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Abstract

In the modern era of wireless communication there is a need for an antenna with reduced
size, higher bandwidth (to support high data rate), fewer losses and ability to operate at high
frequency. The microstrip antenna is one of the most favorable candidates in this context and
is compatible with today’s wireless scenario because of their smaller size, ability to operating
at high frequency, and ease of installation. The microstrip antenna is used in mobiles,
satellite communication devices, radars etc. Because of the versatility of the microstrip patch,

a lot of research work have been done and is going on today.

The tool(software) used for designing these antennas in today’s scenario is the EM
simulation software. Although it is precise, it is very time consuming and complex example
of which are CST(computer simulation technique), IE3D etc. The primary objective of the
thesis is to use a neural network as a tool to reduce the consumed time and computational
complexity in designing of an antenna. The Neural network has favorable properties in this
context including the ability to highly non linear input output relationships, the property of
generalization and less time consuming. It is turning out to be a very efficient tool in Antenna

optimization.

There are different kinds of neural techniques that can be used based on the application. The
most commonly used neural techniques are feedforward with back propagation algorithm,
which operates on the gradient descent method, and the RBF (radial basis function) NN,
which work based on the principle of distance between the input and the weight vector.
These two techniques are widely used and accepted in the application of the neural network
in the field of antenna. The thesis has two main objectives. The first one is to optimize the
microstrip patch dimension using the neural network and, the second one is to predict the

directivity of a planar array by using neural network.

The size of the antenna plays a central part in today’s wireless scenario because of less space
availability and the portability issue. The work is present here to optimize the dimension of
microstrip patch using RBF neural network. Further, in order to make use of neural network
more versatile the neural network is applied to a microstrip planar array for the purpose of

directivity estimation. Since directivity plays a key role to steer a beam in a particular



direction, so to enhance directivity a microstrip planar array is designed, then to estimate the
EM simulated directivity the Feed forward and RBF neural network is utilized.

It is found that RBF neural network produces favorable results but the Feed forward network

with back propagation algorithm produces more accurate and precise optimization.
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Chapter 1

Introduction

In the innovation era of wireless communication antenna systems plays a key role since its
inception. They are used to produce radiation from transmitter to receiver through wireless
channel. The components of antenna are designed to satisfy the demand of user. In today’s
scenario the emphasis is given on miniaturization of the components. An increase in the
operating frequency results in size reduction. The technology is changing day by day such
that device introduced today is gettting outdated next day. There is a significant change in
technology in the last decade. So researchers have observed considerable measure of
alteration in the wireless technology. To achieve objective of the optimum size of devices
with higher data rate, there is a shift in operating frequency from radio frequency to
microwave frequency. So while designing antenna this fact should be taken into account in
order to meet user’s requirements. The conventional EM simulation tools based on different
algorithms have their own pros and cons. In designing any antenna these techniques
encounter too much computational complexity and require more time leading to an
inefficient approach. Here comes the need of an efficient tool for optimization and
synthesization purpose in context of antenna, the ANN is turned to be a favorable candidate
for this purpose. How close an ANN is capable of predicting EM simulated results, this fact

is known as optimization.

1.1 Antenna

In context of communication antenna is a conductor which converts electrical energy into the
electromagnetic energy at the transmitter end and electromagnetic energy to electrical energy
at the receiver terminal. According to the theory of radiation given in [2], the radiation of EM
wave can only occur if there exist a current carrying conductor having change in the velocity
of current, whether it occurs in the form of acceleration and deceleration. It implies that
constant current carrying conductor cannot produce radiation. This change in the velocity of
current can be brought by introducing bends and discontinuities in the antenna structure.

Oscillating current also causes radiation of EM waves. To improve unintended radiation

1|Page



effect of any conductor acting as an antenna several majors are to be taken like shielding of
antenna which leads to dampening the radiation. But if proper design is chosen for antenna
the EM radiation can be controlled in order to suit different applications such as focusing the
energy in a specific direction, selecting specific frequency etc. The distance upto which any

antenna is liable to radiate depends upon the antenna used.

1.1.1 Radiation from Antenna

Radiation in antenna mainly occurs due to changes in current density with respect to its size.
A flow of charge is basically known as current. If the charge is flowing in the conductor have
a uniform velocity than antenna will not radiate, if there is variation in the speed the wire will
tend to radiate in the free space. In wireless communication the energy is to be radiated in the
free space. In order to make antenna radiate this uniform current density can be interrupted
by introducing abrupt changes, discontinuities, bends etc. There are many other ways to
generate time varying current in conductor. In [2] radiation mechanism of antenna is
discussed. Two parallel transmission lines produce an electric line of forces from one wire to
another if the dimension of conductor is A. If two transmission lines are placed in parallel,
then electric lines of force generated inside cancel each other, if they are flared out from any
of one side then it will disturb the electric lines of force. This disturbance at one end loosens

up the electric lined at one end and antenna will tend to radiate.

1.1.2 Historical Developments in Antenna

As explained in section 1.1, Existence of EM waves proved by the Hertz experiment in 1888.
A W2 dipole was used in the experimentation. Later the Horn antenna is used by the scientist
J.C. Bose in 1897. In 1901, G. Marconi used 50 vertical wires in the form of a fan at
transmitter side and a 200m wire supported by flying kite to sent signal transalantic from
England to Newfoundland. Earlier the antenna technology was limited to wire antennas.
Invention of microwave component in world war — IlI, took technology beyond wire
antennas. In this era mainly aperture antenna was introduced. Waveguide horn, slot,
reflector, open ended waveguide and lens antenna are the various types of antenna introduced
during world war- 1l [2]. The antenna introduction enabled wireless communication in

applications like radar and remote sensing in era of world war — 11.
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1.1.3 Different types of antenna

Depending on the characteristics parameters viz. shape, material used and radiating structure
antenna are classified into different categories. On the basis of directive property, an antenna
can be classified into directive or isotropic antenna. Wire antenna, planar antenna, fractal
antenna, horn antenna, reflector and dielectric lenses are some classification according to the
shape. The dielectric antenna and metallic radiating antenna are classified on the basis of
material used. The radiating structure may work on the principle of resonance or it may be a

leaky wave antenna.

Isotropic and directive antennas
Isotropic antenna is the hypothetical antenna which is considered as ideal antenna. It is a
lossless antenna, which radiates equally in all directions. On the other side directional

antennas radiate energy less or more in a particular direction.

Wire Antennas

Wire antenna composed of metallic wires with finite length having the capability to radiate
EM waves at specific frequency. Short dipoles, half wave dipoles, folded dipole, monopole
and loop antenna are some example of wire antennas. The simplest type of antenna is the
short dipole also termed as hertz dipole. The short dipole has length quite smaller than the
wavelength of the wave. The current distribution of this type of antenna is triangular
distributed. This antenna is classified under category of narrowband antenna. Antenna having
length A/2 is termed as half wave dipole. They are more directional characteristics as
compared to short dipole. The half wave dipole has omni-directional characteristics. Half
length of A/2 antenna is known as monopole antenna. The placement of antenna is done
vertically above the large ground plane. One end of feed is connected to radiator and other is

connected to ground of a monopole antenna.
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Planar Antennas

They belong to one of the recent trend in antenna designing. The conductor when stuck to
planar surface is called planar antennas. Microstrip antennas are the most popular antenna
structure. Substrate, patch and ground are the components of the microstrip patch. They can
be of various shapes like rectangular, triangular and circular etc. based on their desired
specifications. The patch antennas also support fractal shapes, which can be utilized for
multiband and broadband performance. Low profile and ease of integration with feed
network are the key advantage that makes them popular in this era.

Horn Antenna

Flared out waveguide structure with flaring in different axis is known as Horn Antenna. They
can further be classified as E-plane horn, H-plane horn and pyramidal horn. Horn antennas
are popular in high directive gain category of antennas. They are most commonly applied in

measurement of gain of any test antenna.

Reflectors and dielectric lenses

Reflectors are further classified according to their geometrical configuration. Plane, corner
and parabolic (Curved) Reflectors are some popular configuration of reflectors. They consist
of large size and utilized to increase the gain of antenna. Lens antennas are used to collimate
diversified waves. They are used to prevent the spread of the wave in undesired directions.

Dielectric lenses are most commonly used in modern day applications.

Modern day antennas
The primary example of modern day antennas are Planar inverted F antenna (PIFA) which is
used for mobile applications. The other examples are near field communication antennas and

Dielectric resonators.

1.2 Microwave antenna
The microwave communication is the higher range of frequency which consist of band of
1GHz to 30 GHz. Microwave communication offers shift to higher frequencies leading to

encourage the next generation technologies. The advantages can be enumerated as follows
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e More bandwidth availability enables communication system to carry large amount of
information. Thus the speed of data transfer can be increased using microwave
communication.

e Can be attributed as communication with high penetration power.

e Size reduction of the component size at these frequencies, as size is directly
proportional to the wavelength. The wavelength of microwave is quite less, so the

size of the antenna is quite less.

Line of sight communication is possible over large distances. The satellite
communication is one of the applications at microwave frequency.

A smaller wavelength is the key advantage that a microwave communication system has
inherited in it. A/2 is the size of a half wave dipole, which results in antenna size of
millimeters. Microwave antenna is very significant component in microwave
communication. Longer wavelength communication is affected by the object of comparative
size, at microwave frequencies wavelength is too short which results in much less
interference from the object. The commonly used antenna at microwave frequency is

microstrip antenna which is explained as under

1.2.1 Microstrip Antenna

The microstrip antenna was evolved in the early 1950s, they got popular in the 1970s. They
are likewise known as patch antennas and planar antennas. It is composed of substrate, patch
and ground plane. Substrate is made of dielectric material while the patch and ground plane
are conductor. Microstrip antenna was evolved in the early 1950s as planar antenna.
Microstrip patch is considered as a narrowband antenna in their basic form, they enjoy the
advantages of low profile, ease of integration, planar and conformal to the base, low cost
manufacturing etc. Microstrip antennas are utilized in diverse areas such as biomedical
application, radio communication and other government & commercial application, such as
mobile radio and wireless communication having similar specification to meet some of its
requirements [1]. Microstrip antennas are utilized in high frequency operations, mostly for
the microwave communication bands. The limitations are low bandwidth and low power
handling capacity, which can be overcome by proper selection of substrate thickness and
dielectric constant as well as proper means of feeding [3]. One of the common problems
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related to this antenna is the surface wave excitation. Microstrip antennas are very significant
device for the next generation wireless systems. They can be of different shapes and sizes
like rectangular, square, circular, elliptical etc. These antennas have some limitations such as
low radiating efficiency, poor polarization purity and scan performance, narrow frequency
bandwidth, must be operated at low power levels, and produce spurious feed radiation,
among others. Many limitations can be mitigated by considering the careful design. Research
on microstrip patch is aimed for its size reduction, high gain, wide bandwidth [4]. The major
design task is to optimize the dimensions of the rectangular microstrip patch antenna. An
increase in the height of substrate leads to increase in efficiency of the antenna, by placing
antenna elements in array formation the scanning and directivity properties of antenna system
can be improved. Although caution must need to be taken while designing because there is a
tradeoff between various factors, so improvement in one parameter can lead to decline the
performance of another one. Thus, compromises and tradeoffs are always essential during the
design process, regardless of the antenna type. Square patch is the special case of rectangular
patch. The most commonly used structures are chosen because of ease of analysis in the form
of radiation characteristics described in the mathematical form. If the complexity of taken
design increases than the there will be difficulty in modeling the radiation characteristics.
Microstrip antennas provide choice in selecting several performance characteristics, such as
operating frequency, radiation pattern, polarization, and element impedance by relatively
simple modifications in the structure. Modification and changes are shown in next section in

the context of square patch more specifically.

