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Abstract

The sensor arrays are now an essential part of any communication, medical and remote sensing system. These arrays should be designed
with utmost performance to ensure the maximum link efficiency. The available commercial sensor arrays design packages are expensive,
complicated and cannot be easily modified to accommodate the users’ needs. This work suggests a solution that is to design an open source
specialized application to serve the ever-changing needs of the users. This package is called Sensor Array Design and Optimization (SADO)
and it is developed to allow the unexperienced users and the researchers to design, test and optimize their sensor arrays using effi-cient
optimization algorithms. The optimization is trying to reduce the sidelobe levels to reduce the interference. The application is simple and
friendly to use, with professional graphical results. The predesigned arrays configurations supplied with this package are uniform and
random arrays. The built in optimization algorithms are: Artificial Bee Colony (ABC), Biogeography-Based Optimization (BBO) and
Teaching Learning Based Optimization (TLBO). The results for various designs and optimization results are also given and compared to
indicate the best settings for the user. Some optimization ratios might reach about 50% that represent -3dB reduction in sidelobe level.

Keywords: 5G Technology; Uniform Sensor Arrays; Random Sensor Arrays; Evolutionary Algorithms; Sidelobes Reduction; Matlab Guide; Digitally Con-
trolled Arrays.

1. Introduction

The following sections provide the necessary theoretical knowledge
related to the arrays configurations and analysis.

1.1. Uniformly distributed sensor array (UDSA)

The sensor array could be defined as a collection of sensors grouped
together using a certain configuration such that they can interact
with each other. This interaction is called the Array Factor (AF). ax Sensors
The AF is simply the Fourier transform of the sampling window (b)
because each sensor will sample the incoming signal depending on £

its location [1], [2]. Therefore, the arrays are sometimes called spa- /_.ql

tial filters. To understand and derive the necessary mathematical » -
models for the AF, consider the one dimensional sensor array LET o y
shown in Fig. 1. a. The incident signal can be resolved into a vertical

component that can be discarded and a parallel effective component e — R ——
propagates along the x-axis. The parallel component can be col- v *— *—~

lected from the sensors and then directed to the next stage. The one- & ., } dx
dimensional array can be extended into a planar array as shown in v

Fig. 1. b. _In the case of plar_lar array, the signal directi(_)n is measured Fig. 1: The Sensor Array Types: (a) One Dimensional Array, (a) Planar Ar-
by the azimuth and elevation angles 6 and ¢ respectively. Assume ray.

that there are M elements along the x-axis and N elements along the
y-axis then; the collected signal is as shown in Eq. 1. Equation 1

shows that the planar AF is the product of the AFx and AFy that rep- AF=2w, exp(—jkd,, (sin(0)cos(p)—sin (6, )cos(g. )))-

et/ ) v )
rgsent the one dimensional AF along the x-axis and y-axis respec- iwn exp(fjkdn (sin(g)cos(q,),sin(gs )cos(o, )))
tively [3 - 5]. "
Where
6., : are the source elevation and azimuth angles.
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dm, dn: are the spacing along the x and y axis respectively.
k: is the propagation constant 27” , A: the wavelength.
If the array is excited with an impulse function, Eq. 1 becomes

_sin(d,\¥,/2)sin(d, ¥, /2)
~sin(¥,/2) sin(¥, /2)

@

Where

¥, =kd,, (sin(6)cos(p)—sin(6, )cos(g, ))
W, =kd, (sin(#)cos(p)—sin (6, )cos(p, ))

Equation 2 is a 2D sinc function and it is analogous to Fourier trans-
form of a 2D uniform window. Therefore, solving Eq. 2 to find its
roots yields the locations of the nulls that identify the sidelobes lo-
cations. To avoid the grating lobes, dx and dy are set to 0.54 [6].
The Uniformly Distributed Sensor Arrays (UDSA) are the basic and
the simplest arrangement for the sensors in an aperture, therefore, it
was widely used in the early days of the sensor arrays. Nevertheless,
the UDSA are tuned to a one frequency only because all the ele-
ments’ spacing are calculated with respect to a single 1. Hence, any
change in the frequency will degrade the array response. Further-
more, it is susceptible to any element loss [7, 8]. For these reason,
UDSA are not adequate for harsh environments nor unreachable
places, as they need constant maintenance and/or replacement.

