is 
changed by mutation keeping the constraints 
satisfied. 
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The worst solutions will be replaced by elite 
ones. The number of bad solutions which will 
be replaced by elite solutions is controlled by 
the elite size. Fig. 2 illustrates how to remove 
duplicate solutions and bad students, that 
procedure should be applied in the main 
TLBO after the learner phase and it should 
be followed by a “Remove duplicate solutions 
box”. 

 
 Fig. 2 Flowchart of elitist procedure 

5. RESULTS AND DISCUSSIONS  
Consider a uniformly spaced 20 element 
array that is fed by Chebychev excitations for 
a sidelobe level of -20 dB. The array factor is 
shown in Fig. 3. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3 The initial Chebychev array factor 

This array factor has 20 nulls. These nulls 
are located at the angles: ±6.48°, ±10.8°; 
±16.2°, ±22.32°, ±28.8°, ±35.82°, ±43.56°, 
±52.38°, ±63.72°; ±90°. The array factor is 
also characterized by a uniform distribution of 
power as all the sidelobes are equal. 
It is desired to match these nulls to the 
nonuniformly excited, nonuniformly spaced 
array using the unit circle representation. The 
excitations are set to vary in the interval [0,1] 
and are considered symmetrically distributed 
on the array in the same way as the 
Chebychev coefficients. For the element 
positions, the extreme elements are fixed so 
as to get an array that has the same length 
as the uniformly spaced array. The positions 
of the other elements are perturbed in such a 
way to keep the element spacing within the 
limits set in equation (12). Hence, there are 9 
positions and 10 excitations to determine. 
The steps outlined hereafter are followed in 
conjunction with the optimization process: 
1. Initialize the element excitations and the 
position perturbation randomly. 
2. Check that the position perturbations do 
not cause the inter-element spacing to 
exceed the limits in (12). 
3. Find the least common divisor of the 
positions. 
4. Find the highest degree in the resulting 
polynomial. 
5. Construct the polynomial by setting the 
coefficients to zero for the terms which do not 
have excitation values. 
6. Find the roots of the polynomial. 
7. Find the roots that lie on the unit circle 
and discard the others. 
8. Compute the array factor using these 
roots. 
9. Compute the fitness function value.  
At start up, the fitness function is solely 
equation (12) so as to match the Chebychev 
array nulls to the nonuniformly spaced, 
nonuniformly excited array without paying 
attention to the element excitations. The 
resulting pattern is shown in Fig. 4 where it is 
clearly noticeable that the Chebychev nulls 
are all almost matched. We can notice that 
there are extra nulls that appeared and that 
do not exist in the Chebychev array. This 
goes in accordance with the theoretical 
investigation as the resulting polynomial 
resulting from using the greatest common 
divisor of the element positions in equation 
(11) has more nulls even for small arrays.  
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Table 2 The resulting array parameters considering the excitation dynamic range 
Initial 

Chebychev 
array 

Element 
positions ±0.25 ±0.75 ±1.25 ±1.75 ±2.25 ±2.75 ±3.25 ±3.75 ±4.25 ±4.75 

Element 
excitations 0.9726 0.9546 0.9193 0.8682 0.8034 0.7274 0.6434 0.5544 0.4639 1.0000 

Optimized 
array 

Element 
positions ±0.306 ±0.897 ±1.4 ±1.833 ±2.293 ±2.900 ±3.3950 ±3.776 ±4.28 ±4.75 

Element 
excitations 0.5658 0.596 0.5360 1.0000 0.7572 0.6708 0.5000 0.5658 0.7037 0.749 

 

 
Table 1 The resulting array parameters without considering the excitation dynamic range 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4 The resulting array factor along with the 
Chebychev array without considering the 

excitation dynamic range. 
 

 
 
 

 
The resulting element excitations and 
positions are summarized in table 1. It can be 
noticed that the array has the same length as 
the Chebychev array. One drawback of the 
TLBO designed array is that the excitations 
are distributed all over the range [0,1]. 
Indeed, the ratio between the maximum and 
the minimum excitation (dynamic ratio) is 
approximately 5. This makes the design of 
the feeding network very difficult and its 
implementation is impractical. 
To cure this problem, this factor is introduced 
in the fitness function through using 
equations (13) through (15). The ratio of the 
maximum to the minimum excitation value is 
set not to exceed the value of 2. The 
resulting array factor along with the original 
Chebychev array is shown in Fig. 5. Once 
more, the nulls of the original array are 
matched with again more nulls introduced in 
the resulting array factor.  

 
 
 

 

  

  

  

 Fig. 5 The resulting array factor along with the 
Chebychev array taking into account the 
excitation dynamic range 

The resulting element positions and 
excitations are presented in table 2. It is 
noticed again that the TLBO optimized array 
has the same length as the Chebychev array.  
 
 
 
 
 
 
 
 
 

The element excitations are characterized by 
the fact that the ratio of the maximum to the 
minimum value is now exactly 2. This makes 
the design of the feeding network simpler as 
the element excitations are almost close to 
each other and resemble the uniformly 
excited array. As a matter of comparison, the 
initial Chebychev array is characterized by a 
dynamic ratio of 2.15.  
It should be noted that both TLBO optimized 
arrays perform lousily in terms of sidelobe 
level. In fact, they are characterized by a 
good directivity which makes them very 
suitable for activities requiring a high 
directivity such as in target tracking or radar 
systems. 
 
 
 
 
 
 
 
 
 
 
 

Initial 
Chebychev 

array 

Element 
positions ±0.25 ±0.75 ±1.25 ±1.75 ±2.25 ±2.75 ±3.25 ±3.75 ±4.25 ±4.75 

Element 
excitations 0.9726 0.9546 0.9193 0.8682 0.8034 0.7274 0.6434 0.5544 0.4639 1.0000 

Optimized 
array 

Element 
positions ±0.29 ±0.863 ±1.414 ±1.915 ±2.297 ±2.932 ±3.352 ±4 ±4.433 ±4.75 

Element 
excitations 0.9432 0.9168 0.8358 1.0000 0.5716 0.3389 0.8147 0.1968 0.5895 0.4095 
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It should be reminded that the Chebychev 
array are known to exhibit the best 
compromise between directivity and sidelobe 
level and this work is not an attempt to 
improve on this trade-off but rather an 
extension of the unit circle representation to 
null placement in nonuniformly excited 
nonuniformly spaced linear arrays. 

6. CONCLUSIONS 
The present work dealt with the null 
placement in the nonuniformly spaced, 
nonuniformly excited linear arrays. The idea 
was to extend the exploitation of the well 
known Schelkunoff null placement 
traditionally applied to the uniformly excited, 
uniformly spaced arrays. To consolidate the 
approach, a metaheuristic optimization 
technique called the teaching learning based 
optimization has been married to the null 
placement procedure. The results revealed 
that the nulls have been successfully placed 
in the right desired directions.  
The objective of this work is not to devise a 
new theoretical tool for null placement, but an 
attempt to extend the existing methods to the 
nonuniformly spaced, nonuniformly excited 
arrays. The designed arrays have better 
performance in terms of directivity and 
decaying sidelobes. However, it performs 
badly in terms of sidelobe level. This was not 
the objective of the work and mainly focus 
was put on the success in placing the nulls 
towards the desired directions.  
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