1.2.2 Structure of microstrip antenna

-
L /
" o fead Point
/ﬂ”d Level

Dielectric Substrare

Figure 1.1 Basic structure of microstrip patch [2]
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Equations for numerical analysis of patch antenna are shown below.

Ly =¢/ (21, &) (1)

w=c/2f, {(5&1%} (1.2)

E=(E+D)/2+(E -1/ 2[1+12h/ W] ° (1.3)

Equations for Patch Antenna [2]

Where L, the effective length of patch, w is is is the width and &, is the effective value of

dielectric constant.

1.3 Antenna Array Configurations

In the above section theory about single antenna element was discussed. The performance of
a single antenna can be improved by placing multiple antennas with suitable adjustment in
some parameters. In this section basic theory behind the antenna array is discussed, term
array factor will be introduced and typical array formation like linear, planar will be
discussed. Most of theory and mathematical equation part is taken from [2] and [5].

1.3.1 Two-Element Array
In figure 1.2 a two element array is shown under the far field condition. Both the element are
place along the z-axis and have equal distance from the origin (d/2). Neglecting all the losses,
the field radiated by each element can be described as:

ot

E~E|° —cosé, |0 (1.4)
1
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E,~E,| —cos4, |6 (1.5)

[

di2 .+‘ df2 ~
Figure 1.2 A 2-element linear array
Where g is the phase difference. Both elements are excited with equal magnitude. For the far

field analyses following assumptions are taken into account

0=6 ~0, (1.6)
rr~r, (1.7)
d
LT —Ecose (1.8)
d
r,~r +Ecos:9 (1.9)

Applying these assumptions on the above equations

£ E,e ™ cos 9[6 j(kd0039+ﬂ)/2:|9 (1.10)
Axr
— Ee M i
E — 0 cos o ej(kd0059+ﬂ)/2 0 1.11
2 A7y [ ] ( )

The total radiated field can be given as

E efjkr

E_E.E B cos g e-itacsoniz] g 112

T T gy [ ] .

E Eoe*J"‘r 05 02 COS |:£(kd cos¢9+ﬁ):|6? (1.13)
T 4nr 2 |
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By examining equation 1.13 it is observed that the total radiated field by the antenna array
can be expressed as field radiated by the single element placed at the origin multiplied by

what is known as array factor.

af = ZcosE(kd c03¢9+ﬁ)} (1.14)

af, =cos B (kd cos @ + ﬂ)} (1.15)

Where af,, is the normalized form of the array factor.

1.3.2 Linear Array

In order to improve the performance of the array number of elements can be increased to N
along the same axis and array factor expression can also be extended to N number of
elements. Thus formed array is termed as N-element linear array. Linear array with N-
elements placed along z-axis is shown in fig. 1.3. The theory for a two-element array factor
can also be expanded to include N number of elements along the same axis. Elements in the
array are identical and have phase difference of g from the nearest element; this array may
also be termed as nearest element. The array factor for the N element linear array can be

expressed as:

af :1_|_ej(kdcos€+ﬂ) +ej2(kdcos€+ﬂ) +ej3(kdcos€+ﬂ) + +ej(n—1)(kdcos€+/:’)

....... (1.16)
af - i‘e j(n—1)(kd cos@+ L) (1 17)
Using trigonometric properties eq. 1.17 can be written as
(N
sm(—(kd cose+,b’)]
i[(N-1)2)(kd coso+p) — =
sin(g(kd cos 0+ﬁ))
af =e (1.18)
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Normalized array factor can be written as

sin (';l(kd cos@+ﬂ))

sin@(kd cos@+ﬂ)j

af =— (1.19)

n

Figure 1.3 N-element linear array

1.4 Directivity
Directivity also known as directive gain is a measure of capability of antenna to focus its
radiation intensity in a particular direction with respect to average radiation intensity in all

direction. For any antenna directivity D is defined as

D=— (1.20)

Where U is the radiation intensity in a particular direction and U, is the average radiation

intensity in all direction (isotropic radiation). In the case of isotropic radiator U and U, are

equal, that results in directivity value of 1 in any possible direction. In other terms directivity
can also be defined as radiation intensity in a particular direction to radiation intensity of an
isotropic antenna. In case direction is not defined, it is assumed that directivity is calculated

for the direction of maximum radiation intensity.
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D = Jna (1.21)
UO

For a microstrip patch, directivity for a single slot can be calculated in terms of its width W,

the wavelength in free space 4,, and the wave number Kk,

2
D, :[ﬂj 1 (1.22)
A )k
Where |, is defined as
W 2
. sm(f’zcosej
|, = j sin®0do (1.23)
. cos

The more practical way to find the directivity of microstrip antenna is directivity with two
slots, since it has two slots that radiate. The directivity for the two slots (D,) can be

calculated as

2

D, |2V | % (1.24)

? ) |
0 2

Where |, is calculated as:

(1.25)

2
e x sin( 02 cos@) L
I, = sin® @ cos?| ——=sinAsin¢ |dad
? -([;[ cosé (2 ¢j ?
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For the dominant mode TM*,,,, D2 can be calculated in terms of D, as:

2D,

D,=——"— 1.26
214G, /G, (1.26)
Where G, and G,, can be calculated as
2
L - sin( 02 cos@)
= . J' sin® 0d@ (1.27)
12077 cosd
2
.| sin| —>—cos®
G = | 2 3 (k Lsin® 6d6) (1.28)
2 1207° 4 cosé o '

Where J, is the Bessel function of the first kind of zero order.

1.5 Neural network

The previous chapter covers the brief introduction about the antenna. As explained above,
there is a massive amount of non linearity between input and output parameter of the
antenna. The numerical approach and EM simulation techniques are found to be inefficient to
handle this non linearity. Remedy to this problem is an artificial neural network (ANN)
represented as a viable candidate. It is composed of massive numbers of highly
interconnected processing elements called neurons, working in union to resolve specific
problems. ANN is like a normal human which learn by examples. [6] In this chapter the brief
introduction about neural network is given, beginning from the earliest stage development to
present stage development. Two types of neural networks are considered: The Feed forward

with back propagation and the radial basis function (RBF-NN). General architectures,
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training algorithms and simulation processes of these networks will be discussed. The theory
and figures shown in this chapter are obtained from [7].

The main objective to create ANN is to handle certain task which can be challenging and
time consuming from the perspective of computers and software (tools). The human brain
works on highly parallel data processing which makes it capable of performing the
multitasking and fault tolerance. General diagram of biological neuron is shown in the
Figurel.4. Information is exchanged between the neurons in the form of electrical impulses,
which are received by dendrites. The connection between neurons is called synapses.
Impulses then flow to the cell body, where the information is processed. After processing of
impulse signal the neuron may or may not fire impulses response to received impulses.

Transmission of any generated impulse from one neuron to another is through the axon

Axon from another cell

Synapse

Axon

Receptor sites

Nucleus
Cell body Dendrites

Figure 1.4 A Biological Neuron

1.6 Motivation for work

Because of versatility in design and desirable characteristics the microstrip antennas are used
in a variety of application such as military, civilian etc. Although microstrip concept is not
new there are many research opportunities. For instance, in [8] work done concentrates on
calculation of the radiation pattern of a rectangular microstrip patch having uniform a

substrate, in [9] work presents modified rectangular microstrip antennas, using proximity
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feeds. The above work was limited to single element only, by increasing the number of
elements versatility of design can be enhanced.

A lot of research has been done in the area of neural network application on the antenna
designing, optimization and synthesis. Work done in [10], proposes a multilayered feed
forward network to predict the gain of a patch. The work is based on the variation of resonant
the frequency and the angle of observation on the azimuth plane. In [11] utilizes the
multilayered feed forward network to synthesize the radiation pattern of antenna. Work
presented in [12] uses MLP NN to estimate resonant frequency of patch antenna based on
some design characteristics (length, width, height and relative permittivity are chosen as
input parameter). Similar work is shown in [13] with some extended form, it uses three
different kind of neural networks (BP, RBF and GRNN) and have three dimensional input
and output. Work done in [14] is somewhat similar to that of [9], with the difference that it
uses RBF NN in spite of MLP.

1.7 Summary of objectives

Design of Microstrip square patch: At first a microstrip patch is designed using CST
simulation software operating on frequency 2.4 GHz(ISM band). The design frequency is
considered 2.4 GHz because of many household applications. The comparison of designing
of an antenna with and without inset is also done with the help of the reflection coefficient
(S;1) parameter.  The selection of antenna is done on the basis of smaller size, ease of
installation and fabrication. Microstrip antennas are the appropriate candidate in this context
because they can be used in small size devices such as laptop, mobiles, wireless routers,
satellite applications where space plays an important role. Due to low profile they can also be
mounted on the moving vehicles. Work done in [14] shows the application of RBF ANN on
the rectangular patch and results are analyzed by varying the numbers of neurons in the
hidden layer.

Design of Microstrip planar array: A 2*2 microstrip planar array is designed operating on
2.4GHz. The main aim is to predict the directivity and side lobe level for array at different
distances and find out best one of them using neural networks. Two types of neural networks

are applied to predict results. These networks would be compared and contrasted to each
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other in order to find out best of them in terms of network size, accuracy and generalization

capabilities.

Simulation using CST software: As we know for a microstrip patch operating frequency
varies inversely against the dimensions. So after design samples for different operating
frequencies are obtained at different length. These simulations have done using parametric
sweep option in CST software. These EM simulations are done in order to get precise
readings because modern software packages can provide more insight to the additional
factors to be considered without necessarily increasing the analysis complexity for the
designer.

In similar way simulation data are obtained for the designed microstrip patch array. Around

240 data samples of directivity and SLL are obtained at different d/A (normalized distance).

Optimization using neural network: After designing and simulating results from CST
simulation software based on FTDT algorithm the different neural networks are trained and
tested to get best optimized results. Neural networks are utilized for this purpose because of
their versatility. Feed forward net with back propagation algorithm and RBF neural network

are utilized in optimization and the results are compared in order to get optimal solution.

1.8 Organization of work:
The next chapter (chapter2) covers the basic of antenna and basic aspects of antenna
designing. Emphasis is given on the designing of a square patch antenna.

Chapter 2 is the Literature review which basically deals with analysis of the past work which
has been done in this area. This chapter contains the basic of microstrip antenna, different
type of performance criteria of antenna.This chapter also covers the requirement of antenna
for modern wireless communication. It also presents studies about various neural techniques

in optimization and synthesis of antenna.

Chapter3. This chapter is devoted to the study of designing of a square patch antenna and a
2x2 planar array. The analysis has been done using CST EM simulation software based on
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FTDT algorithm. The main objective o this chapter to illustrate the optimum design

parameter for a square patch antenna and a planar array.

Chapter4. This chapter deals with the implementation of neural network on the simulated
results of designed antenna structures. The different networks are trained with different
algorithms. To find out best of them results are compared and optimal network is selected on

the basis of performance.