1. 2. Non-uniform or randomly DSA (RDSA)

To overcome the limitations of UDSA, another type of arrays was
developed where the elements are not placed at equidistance. These
new generations of arrays provided multi frequency tuning and ro-
bust performance. However, this came with a price, which is the
analysis of the arrays became no longer analytic but numerical [9 -
11]. Equationl can be modified for the RDSA such that

AF = miw . xp(—jkd, (sin(6)cos(p)—sin(6, )cos(p. )))-

. o ) (3)
2w, exp(—]kdn (sin(®)cos () —sin (8, )cos (e, )))

Where the symbol ~ means a random variable. The only method to
analyze such type of arrays is by using the computer simulation or
practical measurement because there are infinite number of ar-
rangements depending on the random location distributions.

The RDSA can be categorize according to the type of their ele-
ments’ spacing into two types that are, completely random arrays
RDSA where every element has a unique distance from the origin
and Semi-random arrays SRDSA where some elements have equal
distance from the origin and some are not.

2. The need for optimization

When the array is designed and manufactured, it is highly unlikely
to be considered optimized due to manufacturing errors and equip-
ment defects. Therefore, the array needs to be recalibrated to insure
optimum performance. Even after the recalibration, the aging and
deterioration in the array materials will deviate its response from
the optimum point. Performing optimization is carried out inside
high-tech laboratories with expensive equipment and requires high
level of training. Some of these arrays are installed out of man’s
reach hence; they cannot be taken for repair and recalibration. De-
spite that, the arrays have a very powerful feature comes from the
usage of the phase shifters that are connected to every array element
as shown in Fig. 2. The AF can be shaped and modified, as needed,
by changing the phase shifters weights matrix [12 - 14].

phase shifters

Fig. 2: The Array Phase Shifters.

The shifter values are derived from solving Eq. 1 at every element
location. This yields a complex matrix called the shifters weights
matrix [15]. When the weights matrix values are changed, the main
beam will be steered towards the source at s, and ¢s. In addition,
we can solve Eq. 1 for different coordinate values for dxiand dyi
tricking the array to think it has new element distributions rather
than the actual distribution.

3. Evolutionary optimization algorithms (EOA)

The complicated and diverse configuration of the arrays require
very powerful optimization algorithms. The EOA is the latest trend
in the field of optimization, which tries to exploit the accumulated
intelligence of the organic entities. These entities are driven by the
need of survival hence; they have to adapt to fit in their environ-
ment. This collective intelligence inspired the scholars to develop
the EOA. Consequently, if we assume the solutions are the organic
individuals and the fitness function is the environment that decides
which one is to continue and which one is to be eliminated depend-
ing of their fitness, then the last survivor is the best solution as it
was able to modify and evolve to fit itself as the best as possible
[16].

The EOA essentially go through three main steps, which are, gen-
erate random potential solutions, find which one is the closest to the
solution, eliminate the failed solutions and upgrade the remaining
for the next round. The EOA algorithms differ in the elimination
and upgrade steps. Some of them follow complicated procedures by
adding more layers of intelligence to their algorithms to be qualified
to solve complicated objective functions. Others follow simple pro-
cedures to provide speed. The best of these is the one that joins the
speed and intelligence during its operation.

3.1. The artificial bee colony (ABC)

This ABC is trying to mimic the bee behavior during foraging and
search for honey. Thus, the bees are divided into forgers and look-
ers. The forgers are responsible for collecting the honey while the
lookers are assessing the amount of nectar and trying to find new
sources. The nectar sources are the solution and the amount of nec-
tar represents the closeness to the best solution. Hence, if the source
is rich with nectar then higher number of forgers are gathered
around it. The process is described as follows, assume that there are
n workers at every nectar source i such that

X, =[x, x, x,, | - Each xi,j is a potential solution to the fit-

ness function. The lookers keep watching the forgers to estimate the
amount of nectar and decides to look for a new solution as given by
Eq. 4 [17 - 19]

Sl.k:Xi,k+®X(xi‘k_xj,k) (4)

Where X « is a randomly selected solution (i) and k is a randomly
selected nth worker and ® is a random number within [—1 to 1].
When Si is better than Xi then replace the new solution with the older
one. The lookers choose a source randomly to estimate the amount
of nectar using the roulette wheel probability, which is

P - Cst,
2, Cst,

®)
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Where

Csti represents the value of the fitness for that solution.