Chapter5. This chapter is devoted to discussions of various results obtained in the presented
work. Firstly the results related to estimated resonant frequency of patch using RBF NN are

discussed, after that results obtained for Directivity and SLL for a planar array are discussed.

Chapter6. In this chapter the conclusive remarks made about the work done and future

possibilities for improvement are discussed.

1.9 Summary

This chapter shows motivation for the thesis. The historical development of wireless
communication and historical perspective of antenna designing is given in this chapter.
Types of various antennas are also described and antenna array is also described.
Significance is given on designing an efficient antenna in accordance to the present wireless
scenario and then the role of neural networks is described to optimize the performance of
designed antenna. The conventional EM simulation methods to design antenna are complex
and time consuming, so the importance of ANN is described in this chapter. A brief
introduction about these techniques is given in next chapters.
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Chapter 2

Literature Survey

In order to start the work, very first step is to study and analyze the research work that has
been done earlier regarding the neural application in antenna modeling. The papers that are
related to this title are chosen and studied. As described earlier Neural Networks are very

efficient tool for optimization. In this field following research has been done by researchers:

Vilovic et al. [3] proposed design of using ANN optimized by PSO algorithm. Authors show
ANN implementation in computing design parameters length(L) and width(W) with input

parameters resonant frequency( f, ),substrate height(h) and dielectric constant( &, ) and

RBFNN to obtain feed point distance(d).error minimization is done with modifying synaptic

weights using PSO algorithm. The neural network model are implemented for given resonant

frequency ( f,=2.45 GHZ), h=1.588 and & =4.5. The use of MLP and RBFANN takes few

minutes in computations with high accuracy.

Kumar et al. [4] proposed design of multislot microstrip Antenna on 2mm thick substrate
which is further optimized by application of GRNN, SVM and BFO ANN techniques. These
techniques are used to calculate resonant frequency. Initially IE3D software is utilized to
simulate the results for return loss, resonant frequency, radiation pattern and gain. The
optimized results showed good agreement with the simulated results when compared.
Estimation for resonant frequency by utilizing ANN and BFO is emphasized in this paper.

Lebbar et.al [6] proposed novel ANN based methodology in modeling microstrip patch
antenna. The methodology presented is applicable to DCS, GSM, WLL, WLAN , broadband
and planar techniques. Five applications of the methodology is presented, out of which 3 are
applicable in WLL. 802.11 and 802.11b antenna standard and remaining two for broadband

application. All antennas modeled by ADS technique radiates an end fire beam and have
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compact size. The artificial neural network (GMBANN) found to give good performance in

designing antenna for all five applications.

Neog et al. [10] proposed design of multislot hole coupled microstrip antenna to obtain
wideband characteristics. Substrate chosen for design is 2mm. A tunnel-based artificial
neural network (ANN) was utilized to estimate the radiation patterns of the antenna. The
radiation patterns were measured experimentally at 10.5 GHz and 12 GHz. The simulated
results were found in good agreement with the simulated results from IE3D and those of the
artificial neural network. A new method of using a genetic algorithm (GA) in an artificial
neural network is also discussed. The return loss and radiation patterns of the multiple-slot
hole-coupled microstrip antenna presented in this paper clearly showed that the antenna is a
wideband, multiple frequency antennas.

Mogadhassi et al. [12] presented the synthesis and analysis of rectangular microstrip fractal
patch antenna based on the ANN model to find accurate value of resonant frequency. A
MLP(multilayered perceptron) with backpropagation algorithm is used to estimate the
resonant frequency. Out of 715 data sets 676 were used as training while 40 set were used as
testing data. The input parameters were width(W), length(L), height(h) and dielectric
constant (€,) and output parameter is resonant frequency(f,.). The estimated results were

found in a good agreement with EM simulated and numerical results.

Dhaliwal et al. [13] proposed Neural network model to design the microstrip antenna. Three
type of neural network (BPNN, RBF NN, GRNN) were developed and their performance
analysis is done in order to parameter estimation of patch antenna. Number of iteration(N),
and input feed locations x;,y; were used as input to the neural network and gain(G), return
loss(s11), resonant frequency (f,-). EM simulator IE3D was used to design patch antenna.
GRNN showed the best performance in parameter optimization with minimum average MSE

and minimum run time error.

Aneesh et al. [14] proposed design procedure of rectangular microstrip antenna using RBF-

ANN. The resonant frequency of antenna with respect to the length is calculated with the
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variation of maximum numbers of neurons .It required 21 neurons to get target frequency
value. By using RBF significant amount of accuracy is achieved with less computational
time. The resonant frequency of microstrip Patch has successfully determined with use of
RBFNN.

Malmathanraj et al. [16] proposed to develop a neural network model to optimize the
microstrip patch parameters. Firstly the analytical results for microstrip patch were obtained
for different dimension and different radiation pattern, then these results were checked using
EM simulating software. Then neural network was applied to optimize the parameter to get
wide bandwith and directivity with high gain. Thus ANN application ensured an optimum

design methodology for designing of microstrip patch antenna.

Donnell et al. [17] proposed design of neural based beamformer to adapt low cost phased
arrays. Aim for introducing this technique is to decrease the antenna manufacturing and
maintenance cost. Devoloped ANN is utilized for the purpose of signal detection and
DF(Direction finding). Firstly the simulated data was obtained using the conventional
simulation, this data is used to train the a RBF network. Thus a RBF beamformer to
approximate signal detection and DF is used in ideal and degraded conditions. However the
results obtained were not as good as obtained from monopulse tracking, but the developed
network showed good performance from the perspective of time efficiency and cost of

antenna designing.

Angiulli et al. [18] proposed Neural fuzzy based network model to estimate the resonant
frequency of microstrip antenna. The technique introduced is fruitfully in microwave CAD
application. The data is generated from MOM (method of moments) EM simulation
technique used to train the developed network. The predicted results were found in a good
agreement with the EM simulated results for resonant frequency. The obtained rms error is
found to be in acceptable range.

Narayana et al. [19] proposed a neural network model to optimize the microstrip patch

parameters. Due to design complexity and non linearity between the input and output
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parameters conventional EM simulation methods are not useful, Thus a RBF and MLP-BP
neural networks were developed to mitigate this design problem. The ANN is used in two
ways firstly synthesis is done then analysis. While synthesis of the network height(h),
dielectric constant(€,.) and resonant frequency(f,) are the input parameters and length(l) and
width(w) are the output parameters for the patch antenna. In synthesis process the RBF NN

showed better efficiency while in analysis process MLP showed best performance.

Vakula et al. [20] proposed neural network modeling to find type of fault occurring in
antenna array. The different fault that can occur in an array are on-off fault, current
magnitude fault, phase fault and positional fault. These faults can lead to change in the
array’s radiation pattern. The antenna array consist of 101 elements is designed and
diagnosed for proper functioning by observing changes in the radiation pattern. The input to
the network is the Deviation pattern and the output is type of fault. The RBF and PNN are

utilized to perform the task. The success rate found for all fault types is 100 %.

Chkraborty et al. [21] proposed a novel neural network based methodology to estimate the
superstate loading effect on microstrip patch antenna. It is well known that loading effect
makes considerable shift in the resonant frequency of the antenna. The neural network
developed in the way adaptable to detect changes due to atmospheric deposition, icing effect
etc. There were 280 data samples used to train the network and output were checked with
that of simulated results obtained from IE3D simulation for change in frequency due to

superstate effect. Results were found in good agreement with simulated results.

Thakare et al. [22] proposed a neural based approach to find out the bandwidth of a
microstrip patch antenna. The training data was obtained from the IE3D EM simulator. The
work presented investigate a new approach utilizing ANN for solving design problem of
microstrip antenna. The network used is BP (back propagation) NN. Two sets of data were
created one to train and other to test the trained network. The test results obtained for

bandwidth were found in a good agreement with simulated results.
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Milizic’ et al. [23] proposed an efficient neural network model to approximate resonant
frequency(f,) and return loss parameter( s;;) for a slotted microstrip patch antenna. The
patch with dielectric constant  (€,= 2.4) was designed using ADS 2006 EM simulation
method and the data samples for training and testing are generated. The network developed
was MLP-ANN. For the analysis of ANN performance the parameters WCE, ACE and rPP™
were discussed. The network was tested for 940 data samples. Neural predicted results for
resonant frequency (f,-) and return loss parameter( s;,) were found in a good agreement with

EM simulated results

Kumar et al. [24] proposed a novel neural based bandwidth enhanchment method for
microstrip patch antenna. A dual band patch antenna was designed to operate at 2.5 GHZ
frequency was designed using IE3D EM simulator. Antenna is driven by coaxial feed of 50
ohm. A MLP-ANN was developed for this purpose. The MSE of 10® was obtained in 300
epochs using this network. A wide bandwidth for a notch square patch was obtained by
changing the interelement height and location of probe feeding. The neural results were in a
good agreement with the EM simulated results for parameters estimation for notch square
patch.

Bose et al. [25] proposed design optimization for aperture coupled microstrip antenna. The
optimization was done with a hybrid neural model was developed by combining the
properties of RBF and BP (back propagation) algorithms. Study reveals that time taken to
develop individual BP network was very large but the error percentage is much less, while
RBF network was developed in a few seconds but have large error, thus network developed
by the hybridization of both network is efficient in terms of time taken and error percentage.
According to author the significant advantage of network is that it completely bypass the
iterative processes to new design presented to it with low error percentage and less

computational time by proper training.

Singh et al. [26] proposed neural network development for rectangular microstrip patch
antenna. The resonant frequency of antenna is estimated using four types of neural networks
FFBPN, RPROP (Resilient backpropagation), LM (levenberg marquardt) and RBF (radial
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basis function) ANN. Networks are designed with four input parameters Length (I), width
(w), dielectric constant (€,) and substrate thickness. Output is resonant frequency (f;).
Performance comparison is given in the presented work. RBF NN found to give best

performance for optimization.

Tatuzov et al. [27] proposed a neural network system to mitigate the problems arise in
designing of radar arrays because of lower flexibility of existing algorithms to poor
flexibility and low computational capacity of traditional computers systems. ANNs can be
utilized in radar information processing like phased array antenna weight adaptation, genetic
algorithm for optimization of multibased coded signals, data association in multi target
environment and neural making for decision making algorithms. Proposed method of using

neural network showed considerable increase in efficiency of radar processing

Yazdanbakhsh et al. [28] proposed a design method for a monopole four square antenna
array on a finite ground plane based on decoupling and matching network. The ground plane
(chasis) affect strongly the mutual coupling of antenna elements. So to optimize the chasis
size a neural network is modeled which leads to better results for decoupling network. The
GA (genetic algorithm) is utilized with neural network for optimization. It transforms various
parameters having data like antenna length, diameter, distance, chassis length, chassis height,
neighboring decoupling capacitance/inductance and opposite decoupling capacitance to the
admittance matrix of the array mounted on a finite ground plane assuming that decoupling

network has less computational complexity.

Delgado et al. [29] proposed a novel ANN model for the parameter optimization of printed
dipole antenna with balun and microwave device. The parameters taken were bandwidth,
resonant frequency and VSWR (voltage standing wave ratio), further ANN is used to
optimize width of microstrip transmission line with respect to line impedance. A new neural
network is presented known as SYNTHESIS-ANN based on the hetero associative memory.
Randomization of output is the most significant feature of this ANN, which provided
significant time and cost savings. The results obtained from developed network were found

in good agreement with computed results for parameters mentioned above.
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Rafik et al. [30] proposed a novel neural based approach to describe design and optimization
of a multi antenna system. It is necessary to keep isolation between the elements of antenna
system in order to gain higher data rate (bandwidth) and better performance, a small change
in the antenna structure or environmental changes lead to misfunctioning of the antenna
system and the whole system is to be redesigned. The work presented in this paper showed
the great advantage over conventional EM simulation methodology. The technique found
useful for commercial PIFA (planar inverted fractal antenna) antennas which are used in

mobile handsets.

Deluccia et al. [31] proposed neural network modeler to find out the optimal element
position in non uniformly spaced broadband phased array. The ANN is used with a nature
based algorithm GA (genetic algorithm). GA based NN was utilized for optimum element
position for broadband array in order to minimize VSWR and side lobe level. The
methodology has silent features of NN based driving point impedance estimation technique
and a rapid pattern estimation technique mixed with a efficient GA optimizer. A 10-element
stacked patch antenna was synthesized by this GA based neural network. The optimization is
done for minimum SLL and element VSWR over a 60 degree scanning range and 10%
bandwidth. The SLL remained under -10 db level over entire scanning range with much less
average VSWR.

Zaharis et al. [32] proposed a neural based beamformer in order to steer the beam in the
desired direction, to place the nulls in the direction of interference signal and to minimize the
SLL. The data generated to train the neural network was obtained from MADIWO (modified
adaptive dispersion invasive weed optimization). The proposed design was tested for
different scenario of random interference signal and different power levels of AWGN.
Optimal ANN was selected after training performance in different scenarios and the obtained
results were compared to ADIWO based beamformers regarding their ability to maximize
SINR and minimize the SLL. The radiation pattern analysis as well as statistical results

showed that neural beamformer and MADIWO based beamformer give similar results.
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Pelosi et al. [33] proposed a method for designing simplified coupling method using neural
network approach. If there are large number of elements in an array than the mutual
coupling effect cannot be neglected for a large scanning area and a full wave analysis has to
be done for proper functioning of the array, which is unaffordable approach if number of
elements increased in the array. To mitigate this problem ANN is utilized for desingning of
coupling model because of its fast computations. The input to these network is the
geometrical parameters of the array like inter element distance, length and diameter of array
elements and the output were five coefficients of fourth order polynomial that fit the behavior
of the module. Suitable set of simulation were carried out for each subarray and once the

process is completed for all subarray the whole array was analyzed.

Somasiri et al. [34] proposed neural network modeler for dual band multilayer micristrip
patch antenna. Authors optimized antenna using feedforward ANN model. The model shows
good results and better accuracy over conventional EM simulations. The ANN model used to
estimate first and second resonance frequencies with an accuracy comparable to EM model.
Optimized antenna performs well in terms of bandwidth and size of the antenna is optimized

as well.

Jain et al.[35] proposed design of dual band stacked patch antenna for X-Ku band by
utilizing optimization feature of BFO algorithm and function mapping feature of ANN.
Firstly ANN trained to learn the working frequency and then this trained ANN is embedded
in the optimization loop of BFO. This optimizer is used to obtain the design parameters on
the user defined frequencies. This developed methodology significantly lower down the

simulation time with optimized feature.

Wnuk et al.[36] presented ANN model to get shaping profile(Radiation pattern) of
microstrip antenna. Satisfactory results were obtained using appropriate number of hidden
layer neurons. At the time of simulation radiation pattern is shaped in such a way that it
attenuates the disturbing signal in the possible direction from it comes. Although this

approach increases the level of complexity of system.
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Anuradha et al.[37] proposed design of custom made fractal antennas using ANN and PSO
techniques. The role of ANN is to form mapping between the design parameters and
operational frequencies of Antenna.PSO is used to obtain the shape of antenna for the desired
user defined frequencies. A joint utilization of ANN & PSO gives efficient result with less

computational time.

Shang et al. [38] proposed RFID tag antenna optimization using ANN with PSO. They used
Three layer MLP NN to model dipole antenna. The input parameter to NN is L, S, R, X
where R and X are the real and imaginary part of impedance. Now optimization is done with

GA and PSO combined with ANN. Which gives better results in agreement with simulated

results and executed in less computational time. The Return loss function S, is calculated.

Khan et al. [39] proposed a multilayered perceptron feedforward ANN model for calculation

of parameters radius or side length. Parameter M, f, h, £, m, n are the input parameters to NN

and Radius or side length is output. The obtained results shows good agreement with

experimental results given in literature.

Vilovic et al. [40] proposed a neural based approach to design a circular patch antenna and
estimate its feed position. The ANN utilized for the purpose is a RBF NN. On other side a
MLP ANN is developed for measurement of physical and effective radius and directivity for
45 different microstrip antennas. The results obtained by neural network MLP model were
compared with measured results available in the literature. The results obtained by RBF NN
for input impedance are better with average MSE of 2.69.10. The neural predicted results

were found in good agreement with measured results.
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Chapter 3

Antenna Designing & Simulation

As described earlier that the work mainly concentrate on the two types of objectives. The
first one is to design a square patch antenna and then to apply neural network on it. The
second one concentrates on the designing of microstrip planar array and then utilization of
neural network to estimate its directivity and SLL (Side Lobe Level). In this chapter the work
is shown related to antenna designing only, work related for application of ANN on antenna
is presented in the next chapter for both the objectives.

In the first objective the neural network is modeled to estimate the resonant frequency of a
square microstrip patch antenna. So information regarding designing of a square should be
known. Following section contains necessary aspects related to designing a square patch

antenna. Information regarding planar array is discussed in the next section 3.2.

3.1 Basis for designing a Conventional Patch antenna

Prime aim of work is to study the effect of parametric variations of the geometrical
dimensions on the resonant frequency of a microstrip patch antenna and the radiation pattern.
The microstrip patch is a high frequency antenna composed of dielectric substrate, metallic
patch, feed line and metallic ground plane. There are different shapes of patch antenna that
can be utilized as per need. Most commonly used shapes are rectangular, circular, polygon,
fractal, slotted hybrid fractal. The substrate used is commonly is FR-4 because of its cost
effectiveness and ease of availability. In the proposed design also FR-4 substrate is used.
Effect of fringing field is due to the metallic ground. Feeds are used to carry the signals from
the connector to the patch. Use of different kind of feeds is also discussed for impedance

matching.

3.1.1 Design of the square patch antenna

A square patch of 28 mm x 28 mm is designed on the FR-4 substrate at the resonant

frequency of 2.56 GHz. It is found that to obtain 50 ohms resistance the width of 3.04 mm
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for microstrip line is appropriate to match with the 50 ohms connector. By using equation the

edge impedance of the patch is found around 385 ohms..

Effective dielectric constant
The original value chosen for the dielectric constant cannot be considered for the analysis
because its value tends to change due to the presence of a Quasi TEM mode. So the effective

dielectric constant considering the presence of a quasi TEM mode can be given as

Epep = —— + 1+12—

-1/2
€ 2+1 €, —1[ :\J (3.1)

Where €,. dielectric constant or the relative permittivity of the substrate, h is is height of the

substrate, w is width of the substrate.

Length of the Rectangular Patch
Resonant frequency for patch antenna mainly depends upon its length, for dominant mode
length of antenna can be given as

C

2f,Je,

Where C is speed of light and fr is resonant frequency for antenna.

L= (3.2)

The Impedance of coaxial feed can be given as

138 D
Z,=——=1log,, E_j (3.3)

JE ol
Where D is the outer diameter of the conductor in coaxial cable and d is the inner diameter of

conductor. The inset feed position can be given mathematically as

Inset Feed position

2, (y=1) =2, (y=0)cos’[ 7 (3.4
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Where | is the patch length.

3.1.2 Reflection coefficient analysis

The return loss graph with and without inset feed is shown in figure 3.2 for the proposed
design. In this figure Y axis denote the magnitude of return power in db and X axis shows
frequency variation in GHz. It can be observed that for antenna without inset feed there is not
perfect matching between connector and antenna, while antenna with inset feed is able to
obtain satisfactory matching below -10 db. Resonant frequency of 2.56 GHz can be observed
from the figure 3.2.

1D Results\s

With inset feed

Frequency / GHz

Figure3.1. S11(dB) versus frequency for with and without inset feed.

3.1.3 Design Specifications:
As described earlier a square microstrip patch is designed of 28mm.x 28 mm. dimension. A

schematic diagram of the proposed design is shown below in figure 3.2.
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Figure3.2 Proposed Design for Square patch

3.1.4 Variation of parameters and data collection

After the designing of patch antenna with the desired characteristics values for the resonant

frequencies are obtained for different length for the patch. This task is accomplished through

the variation of length parameters by using a parametric sweep option to obtain

corresponding resonant frequency. This EM simulated data is further applied to train the

neural network.

Data set containing 20 samples is obtained through the CST software, shown in table

Table 3.1 Frequency at various length of patch

Length(L) in mm. Resonant Frequency (f,-) in GHz

22 3.0694
22.63158 2.9921
23.26316 2.9215
23.89474 2.8476
24.52612 2.7809
25.15789 2.715
25.78947 2.6538
26.42105 2.5948
27.05263 2.5387
27.68421 2.4837
28.31579 2.4333
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28.94737 2.3882
29.57895 2.335
30.21053 2.2896
30.84211 2.2471
31.47368 2.2045
32.10526 2.1627
32.73684 2.1213
33.36842 2.0855
34 2.0491

3.2. Basics for planar array

To obtain higher degree of freedom from array design perspective antenna elements can also
be placed in the grid formation, the structure thus obtain is known as planar array. The key
advantage of using planar array is more versatility in beamforming capabilities and SLL

cancellation. Basic structure of M x N planar array is shown in figure 3.4.
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Figur3.3 Basic structure of Planar Array
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The radiating elements are placed along the x axis and the y axis. The array factor for M

elements along the x axis can be expressed

M
afx — Z Imlej(m—l)(kdxsmecosm/i'x) (35)

m=1
Where |, is the individual element’s excitation coefficient on the x axis and S, is the

phase excitation difference between the elements. Now the same kind of linear array can be

placed along y axis, the resulting af is expressed as:

N M
j(m— i j(n-1)(kd, sin si
af :Zlnl {Zlmlej(m l)(kdx5|necos¢+ﬂx)}l(n )(kdy sin@sing+ 3, ) (3.6)

n=1 m=1

Applying the same concept used in (2.61), the individual array factor for the y-axis is:

N
j(n-1)(kd, sin@sing+p4,)
af, =>"1..e ' ' (3.7
=1

The total af can be expressed as

af = af,af, (3.8)
So we can say that the af for any planar array is the product of individual linear array along
both axis. Assuming excitation factor for different array same i.e. 1,1, =1, =1, and using

ml

trigonometric properties equation 3.6 can be rewritten as

sin(M(pxj sin(Ngoyj
af = —2 2 (3.9)
sin((zoj sin(?}

@, =kd, sindcosg+ f,

Where

¢, =kd, singsing+ f,
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3.2.1. Designing of array

As discussed earlier a 2x2 microstrip planar array is designed using a CST microwave
studio. Two elements are placed along x axis and two along y axis as discussed in the above
section. Each element has dimension of 28mmx28mm. The designed array resonates at 2.4
GHz. The phase shift of 90°is provided between the two consecutive elements in order to
reduce the effect of mutual coupling coefficients, which results in enhancement in array
performance in context of its radiation characteristics.