The discard is based on the amount of nectar at each source. If the
amount is not increasing then it will be abandoned using the follow-
ing equation

X, =Ib, +rand(min, max)x(ub, ~Ib, ) (6)

The rand function is governed by the min and max range provided
by the user. The ub and Ib are the upper and lower boundaries of
the solution dimensions respectively.

3.2. Biogeography-based optimization (BBO)

The BBO was motivated by the appearance and disappearance of
multi species along the history of earth. It describes the migration,
inhabitation, flourishing and extinct of the living animals based on
their geographic surrounding conditions. Consider Fig. 3,

—
(b)
rate
!/
E . S
(emigration)
i (immigration)
L 3 S -
So Sinax

number of species S
Fig. 3: (a) Adjacent Islands, (b) The Model of Migration to an Island.

Each of these islands in Fig. 3. a is habitats with a Habitat Suitabil-
ity Index (HSI) which is an independent variable and Suitability In-
dex Variable (SIV) that depends on HSI. The HSI defines the max-
imum number of species welcomed by that habitat. The lower the
index the lesser the number of species. Therefore, each island has
its own maximum number of species Smax. Now generate a number
of species with their own probability to immigrate or emigrate ¢ and
W respectively. When a new habitat is discovered, the species im-
migrate with maximum rate due to the abundant resources. The rate
will decrease over time and the species are now emigrating from it.
Assume the maximum immigration and emigration rates are | and
E respectively. The equilibrium point So is reached when I=E as
shown in Fig. 3. b. Let n=Smax then [20], [21].

y:E% and ézl(l—%j @)

When So is reached, E=I=d+u. To apply the BBO to any objective
function, generate a number of solutions (habitats) and each solu-
tion has its own SIV according to its closeness to the solution. Gen-
erate species with their own § and p then distribute them along the
habitats. When the HSI is lower than the number of existing species,
the species start to emigrate according to their p or when the HSI is

higher than the species, the habitat will accept the new comers.
These habitats are changing with time such that they are either im-
proving or degrading according to the following update equation

SIVT =SIV,, +a(SIV,, -SIV,, ) )]

The new SIV value depends on the improvement at the kth period
and jth solution and a is a random variable defined by the user. Dur-
ing the history of the habitat, it will either prosper, approaching the
final solution, or destroyed and abandoned due to natural disaster.

3.3. Teaching learning based optimization (TLBO)

The TLBO is derived from the behavior of human academic soci-
ety. This algorithm is divided into two phases that are Teacher
Phase (TP) and Learner Phase (LP). The TP depends on the abilities
of the teacher and his/her scientific level to graduate highly edu-
cated learners with high grades. Each teacher is initialized by a fac-
tor called the Teaching Factor TF as follows

TF =round (1-rand (0,v ) 9)

Where v is any value assumed by the user. At any iteration i, assume
that there are m subjects, n learners and Mij means (averages) at the
ith iteration and jth subject (j=1, 2, ..., m). The best student kbest
represents the student with the highest grades (k=1, 2... n). The dif-
ference in the mean can be calculated as in Eq. (10) [22]

DF,,, =r (X

-TFxM ) (10)

j Kbest i

Where X, ... is the results of the best learner in subject j and the

riis a random variable in the range of [0, 1]. Depending on DF
value, the learners will shift gradually towards the best learner
among all of them. Based on DF, the TP is updated as follows

X!, =X +DF

Jkii jkii Jkii (11)
When TP is over, the LP starts by selecting random learners and
allow them to exchange knowledge. For example, select two stu-
dents P and Q with different averages and let them share
knowledge. The update in the P average is

if X/

total P i

if X/

total -Q i

<X!

total Qi

<X/

total P i

X7 =X+ (x i =X or)

iPi

X oo =X 1+ (X =X 0))

PP

(12)

The new average X/, isaccepted only if it gave better results. At

the end of the LP, the students go back to their classes with new
improved skills. The students represent possible solutions to the ob-
jective function and their skills is the closeness to the best solution.
The constant update in the average will transfer the population to-
wards the solution at the best class. Other solutions will be dis-
carded, as their classes will remain empty.

4. The settings of the sensor array design and
optimization (SADO)

The SADO is developed using the Matlab-GUIDE because it can
operate on different platforms and supports parallel processing [23].
The SADO is an open source that makes it adequate for upgrading
and development by users and programmers. The graphics of the
results are displayed using the open-GL that is equipped with
Matlab [24]. The design criteria of SADO is simplicity, accuracy
and versatility. The software comes with pre-programmed array
generating algorithms and three powerful EOA (ABC, BBO and
TLBO). The idea behind the SADO was inspired by the imminent
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jump in the communication technology designated for the 5G tech- Hsa00 - X
nology. The 5G intends to implement massive MIMO to provide ; fonio At
parallel channels to increase the data rate transmission. These SQHSOI’ Array DeSlgn and Opt|m|zat|on
MIMO are placed close to each others such that they can be consid- Operating Frequency GHz vo12
. . . s
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©Random Array generation method  Concentric Rings Array Biogeography-Based Optimization (BBO) ‘ Limit
Teaching Learning Based Algorithm (TLBO) \
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Optimization Method Current Count 0
Artificial Bee Colony (ABC)
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Optimize Save Results  Load Resuits Operating Frequency GHz % 12
- Steering Angle (deg) freta 70 Fiv 80
Exit Pattern Draw Resolution phi 0.5 step/deg theta (0 5 step/deg
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(b) .
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i dx Lan [ bda
Elements Spacings 05 renbee vp5 e Optimization Algorithm
Array Specifications and Topology Optmizalion Method Curtent Count: 7
o Artificial Bee Colony (ABC) ¥
OUniform Planar x-elements y-elements Reduction in Lobe Level
®Random Array seneration method  Concentric Rings Array = lterations Population  Looker Bees  Accelration  Aband. Limit
Concentric Rings Array 30 20 20 2 05
number of elements Golden Flower Array Min Val  Max Val
Pure Random Array 1 1 Save Results | Load Results
Draw Variable Minimum Distance
Fixed Minimum Distance Exit
Optimization Algorithm
Optimization Method Current Count 0 i i 1
Artficial Bee Colony (ABC) Fig. 4: SADO Main Settings: (a) Frequency, (b) RDSA, (c) EOA, (d) EOA
— Reduction in Lobe Level Iterations Counter.
lterations Population  Looker Bees Accelration  Aband. Limit
Hence, each device, in the future, will be equipped with an array of
Min Ve,  Max vl antennas [25 - 27]. When this happened, most of the users would
Optimize SaveResufts  Load Resufts not have the necessary trainings to operate their arrays optimally.
Therefore, we present SADO as a solution or as part of it. The in-
Exit terface of SADO is very simple as shown in Fig. 4. When the SADO

is launched, its default setting is set to design a uniform array. The
user selects the operating frequency of the array using the frequency
scale popup menu in SADO ranging from Hz to THz to calculate 4,
see Fig. 4. a. After selecting the scale, the user types the exact op-
erating frequency in the edit box. If the user skipped or accidentally
typed a wrong entry, the SADO will alert the user, deletes the erro-
neous entry and return back to the location were the user should
provide the required value. Then, the user selects the resolution for
© the AF testing sensor.

To explain this point, assume that there is an array and it is required
to find the shape of its AF as given in Fig. 5. In Fig. 5, the number
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of elements is M along the x-axis and N along the y-axis. Each ele-
ment is separated from its adjacent elements by a distance dx and dy
in the x and y directions respectively. The RF sensor will rotate
around the array in on a hemisphere (0<6s<180°, 0<ps<360) record-
ing the field intensity at every point with the coordinates ¢ and ¢

. Assume the radiated field form any element is Em, n then the total
field at the sensor is:

E, = ﬁjiEu exp(—jkdm (sin(@)cos () —sin (@, )cos(¢! ))) (13)

m=1n-1

X

Fig: 5: Recording the Radiated Field of the Sensor Array.

After recording Er at position i, the sensor will move to the next
position i+1. The difference between these two positions (i, i+1) is
called the sensor resolution. When the difference is small, then this
means that the number of steps is high and vice versa.