Operating wavelength for the array is 120 mm. After designing the array numbers of readings
are obtained for its radiation characteristics. Directivity and SLL (side lobe levels) are
computed at different inter element distance of the array. Around 240 readings are obtained,
which are shown in table 4.4 in next chapter.

3.2.2 Specification of desiged array
ﬁ ﬁ

Figure 3.4 Proposed design for planar array

I:}Y
x

Table 3.2 Parameter specifications for planar array

Parameter Value
Height 1.6 mm.
Substrate thickness 1.59 mm
Dielectric Constant 4.3
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Resonant frequency 2.4 GHz

Operating wavelength | 120 mm

3.3 Summary

The chapter presented necessary equations to design patch antenna and planar array. The use
of the CST microwave studio is shown in designing. Analysis of the proposed design is
discussed in terms of reflection coefficient, effect of different feed for the patch. A proposed
design for patch is shown in figure 3.4 and planar array in figure 3.5. The total of 20 samples
for resonant frequency at different length of patch and 240 samples for Directivity and SLL

are computed from the CST tool.
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Chapter4

Neural Network

This chapter basically deals with the brief introduction regarding the neural network. This
chapter describes basic ANN model and the methodology used to optimize the antenna
parameters and obtained results after optimization for the proposed design. The key issue is
to understand the working of neural network utilized for the optimization purpose. Basically
two types of ANN are utilized in the optimization 1) Feed Forward net 2) RBF neural net.

These two types are mainly discussed in this chapter.

4.1 ANN Model

A mathematical model of a biological neuron is shown in the figure 4.1. The dendrites are
represented by the input nodes Pr, information collection sent from other nodes and
modification in it is done by synaptic weight Activation function shown in the diagram
works as cell body which collects and process the gathered information and the output

information is to be transmitted to other neurons through the axon, is represented by f(z).

The ANN can only be used till there exist a correlation between input and output to  model
relationship between them, the utility of ANN comes to an end if there is no correlation such
as random events. Mathematical models used in the ANN are numerical approximation,
which are not suitable for applications where the output must be exact as accepted, with no
margin of error. There are a lot of applications where ANN can be utilized as an efficient tool
such as prediction, pattern recognition and optimization.

The mathematical model shown in figure 4.1 is also known as The McCulloch pits model and

the output for it can be given as

y=f(W.p,+W,.p, + Ws. p5 + ... +Wg.pg +b) 4.1)
y=f(w.p+Db) (4.2)
y=1(2) (4.3)
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Figure 4.1 ANN Structure
Where

p=(p,, P,......Pz) is the input vector
w= (W, W,,....W;) is the weight vector

Where p, and w, are the input and weight vectors respectively. The McCulloch and Pitts

model was the first model introduces in 1943, required proper selection of weight values
from the user to function. This model was not efficient since the weight selection on the basis
of ad-hoc style (trial and error), and weight would become fixed after the selection. So this
model had lack of adaptability. After that perceptron model was introduced by Frank
Rosenblatt in 1958, which was based on a learning algorithm, allowing the network taking
random weights initially and later adapt in accordance with the learning algorithm based on
the desired values of output to the corresponding input value. Later in 1960 adaline model
was introduced by Widrow and Hoff, much similar as of perceptron model with some
differences.

Perceptron model used unit step function as the activation function, which produce output 1
or 0 on the basis of vector z.

0,z<0
F(2) ={1 250 (4.4)
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While the adaline model uses signum function as the activation function.

F() = -1,2<0 A5
(2)= +1,z>0 (45)

In order to adapt the initial weights to more desirable values, first an error E is calculated
based on the target output values. For the perceptron model, the error is calculated using the
output.
E=d-y=d-f(z) (4.6)
For adaline model error is calculated as
E=d-z 4.7)

After the error calculation the the weights are adjusted in the same manner for the both

networks
W, [t+1] =W, [t]+ «EP (4.8)

Where W;[t + 1]the weight is vector for the current iteration and W;[t] is the weight vector
for the previous iteration. o is the learning rate that is defined by the user having value
greater than zero. The error process is repeated till the value of error become zero or reaches
user defined value or maximum number if iteration is reached. The user defined value for
error is set to very small value approaching to zero. The utility of perceptron and adaline
model was limited to linearly separable problems, as the complexity between input and
output data samles increases these networks failed to converge to an acceptable solution. This
problem was overcome by adding additional layers of the neurons to the networks lead to
introduction of MLP (multi layered perceptron) and madalines in place of adalines.

4.1.1 Some transfer functions “f”’

e Hard Limit;
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0,z<0

y@) 1z>1

Il
——

e Symmetrical Hard Limit:

e Log-Sigmoid :

e Linear:y=z

Figure 4.2 Different Transfer (Activation) Functions
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4.1.2 Advantages of ANN

» Massive Parallelism

» Distributed representation
* Learning ability

» Generalization ability

» Fault tolerance

4.1.3 Limitations of ANN
» Like any data driven model they cannot be applied if there is no or very little data.
» There are many free parameters such as the number of hidden layers, learning rate,
minimal error which may greatly affect the final results.

» They do not provide explanations.

4.2 Feed Forward Backpropagation Net

As the name shows these are the feed forward networks with backward flow or some type of
feedback, in which the input vector flows in forward direction from input to the output side
to produce output vector. At output side a error signal vector is generated (which is the
difference between Desired and predicted output) flows backwardly from output side to
input side in order to update the weights and make neural network adaptive to obtain the
desired results. Back propagation networks are trained with unique algorithms, which use the
partial derivative of the activation function at each layer. The generalized architecture for a
MLP-ANN ( Multilayered Feedforward Net) is shown in Figure 4.3. These networks can be
modeled with many numbers of layers, but generally MLP-ANN with two or three layers is
preferred in most of the applications. Network shown in Figure 4.3 has two layers one hidden
layer and one output layer. In the shown architecture there are i total number of inputs, j
neurons in the hidden layer and k number of total output. There are jx k weights at the
output layer. The key property regarding the activation function of the hidden layer in this
network is that they do not use the unit step and signum activation function as were in case of

perceptron and adaline model because they are not differentiable at all points.
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Figure4.3 MLP Feed-Forward Architecture with BP

Feedforward net uses log sigmoid and tan sigmoid activation function, which gives better
results due to property of differentiability. The log sigmoid function can be described as

F(net) - 1 e—k*net (49)
Where Kk is scaling factor. Similarly the tan sigmoid function can be given as
F(net) = L—l (4.10)
1+ e—k*net '

By controlling the value of constant k, log sigmoid and tan sigmoid function would approach

to the response of unit step and signum function.

4.2.1 Back propagation training

The training process in BP training can be subdivided into two sections: the forward pass and
the reverse pass. But before training process suitable number of hidden neurons and adequate
activation function should be chosen. Hidden neurons in excess can result in over fitting of
the dat and slow response, whereas lesser neurons in hidden layer may results in under fitting
of data and the network would not converge to desired results. There are many thumb rules
exist regarding selection of number of hidden neurons such as using the number of input and

output as references, although rule of thumb only gives the starting point and are by no
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means apply restrictions. Therefore selection of hidden neurons is done in an ad hoc manner.
By observing the expected output with respect to variation in the input, a better selection of

number of hidden neurons as well as proper activation function can be made.

In the forward pass the output is obtained as a function of weighted inputs, as discussed
earlier in the generalized neuron model of figure 4.1. However the theory described in the
figure 4.1 is for single layer, single neuron, the concept can be extended to two layers as
shown in figure 4.3. In this approach there are two outputs, one for the hidden layer having j

outputs that is f;(net)piqqen and the second one is of output layer having k number of
outputs that is fi (net)uepue, Which is considered as the output of the entire network. At
this time the forward pass ends and the reverse pass starts.

The reverse pass is initiated by the calculating the error vector between expected and the
generated outputs as shown in equation 1.26. Thus the error generated is used to update the
weights from the output layer to the hidden layer. In a similar manner to which weights were
updated earlier in equation 4.8 weights are updated at the output layer for the figure 4.3.

W, [t+1] =W, [t]+ A (5, f (net) (4.11)

hidden)
Where ¢, is defined as product of error and the partial derivative of the output layer
activation function.

a(f(net)

output )
4.12
onet ( )

o, =Ex

After the updating the output layer weights, the hidden layer weights are updated as
Wnj[t+1] =W, [t]+ A(> 5;p,) (4.13)

Where J;is defined as product of partial derivative of hidden layer activation function and

sum of the initial output layer weights with 4, .
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0.

J =

o( f (net)
(5kwjk [t])x ( ((;fet)“'dde“) (4.14)

After the updating the weights of hidden layer neurons, the reverse pass ends and forward
pass begin again, when the updated weights of the hidden layer are computed, the reverse
pass ends and forward pass begins again, thus repeating the training cycle. In this way
completion of one full training cycle is known as the epoch. Training is repeated until either
a fixed epoch has been reached, or error obtained falls below a preset tolerance value, whose

value is typically set close to zero.

4.2.2 BP Simulation

After the training phase the network capabilities are being tested to approximate the function
which is used to modeled by ANN. This phase is known as testing phase. In this phase the
data set used for testing is unknown to the network. For the simulation of BP network only
forward pass is required, since the weights should be set at this point. The network is then fed
with equal or larger set of input in compare to training phase. The outputs are generated and
compared to desired values. Although for the simulation part individual error are observed
instead of average error, due to the fact of the necessity of minimize the error for every input
pattern. The ability of network to generalize the results is tested by using the input patterns
that were not used during the training phase. If the calculated error is unacceptable, then the
training is done by varying the different set of training parameters like to change the number
of neurons in the hidden layer, error threshold, learning rate etc.

4.3 Radial Basis Function Networks

This is the second type of ANN that is to be discussed in this chapter. It is another variant of
feed forward ANN first applied in neural networks by Broomhead and Lowe [31] and have
gained a lot of popularity in recent years for approximate the nonlinear functions. It has e
same basic architecture as of feed forward net, with the difference that they uses radial basis
neurons in the hidden layer. The RBF ANN model architecture is shown in figure4.3.
Although RBF NN is a type of feed forward net, they show noticeable differences from the

BP network in terms of computed output and the way network is trained. Function net for
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the BP network was calculated using the sum of the weighted inputs whereas net function for

RBF network is calculated based on the Euclidean distance between the input and weights.
net=w-p (4.15)

The activation functions of the RBF hidden layer is the Gaussian function. The final output

f (net) is calculated in terms of the Euclidean net as

f (net) = e (#320"met/s)’ (4.16)

Where s is user defined spread constant. Equation 4.16 shows that when the input vector is

equal to the weight vector the output f (net) attains its maximum value, while the difference
between weight vector and the input vector increases, the output f (net) approaches to zero.

Transfer function for the output layer is linear function as described earlier in equation 4.1.