Usually, the companies and RF Labs. use electric field sensor
placed at the far field from the array to record the intensity of radi-
ation [28], [29]. The labs walls should be coated with anti-reflection
materials. The sensor’s motion is controlled using high precision
stepper motors. Hence, such arrangements are beyond the ordinary
user to provide and use. In our package this process is simulated to
provide a no-cost simple solution for the users. The resolution in
SADO resembles this operation and the values entered in the Pat-
tern Draw Resolution represent the number of steps between the
adjacent degrees (180° for elevation and 360° for azimuth). Setting
the value of resolution to 2, for example, yields (360 steps in the
elevation and 720 in the azimuth). Hence, caution should be taken
as the generated matrix size will increase exponentially. Then, the
user should provide the angles of the sources (6s and ¢s). The user
can choose the configuration of the array that is either UDSA or
RDSA. The RDSA selection gives the user versatile choices for ei-
ther random or semi random arrays from the popup menu as shown
in Fig. 4. b. After completing the basic settings; the user choice is
UDSA, then the user should provide the number of elements along
the x and y axes or when the user choses RDSA then the number of
element of the array elements should be provided directly. Then af-
ter, the user clicks the Draw Array button to see the AF of the de-
signed array according to the settings.

When the SADO is launched, the optimization section is disabled.
After completing the design, it will be enabled letting the user to
optimize the array. The popup menu contains three EOA as shown
in Fig. 4. ¢. The edit boxes are changed interactively on the same
panel according to the parameters of the selected EOA. The optimi-
zation section is also provided with a counter indicator to allow the
user to see the current iteration and the ratio of reduction in the side-
lobe levels as shown in Fig. 4. d.

The buttons (Save Results and Load Results) can be used for either
upgrading or maintaining the array. After the design and optimiza-
tion steps are completed, the results can be saved to a text file for
deployment or send to the remote control console to upgrade the
array. In modern digital arrays, the phase shifters are connected to
a DSP control unit as shown in Fig. 6.

Y Y Y Y

D= Q= P3) - =[Py

Weights Matrix From

- SADO
2 Way

DSP Control Unit gsga/cmm

The SADO will send or store the newly calculated weight values on
the DSP and the DSP will upgrade the phase shifters (&) values.
The maintenance can be performed by saving the incoming data
from the array and comparing them with the previously stored val-
ues. If they coincide then the array is working as designed otherwise
an element(s) are defected.

Fig. 6: DSP Controlled Array.

5. SADO tests and results

The SADO is tested using an array with 256 elements operating at
12 GHz with 0s=70° and ¢s=80°. This array is generated using the
UDSA, SRDSA using concentric rings and RDSA using the
min/max distance algorithm. The min/max distance is an algorithm
used to distribute the elements randomly such that the distance be-
tween two adjacent elements falls within the min/max range meas-
ured with respect to A. The optimization procedure searches for the
sidelobe peaks and then averages the peaks level as in Eq. (13),
which represents the fitness function

3 Lo,
min(P, ) =min 7'1“ (14)

Lo

Where

Lo: is the peak level.

NLo: is the number of peaks.

The optimization is trying to minimize Pav to improve the array re-
sponse. The average lobe level to the original average lobe level is
displayed on SADO GUI. The tests include the time required to
complete the optimization and it is used to calculate the relative
speed for every EOA. The relative speed is calculated as in Eq. (15)

S, = (15)

Where

Ti: is the time taken by the current EOA.

Tmax: is the time required by the slowest EOA.

The interfaces of SADO for each test with the relative speed to com-
plete the optimization are shown in Table 1. The design and opti-
mization results are tabulated in Table 2. The red dots in the array
configurations represents the optimized physical locations for the
array under design or the weights matrix values that should be sent
to the phase shifters.