» f(net)

Figure 4.4 RBF ANN Structure

4.3.1 RBF Training

While comparing with BP training process RBF, does not have an actual training process.
These networks have very simple process for weight adjustment and the number of neurons
in the hidden layer. The number of the training sets matches to the number of the weights in
the hidden layer and values of the hidden layer weights set equal to the input pattern, which

leads to result in the maximum output when the input values are equal to the training

42 |Page



patterns. To obtain the desired output from the RBF NN weights and biases values are set in
a manner that the generated values of output match the desired output values exactly. Here
the significance of the spread parameter s should also be discussed. It is a constant used to
control the individual RBF neuron’s field of response that restricts the modeled function such
that its value does not go to zero for any point between training input patterns. Individual
weights for the hidden layer are set in accordance to the input pattern values.

The individual weights and biases for the output layer are found in terms of the target output

values by using equation given below

W, f(net)+b=y, (4.17)

4.3.2 RBF Simulation

As discussed above the way in which a RBF network is trained, training process is completed
in a single epoch as compared to complex iterative process in BP network. Now comes the
next important step of testing process or simulation process, in which network’s ability to
approximate the input value is checked from the input pattern that is not used in the training
phase. During the simulation phase error between the desired and simulated output is
computed. If the error value obtained is not satisfactory, the network must be retrained. If the
number of neurons weights in the hidden layer is changed, the number of training patterns
should also be changed to match. While retraining, the most significant parameter which
needs to be changed is the spread constant of RBF network. As discussed earlier they defines
the field of response for the hidden layer neurons, this field of response should be large
enough to approximate the output values for the network, but not so large that causes over

fitting problem.

4.3.3 Summary

In this chapter the basic introduction about neural model and different neural techniques that
are utilized in this thesis are discussed. Methodology regarding feedforward and RBF neural
networks for optimization of patch parameters and radiation characteristics of antenna array

is presented. Emphasis is given on to understand the operation of both the ANNSs in
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optimization. Difference between the working of two neural nets is discussed. The
feedforward net with BP algorithm utilizes the concept of feedback to update the weights on
the basis of error signal generated and the RBF NN produces output on the basis of Euclidean

distance between the weight vector and input vector.
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Chapter 5

Results & Discussions

As discussed earlier the work is divided into the two objectives. The first one is application
of neural network in estimation of resonant frequency for a square patch and the second one
is the utilization of neural networks in estimation of directivity and side lobe level of a
microstrip planar array. Results corresponding to each objective are discussed in this chapter.

5.1. Optimization of Patch parameters using RBF ANN

A RBF ANN is utilized to estimate the resonant frequency of the microstrip patch for
different length. For this purpose a RBF network is generated in MATLAB environment.
This network is then trained by EM simulated data obtained from the CST software. There
are total of 20 data samples of resonant frequency with respect to length shown in table 3.1.
Out of these 20 samples 12 samples are used to train the network while 8 samples are utilized

for the testing purpose shown in table 5.1.

Table 5.1.Test data set for RBF NN

Length(mm) Frequency(GHz)

22 2.9921
23.89474 2.8476
25.15789 2.715
26.42105 2.5948
27.68421 2.5948
30.21053 2.2896
31.47368 2.2045
32.73684 2.1213

The results are simulated for different number of neurons in the hidden layer, to find best
possible output matching the desired output.

Initially RBF ANN is developed with the following specification
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Table 5.2 RBF Specifications

Parameter Value
Goal .001
Spread Constant 1
Df 1

With the parameters defined in table 5.2 RBF is trained with different numbers of neurons in
the hidden layer.

Initially a RBF is created with one neuron in the hidden layer. The MSE achieved through
this network is .0994682 and it does not give good results for estimated frequency. Now
keeping all other parameters same a new network is developed using two neurons in the
hidden layer, this time MSE achieved is .0504701, performance for this network is shown in
figure 5.1.

Performance is 0.0504701, Goal is 0.001

Train
Validation ]
Test

Performance

10 1 1 1 1 1 1 1 1 1
0 02 04 06 08 1 12 14 16 18 2

2 Epochs

Figure 5.1 RBF performance plot for 2 hidden layer neurons

Now number of hidden layer neurons is increased to five. This time MSE achieved is

0.0167094, performance plot for this network is shown in figure 5.2,
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. Performance is 0.0167094, Goal is 0.001
10 T T T T T T T

Train
Validation |]
Test
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Performance
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10 1 1 1 1 1 1 1 1 1
0 0.5 1 15 2 25 3 35 4 45 5

5 Epochs

Figure 5.2 RBF Performance plot for 5 hidden layer neurons
Finally network is developed using eight hidden layer neurons, this network best
approximate the estimated frequency with MSE of 0.000504239. The performance plot is
shown in Figure 5.3.

Performance is 0.000504239, Goal is 0.001

Train
Validation |]
Test

Performance

8 Epochs
Figure 5.3 RBF Performance plot for 8 hidden layer neurons

Plot for MSE with respect to different number of neurons in the hidden layer is shown in

figure 5.4. It can be observed that minimum value of MSE is achieved for 8 number of

neurons in the hidden layer. Results for MSE in tabular form are shown in table 5.3.
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Figure 5.4 MSE with respect to different number of neurons in the hidden layer for RBF- NN

Table 5.3 MSE with respect to different number of neurons in the hidden layer for RBF ANN
No. of MSE
hidden layer

neurons
0 0.0994682
0.0504701
0.0395838
0.0317578
0.0167094
0.00318884
0.00171669
0.000504239
0.000504239
0.000504239
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11 0.000504239
12 0.000504239

In the work presented here for the patch parameter optimization using RBF ANN, as the
number of neurons in the hidden layer are increased the network adapts the weights
efficiently in order to minimize the error. It can be observed that as number of neurons in the
hidden layer is increased the performance goal for the network improves significantly. RBF
network with 8 neurons in the hidden layer shows the best performance with MSE of
0.000504239 (lower than the set goal of .001). So this network best approximate the resonant
frequency for the patch. So the RBF NN with 8 hidden layer neurons is the optimized
network for the estimation of resonant frequency at different lengths of patch. It is found that
further increase in hidden layer neurons do not show any effect on MSE, network with 8
neurons in the hidden layer is found most efficient network. Obtained results in tabular form
are shown in table 5.4. Plot for predicted resonant frequency at different length of patch with
respect to different neurons in hidden layer are shown in figure 5.4.

Table5.4. Neural estimated frequencies

Length Frequency Predicted Frequency

(mm) (GH2z) (GH2z)
22.63158 2.9921 3.05223478323540
23.89474 2.8476 2.82510665992666
25.15789 2.715 2.73510281116976
26.42105 2.5948 2.57744604188649
27.68421 2.5948 2.43616009284083
30.21053 2.2896 2.30785385214506
31.47368 2.2045 2.18003832580825
32.73684 2.2045 2.15487861416734
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Figure 5.5 RBF output with respect to different neurons in the hidden layer

5.2. Neural application on planar array

As discussed in previous chapters a 2x2 microstrip planar array is developed and various

types of neural techniques are applied in order to estimate /model the Directivity and SLL

(Side Lobe Level) of the array. Planar array is designed and its radiation pattern

characteristics (Directivity and SLL) are obtained for different normalized inter element

50|Page



spacing (d / A) using CST simulation software. The obtained values for Directivity and SLL

are shown below in table 5.5 The value of A for the designed array is 120 mm.

Table 5.5 CST simulated Directivity and SLL with respect to distance

Distance(d) d/2 Directivity(D) SLL

7 0.0583 3.149191 -7.9861
7.1759 0.0598 3.110682 -8.01136
7.3518 0.0613 4.057333 -8.72693
7.5276 0.0627 4.074959 -8.75105
7.7035 0.0642 4.088819 -8.77513
7.7143 0.0643 4.089693 -8.77656
7.8794 0.0657 4.102002 -8.79869
8.0553 0.0671 4.115514 -8.82459
8.2312 0.0686 4.126396 -8.84773
8.407 0.0701 4.138338 -8.87231
8.4285 0.0702 4.139464 -8.87507
8.5829 0.0715 4147159 -8.89477
8.7588 0.073 4.155049 -8.91703
8.9347 0.0745 4.16203 -8.9391
9.1106 0.0759 4168117 -8.96102
9.2864 0.0774 4175111 -8.98281
9.4623 0.0789 4.18177 -9.00449
9.6382 0.0803 4.186653 -9.02647
9.8141 0.0818 4.191554 -9.04672
9.8571 0.0821 4192711 -9.0547
9.9899 0.0832 4.195503 -9.0694
10.1858 0.0849 4.198596 -9.08881
10.3417 0.0862 4.201047 -9.1082
10.5176 0.0876 4.202942 -9.12756
10.5714 0.0881 4.203413 -9.13349

51|Page



10.6934 0.0891 4.204328 -9.14693
10.8693 0.0906 4.20527 -9.1663
11.0452 0.092 4.2059 -9.18569
11.2211 0.0935 4.206303 -9.20508
11.397 0.095 4.206356 -9.22454
11.5729 0.0964 4.20624 -9.24405
11.7487 0.0979 4.203314 -9.26299
11.9246 0.0994 4.203178 -9.28283
12 0.1 4.20314 -9.29135
12.1005 0.1008 4.203103 -9.30274
12.2764 0.1023 4.203138 -9.32273
12.4523 0.1038 4.20382 -0.34278
12.6281 0.1052 4.205472 -9.36291
12.7143 0.106 4.206383 -9.3728
12.804 0.1067 4.207408 -9.3831
12.9799 0.1082 4.209697 -9.40335
13.1558 0.1096 4.212367 -9.42365
13.3317 0.1111 4.215484 -9.444
13.4286 0.1119 4217413 -9.45523
13.5075 0.1126 4.219087 -9.46438
13.6834 0.114 4.219133 -9.48588
13.8593 0.1155 4.22385 -9.50592
14.0352 0.117 4.229191 -9.52596
14.2111 0.1184 4.235201 -9.54599
14.3869 0.1199 4.241891 -9.56602
14.5628 0.1214 4.721862 -9.51888
14.7387 0.1228 4.729415 -9.53049
14.8571 0.1238 4734771 -9.5383
14.9146 0.1243 4.73734 -9.54209
15.0905 0.1258 4.745119 -9.55367
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15.2163 0.1268 4752774 -9.56526
15.4422 0.1199 4.241891 -9.57684
15.5714 0.1214 4.721862 -9.58536
15.6181 0.1228 4.729415 -9.58844
15.794 0.1238 4734771 -9.60004
15.9698 0.1243 4.73734 -9.61167
16.1457 0.1258 4.745119 -9.62331
16.2857 0.1268 4.752774 -9.63495
16.3216 0.1287 4.760314 -9.63729
16.4975 0.1298 4.765787 -9.64876
16.6734 0.1302 4767751 -9.66026
16.8492 0.1316 4.775107 -9.67179
17 0.1331 4.782407 -9.68171
17.0251 0.1345 4.789652 -9.68336
17.201 0.1357 4.792298 -9.69499
17.3769 0.136 4.793735 -9.70665
17.5528 0.1375 4.800787 -0.71838
17.7143 0.1389 4.807844 -0.72921
17.7286 0.1404 4.814923 -9.73018
17.9045 0.1417 4.821025 -90.74204
18.0804 0.1419 4.822049 -9.75397
18.2563 0.1433 4.829232 -9.76598
18.4286 0.1448 4.836477 -9.7792
18.4322 0.1463 4.843807 -90.77945
18.608 0.1476 4.850623 -9.79187
18.7839 0.1477 4.851232 -9.80438
18.9598 0.1492 4.85877 -9.817
19.1357 0.1507 4.866423 -9.82972
19.1429 0.1521 4.874211 -9.83024
19.3116 0.1536 4.879288 -9.84255
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19.4874 0.1536 4.879451 -9.85549
19.6633 0.1551 4.887582 -9.86856
19.8398 0.1565 4.895869 -90.88176
19.8571 0.158 4.904328 -9.88312
20.191 0.1595 4.912958 -9.90856
20.3668 0.1595 4913312 -9.92218
20.5427 0.1609 4921772 -9.93595
20.5714 0.1624 4.930773 -0.93821
20.7186 0.1639 4.939963 -9.94987
20.8945 0.1653 4.95896 -9.96395
21.0704 0.1655 4.950332 -0.97821
21.2462 0.1683 4.968767 -9.99264
21.2857 0.1697 4.958787 -9.99591
21.4221 0.1712 4.989028 -10.0061
21.598 0.1714 4.990717 -9.91655
21.7739 0.1727 4.999483 -9.93059
21.9497 0.1741 5.010158 -0.92941

22 0.1756 5.021057 -9.92058
22.1256 0.1771 5.032181 -9.89863
22.3015 0.1774 5.034702 -9.86812
224774 0.1785 5.038956 -9.83937
22.6533 0.18 5.300127 -9.8094
22.7143 0.1814 5.308798 -9.79906
22.8291 0.1829 5.317458 -9.77969
23.005 0.1833 5.319924 -9.75027
23.1809 0.1844 5.326095 -9.71914
23.3568 0.1858 5.334715 -90.68786
23.4286 0.1873 5.339796 -9.67516
23.5327 0.1888 5.348458 -9.65682
23.7085 0.1893 5.351463 -9.62603
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23.8844 0.1902 5.357118 -9.59548
24.0603 0.1917 5.365785 -9.56519
24.1429 0.1932 5.374442 -9.55106
24.2362 0.1946 5.383101 -9.53516
24.4121 0.1952 5.386636 -9.50537
24.5879 0.1961 5.391763 -9.47584
24.7638 0.1976 5.400427 -9.44657
24.8571 0.199 5.409098 -0.43114
24.9397 0.2005 5.417772 -9.41755
25.1156 0.2012 5.421846 -9.38878
25.2915 0.202 5.426461 -9.36026
25.4673 0.2034 5.43515 -90.33224
25.5714 0.2049 5.443849 -9.31553
25.6432 0.2064 5.452555 -9.30407
25.8191 0.2071 5.457181 -9.27615
25.995 0.2078 5.46127 -9.24848
26.1709 0.2093 5.469999 -9.22105
26.2857 0.2108 5.478735 -9.20326
26.3467 0.2122 5.483933 -9.19386
26.5226 0.2131 5.489353 -9.16692
26.6985 0.2137 5.493093 -9.14021
26.8744 0.2152 5.502279 -9.1136

27.0503 0.2166 5.511497 -9.08739
27.2261 0.2181 5.520752 -0.06141
27.402 0.219 5.527361 -9.03565
27.5779 0.2196 5.531017 -9.0101

27.7143 0.221 5.541592 -8.99044
27.7538 0.2225 5.552221 -8.98477
27.9296 0.224 5.559747 -8.95965
28.1055 0.2254 5.570571 -8.93472
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28.2814 0.2269 5.581445 -8.90999
28.4286 0.2284 5.592373 -8.88943
28.4573 0.2298 5.603341 -8.88543
28.6332 0.231 5.611882 -8.86105
28.809 0.2313 5.614358 -8.42117
28.9899 0.2327 5.625417 -8.39743
29.1429 0.2342 5.636522 -8.37635
29.1608 0.2357 5.647664 -8.37397
29.3367 0.2369 5.657018 -8.3508
29.5126 0.2371 5.658845 -8.32789
29.6884 0.2386 5.670062 -8.30526
29.8643 0.2401 5.805672 -8.27922
30.0402 0.2416 5.813953 -8.25715
30.2161 0.2429 5.821333 -8.23531
30.392 0.243 5.82217 -8.21371
30.5678 0.2445 5.830326 -8.19231
30.5714 0.2459 5.838422 -8.19187
30.7437 0.2474 5.846456 -8.17112
30.9196 0.2489 5.856753 -8.15013
31.0955 0.2503 5.864756 -8.12931
31.2714 0.2518 5.872697 -8.10867
31.2857 0.2533 5.880567 -8.10699
31.4472 0.2547 5.888371 -8.08819
31.6231 0.2548 5.888529 -8.06784
31.799 0.2562 5.896109 -8.04765
31.9749 0.2577 5.903775 -8.02758

32 0.2591 5.911373 -8.02472
32.1508 0.2606 5.918902 -8.00763
32.3266 0.2607 5.91951 -7.98758
32.5025 0.2621 5.926355 -7.96766
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32.6784 0.2635 5.933738 -1.94782
32.7143 0.265 5.94105 -7.94378
32.8543 0.2665 5.948285 -7.92807
33.0302 0.2667 5.949309 -7.90837
33.206 0.2679 5.955445 -7.88873
33.3819 0.2694 5.954574 -7.86914
33.4286 0.2709 5.961547 -7.86396
33.5578 0.2723 5.968443 -7.8496
33.7337 0.2726 5.969841 -7.83008
33.9095 0.2738 5.975268 -7.81058
34.0854 0.2753 5.982019 -7.7911
34.1429 0.2767 5.988691 -7.78474
34.2613 0.2782 5.995286 -1.77162
34.4372 0.2786 5.997022 -7.75213
34.6131 0.2796 6.001802 -7.73264
34.7889 0.2811 6.000824 -7.71312
34.8571 0.2826 6.014606 -7.70555
34.9648 0.284 6.020891 -7.69357
35.1407 0.2845 6.022925 -71.674

35.3166 0.2855 6.027097 -7.65439
35.4925 0.287 6.033224 -7.63473
35.5714 0.2884 6.039274 -7.62588
35.6683 0.2899 6.045241 -7.61501
35.8442 0.2905 6.047533 -7.59524
36.0201 0.2914 6.051125 -7.33917
36.196 0.2928 6.056941 -71.3212
36.2857 0.2943 6.051125 -7.31202
36.3719 0.2958 6.068325 -7.30321
36.5477 0.2964 6.070836 -7.28521
36.7236 0.2972 6.073899 -7.26719
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36.8995 0.2987 6.079393 -7.24915
37 0.3002 6.152802 -7.23882
37.0754 0.3016 6.155917 -7.23106
37.2513 0.3024 6.157464 -7.21296
37.4271 0.3031 6.158925 -7.1948
37.603 0.3046 6.161823 -7.1766
37.7143 0.306 6.164595 -7.16505
37.7789 0.3075 6.167587 -7.15834
38.1307 0.309 6.170804 -7.12166
38.3065 0.3104 6.173908 -7.10323
38.4286 0.3119 6.176896 -7.0904
38.4824 0.3134 6.179769 -7.08472
38.6583 0.3143 6.181529 -7.06615
38.8342 0.3148 6.182528 -7.0475
39.0101 0.3163 6.185187 -7.02877
39.1429 0.3178 6.187723 -7.01457
39.1859 0.3192 6.190149 -7.00996
39.3618 0.3202 6.191765 -6.99015
39.5377 0.3207 6.192462 -6.97015
39.7136 0.3222 6.194675 -6.95006
39.8571 0.3236 6.196774 -6.9336
39.8894 0.3251 6.198761 -6.92989
40.0653 0.3262 6.200194 -6.90961
40.2412 0.3265 6.200647 -6.88924
40.4171 0.328 6.202433 -6.86875
40.5714 0.3295 6.204107 -6.85069
40.593 0.3309 6.205711 -6.84816
40.7688 0.3321 6.206932 -6.82746
40.9447 0.3324 6.207237 -6.80664
41.1206 0.3339 6.208667 -6.78571
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41.2857 0.3353 6.209951 -6.76595
41.2965 0.3368 6.211116 -6.76465
41.4724 0.3381 6.212063 -6.74347
41.6482 0.3383 6.212185 -6.72217
41.8241 0.3397 6.213159 -6.70074

Out of these 240 sample values 200 samples are used to train the network and 40 samples are
used for testing purpose. The feed forward and RBF neural techniques are utilized to estimate
the Directivity and SLL for the proposed design. The generalized neural model for estimation

of two parameters is shown below in figure 5.6

ANN

———» SLL

Figure 5.6 ANN Model

The neural analysis for both the techniques is presented in next section.

5.2.1 Feed forward NN with BP algorithm

Firstly Feed-forward neural network having different number of neurons in the hidden layer
with Levenberg-Marquardt learning algorithm (LM) are created. The learning rate is set to
.01. There are 240 data sample showing variation in the directivity with respect to normalized
inter element spacing (d/A), where A=120 mm is the wavelength, obtained from CST

simulation software.
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To find the optimum Feed forward NN (In terms of hidden layer neurons), each network is

trained twenty times and average MSE for each network is calculated for each network to

find optimum network. Results for average MSE are shown in table 5.6. Plot for Average

MSE with respect to different numbers of neurons in hidden layer is shown in figure 5.7.

Table 5.6 Average MSE with respect to different neurons in the hidden layer

n=5

n=10

n=15

n=20

n=25

n=30

0.005705472
74858611

0.001234758
02149844

0.000910913
245847630

0.001430263
41162120

0.000823014
520175637

0.003778150
99725275

0.005102941
43953470

0.000971844
545642697

0.001878321
25136270

0.001825005
20649171

0.000687293
605075130

0.000550803
352271593

0.007302819
60497441

0.004175062
11173676

0.001763616
43820887

0.000827917
529491140

0.001301256
88289235

0.009149979
53833223

0.005710423
15297370

0.000948852
285812779

0.001126715
44961293

0.004473504
69373480

0.007714943
27528594

0.004113591
70198651

0.004704981
83891608

0.001297653
98731521

0.001414569
94744265

0.001465893
66493102

0.001571564
50962233

0.000960084
021314369

0.008149868
77642368

0.002776336
25389171

0.001683151
06534320

0.001154859
45866995

0.000924248
888804040

0.001268227
10873818

0.005958265
54351645

0.001308904
73765881

0.001853482
75510552

0.001440417
22433317

0.001183836
42512441

0.002268103
51155765

0.008299735
51999129

0.001430450
78270391

0.001267500
06829912

0.000823306
624971432

0.001846759
41555158

0.004251975
47608094

0.005068451
73581662

0.001414514
26068726

0.001267505
65534021

0.000497539
752270741

0.001503744
55509715

0.000753383
088493269

0.005767251
11204253

0.001125138
66374362

0.001856625
90367130

0.001332454
57222762

0.001438843
72809060

0.000735872
337434747

0.005126116
92747752

0.001981458
18075178

0.001362989
40587696

0.000568557
248197069

0.001134614
98125554

0.001107607
59690608
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0.007460329 | 0.002826066 | 0.000432165 | 0.002706557 | 0.001034088 | 0.000862104
03340340 | 59801395 | 198179861 | 06204487 66700070 | 832647828
0.005068992 | 0.002730774 | 0.000470207 | 0.001312444 | 0.001361177 | 0.000715809
60922453 | 72820411 | 605210169 | 55334535 | 59757266 | 404430245
0.004865361 | 0.003517153 | 0.001445480 | 0.001061426 | 0.002876219 | 0.001458657
22492616 | 29086648 10558840 14919988 16085296 | 53682983
0.004734631 | 0.002094304 | 0.001698545 | 0.002779670 | 0.007346004 | 0.001032875
98697231 | 75807900 85857694 | 98849569 | 55112829 | 92993414
0.005569592 | 0.001424781 | 0.000502693 | 0.001169481 | 0.001400129 | 0.012659611
14338253 | 81694868 | 899800526 | 36599903 | 09573011 8762042
0.005633770 | 0.000548184 | 0.001444006 | 0.000780180 | 0.002007568 | 0.001144845
87814527 | 991750264 | 26359980 | 353567872 | 51172732 29599724
0.004909741 | 0.001292570 | 0.001648568 | 0.001732086 | 0.001940655 | 0.002314220
37108626 | 71669413 94051939 | 41810824 | 65864026 | 52125374
0.005615001 | 0.004171886 | 0.002958073 | 0.004866176 | 0.001539995 | 0.001096102
21014447 | 38946056 73243815 | 63869172 79991611 22686762
Avg. MSE | Avg.MSE | Avg.MSE | Avg.MSE | Avg. MSE | Avg. MSE
0059 .0020 0014 0018 .0020 .0026