6. Conclusions

From this work, we conclude that the arrays need a constant
maintenance. Hence, simple and effective tools are required to
perform this task. The need for the arrays is rising with the need for
more efficient communication links. Henceforth, such simple tools
will become a pressing necessity in the near future. The SADO can
aid to solve this problem. Naturally, the user needs a simple, clear
and accurate interface to be encouraged to use the application and
that was the pivot of the design for the application. Despite the EOA
time delays, they have enough flexibility to cope with any objective
function. The BBO has the best time to reach the solution with
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almost the best performance. Therefore, it can be recommended as
the first choice to optimize the sensor arrays. In addition, the results
of the array configuration for the BBO shows clearly the emigration
out of the bounding region. The optimization results can trick the
array by changing the phase shifter circuits’ values to think it has a
different physical configuration. This is a very important feature for
the array. This feature also provide a mean to repair a partially
defected array without the need for replacement. Clearly, the de-
signed and manufactured arrays require additional optimization
step. The UDSA require less tweaking than the RDSA, but, overall,
each configuration can be improved even further. The SDRA could
be the best choice to design the sensor arrays because they combine
the best features of the UDSA and RDSA and the BBO has the fast-
est rate with almost the best results. Deploying the application as an
open source gives a strong chance for it to be updated, upgraded
and evolved according to the users’ experience.
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Table 2: The SADO Graphical and Optimization Array Response Results (Red Dots are the Optimized Locations)

UDSA

T clomants = 256 _ TE2%

Original Array ABC Array BBO Array TLBO Array

Normbey o loments s 250 - P— .
I 1 SR S R O T S B I ot
2 5 5
V04, & 4 4 o s s o 1 o s 8 e e w 004, i & » & % & @ -
qon "woe 004 wb2 o ooz aoe ows uos " “ouz oot
Distanc i (n}
3 Someor o ) Servor
0t o /i 66 i\ Oranl il |
I [ M ’ [ "
| | Optwicnd 1/ Opmes | Optmiand
o8 | 0s | o n 0s |
| |

T, | To | B | | o |
ES 2 [ g0 I 2 [
Sos | 5os | Bos H | 500 {
8 | ] | g 3 |
£o5 £os £ | €5
= 1 = 1T 3 [ = i
B Bou (| Lo Lo [
Boat | Zoar | gos Zoa [

30 0 0 00 150
The azimuth angle ¢

0 150
The azimuth angle ¢

¥ 5
] % |
H H
§ «f
270°
0z o4 R
Normalizes Magntuz Normaized Magnituds Normalized Magntuds

Normalzed Magatuce

Normeizad Vagntuce
Normasd Magntuce

/‘ \ ™~ 1
SN
1 [ 08
e | A
4 y 07
N

Normalizec Magntude
Normalized Magnitude
Nomaized Magnitude

Nomalized Magnitude

67 ] o %
. il d.- & £
o o0

SRDSA Concentric Ring




1398

International Journal of Engineering & Technology

Original Array

ABC Array

BBO Array

TLBO Arra

‘Numbar of slarmonts 72 287

‘Number of slements Is 282

206 004

Distance in (m)

22

Sensor Array Respor

09 | as o
os | ‘\ 08 8 oy
Tor T o7l Tor Torf
- < < <
Fos| | B oo 5os Bos
3 8 8 8
\t 0s ‘ Wost | Wos Los
[ [ &
Eou g o So Eos
3 F P
Bos| ( Basl ‘ Bual £os
02 2 2
s b il g R
=~ 5 7> 7
caaaesid™ | Mressacnsonsalad \ARAGH 2 Rassassosaontas S S
o] = 00 150 200 350 350 0 100 50 200 25 200
The azimuth angle ¢ The azimuth angle The azimuth angle
§ :
i § i
| 3 1 H
14 fos
i i
270° 270°
02 04 o8 08 1 02 o4 08 08 1
Normsizzd Meanituse Normatzed Msgritude Normatzed Msgaitude
4 oo § 3
§ . i
oa B oa § g
5 ] §
8 3 g
£ £ £ H
5 &
g ] E 5
] 3
! [ g ‘
2 2 2 2
g

SRDSA Concentric Ring




International Journal of Engineering & Technology 1399

ginal Array

omber of slements 75 736

T

Number of clements is 256

Ori ABC Array BBO Array TLBO Array

Distance in (m)

Sensor Array Response Sensor Array Response

The Array Factor |AF]
The Array Factor |AF]

The Array Factor |AF|

The Aray Factor |AF|

The azimuth angle

§ §
1] ] g

3 4 i
i i

04 08 08
Normaized Magnitude

Nommalized Magrituse

k4 e F
£ g ¥
i z "y
5 5 ¥ 5
] 2 3 |
i i ] i
4 4 B £
2 3 g 2
§ i s g
¥ 3 ¥
3 B ¥ ° 3§
i £ i £
P z
AzO Az0

£1270 E1270