Average MSE

i
10 15
Murmber of hidden layer neurons

1 i
20 25

30

Figure 5.7 Average MSE with respect to number of neurons in the hidden layer.
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Feed forward NN with 15 neurons in the hidden layer gives the best performance with
minimum MSE of .014. So this network is used to optimize the array model. The
performance goal which is MSE (mean square error) is found .0044233 at 9 epochs for this

network. Performance plot is shown in Figure 5.8.

Best Validation Performance is 0.0044233 at epoch 9

Train
Validation |]
Test H

10° | ¥

Mean Squared Error (mse)
=

15 Epochs

Figure 5.8 Feed-forward NN performance plot with 15 neurons in the hidden layer

5.2.2 Estimation using RBF ANN

Now the RBF NN is utilized for estimation of directivity. The same procedure as former is
used to train the network i.e. out of 200 out of 240 data samples are used to train network and
40 are used to test. The performance goal is set to .001 and spread is set to .01.To find the
optimal results different trials have been considered to find the size of hidden layer (number
of neurons) and RBF NN with 85 neurons in hidden layer is found appropriate. Plot of MSE
with respect to number of neurons in the hidden layer is shown in figure 5.9 MSE in tabular

form is shown in table 5.7.
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40 50
no. of neurons

60 70 80

90

Figure 5.9 RBF MSE plot for different number of neurons in the hidden layer

Table 5.7 MSE with respect to different number of hidden layer neurons for RBF ANN

No. of neurons in MSE
hidden layer

0 0.779696
5 0.373799
10 0.14808
15 0.0163322
20 0.00598666
25 0.0048028
30 0.00248266
35 0.00195515
40 0.00182486
45 0.00169199
50 0.00161741
55 0.00153484
60 0.00141665
65 0.00133715
70 0.00133231
75 0.00129906
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80 0.00128539
85 0.00127648

The performance plot for RBF NN is shown in figure 5.10.

Training with NEWRB - B

Performance is 0.00127648, Goal is 0.001

Train ]
Validation |[]

Test

10°L

Performance

10 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80

85 Epochs

Figure 5.10 RBF NN performance plot

Similarly the analysis of results for the planar array is done using two types of ANN feed
forward BP and RBF ANN to estimate the radiation parameters of the array. It is observed
that Feedforward BP ANN gives better performance compare to RBF NN.

To find the optimum Feed forward NN (In terms of hidden layer neurons), Feed forward NN
created with different number of neurons in the hidden layer. Now each network is trained
twenty times and average MSE for each network is calculated for each network to find
optimum network. Network with 15 neurons in hidden layer gives minimum average MSE of
.0014.

Now the RBF NN is applied to estimate the directivity and SLL for the patch antenna. To
find the optimum results for the parameter estimation different RBF NN are tested with
respect to number of neurons in the hidden layer with the spread constant set to .01. It is
found that RBF NN with the 85 hidden layer neurons gives the minimum MSE of
.001276348 for the performance goal of .001.
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Optimized results using both Feed forward and RBF ANN are shown in table 5.8. Simulated
plots for directivity and SLL using both the networks with respect to original one are shown

in figure 5.11 and 5.12 respectively.

65
Original
Feedforward Output
—REBF Output

Directivity

03 0.3 04

025

0.15 0.2
Mormalized Interelement distance

Figure 5.11 Estimated Directivity versus inter element distance by different Neural

Techniques
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Figure 5.12 Estimated SLL versus inter element distance by different neural techniques
Table5.8 Estimated results with Feed forward and RBF NN

d/h Directivity SLL Dreedforward | SLLFeedforward Dgrpr SLLppr
0.0657 4.1020 -8.7987 4.1512 -8.8373 4.0144 -8.7436
0.0730 | 4.1550 -8.9170 4.1755 -8.9289 4.0945 | -8.8848
0.0818 4.1916 -9.0467 4.1813 -9.0359 4.1566 -9.0252
0.0881 4.2034 -9.1335 4.1858 -9.1210 4.1776 -9.1235
0.0964 4.2062 -9.2440 4.1921 -9.2404 4.1611 -9.2197
0.1038 4.2038 -9.3428 4.1979 -9.3491 4.1605 -9.3258
0.1111 4.2155 -9.4440 4.2037 -9.4536 4.1805 -9.4336
0.1184 4.2352 -9.5460 4.2630 -9.5462 4.1716 -9.5400
0.1258 4.7451 -9.5537 4.7827 -9.5851 4.7329 -9.5823
0.1243 4.7373 -9.6117 4.7567 -9.5703 47714 -9.5638
0.1316 47751 -0.6718 4.7983 -9.6470 4.7795 -9.6538
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0.1389 4.8078 -9.7292 4.8097 -9.7190 4.8027 -9.7112
0.1463 4.8438 -9.7795 4.8348 -9.7902 4.8359 -9.7827
0.1536 4.8793 -9.8425 4.8795 -9.8639 4.8688 -9.8449
0.1595 49133 -9.9222 49184 -9.9166 4.9120 -9.9117
0.1683 4.9633 -9.99264 4.9576 -9.9586 4.9212 -9.9822
0.1756 5.0211 -9.9206 5.0236 -9.9259 4.9773 -9.8929
0.1829 5.3175 -9.7797 5.2607 -9.7369 5.3446 -9.7474
0.1893 5.3515 -9.6260 5.3557 -9.6200 5.3607 -9.6306
0.1961 5.3918 -9.4758 5.3948 -9.5031 5.3933 -9.5001
0.2034 5.4352 -9.3322 5.4387 -9.3453 5.4248 -9.3552
0.2108 5.4787 -9.2033 5.4837 -9.1856 5.4704 -0.1884
0.2181 5.5208 -9.0614 5.5226 -9.0594 5.5296 -9.0433
0.2254 5.5706 -8.9347 5.5588 -8.9586 5.5726 -8.9827
0.2327 5.6254 -8.3974 5.6532 -8.6167 5.6108 -8.5414
0.2401 5.8057 -8.2792 5.7567 -8.2627 5.7465 -8.2720
0.2474 5.8465 -8.1711 5.8097 -8.1592 5.8580 -8.1579
0.2548 5.8885 -8.0678 5.8655 -8.0547 5.8861 -8.0851
0.2621 5.9264 -1.9677 5.9168 -7.9590 5.9276 -7.9667
0.2694 5.9546 -7.8691 5.9592 -7.8780 5.9598 -7.8892
0.2767 5.9887 -7.7847 5.9930 -7.8052 5.9849 -7.7640
0.2840 6.0209 -7.6936 6.0262 -7.7044 6.0239 -7.7031
0.2905 6.0475 -7.5952 6.0675 -1.5372 6.0415 -7.4804
0.2972 6.0739 -1.2672 6.1174 -7.3150 6.0874 -7.2540
0.3046 6.1618 -7.1766 6.1527 -7.1552 6.1687 -7.1971
0.3134 6.1798 -7.0847 6.1709 -7.0657 6.1757 -7.0628
0.3202 6.1918 -6.9901 6.1829 -6.9906 6.1945 -6.9892
0.3265 6.2006 -6.8892 6.1969 -6.8941 6.1984 -6.8947
0.3339 6.2087 -6.7857 6.2122 -6.7859 6.2083 -6.7968
0.3397 6.2132 -6.7007 6.2196 -6.7337 6.2276 -6.7230
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5.3 Summary

Results for the both the objectives i.e. optimization of patch parameter using RBF ANN and
utilization of ANN in directivity and SLL prediction are presented in this chapter. The
generated results using ANN are found in a good agreement with the original EM simulated
results in terms of minimum error and computational complexity. Results are shown in both
tabular and simulated form. Results presented for the Array’s radiation parameter are

optimized more efficiently using Feed forward BP network in terms of directivity and SLL.
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Chapter 6

Conclusion & Future Scope

The Conclusion regarding the work done is presented in this chapter. The next section
summarizes all of the work completed and the related results obtained. The section discuss
about some technical contributions that the presented work have shown. In the last section
the possibilities for the future work is discussed, whether any improvement in the presented

work can be achieved or work can be expanded from the obtained results.

6.1 Conclusion

In the current scenario microstrip antenna has great significance due to various advantages
discussed previously. The work presented in the thesis regarding the application of the
artificial neural network (ANN) to optimize the patch parameters and characteristics. In work
done is concluded mainly in two parts.

The resonant frequency of any antenna plays a key role in its operation. From the
mathematical formula we know that resonant frequency is inversely proportional to the
length of patch, which shows that antenna parameters are highly non linear to each other. To
model these parameters conventional parameters used although produce good results but on
the other hand inefficient in terms of time taken and computational complexity. In the first
part ANN is utilized to estimate the Resonant frequency of microstrip patch antenna at
different lengths. So to model this non linearity between the parameters a RBF ANN is
utilized, which shows good performance in terms of time taken and not much complex in
terms of computational complexity.

A total of 20 samples of parameters are calculated from the EM simulation using CST
microwave studio, Out of which 12 samples are used to train the network and 8 samples are
used to test the network. Results are estimated with different number neurons in the hidden
layer. It is found that eight neurons in the hidden layer leads to best approximate the resonant
frequency at different lengths of patch.

It is found that to model the patch using conventional EM simulation approach take too much
time from the design perspective, whereas for an ANN after training process it is a task of
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few seconds. So it can be concluded that the neural networks are very significant tool in the
context of antenna designing.

The second part of conclusion is related to estimation of radiation characteristics of antenna.
In order to enhance the beam forming (focusing) capacity of antenna array is utilized.
Directivity is the key term related to antenna array. The conventional EM simulation methods
are very complex and take too much time. Two types of ANN are utilized to estimate the
directivity and SLL of a 2x2 microstrip planar array. Total of 240 samples were obtained
using CST simulation software, out of which 200 samples are used to train the network and
40 samples are used for testing purpose. The comparison is made out between two different
neural techniques. It is found that Feed forward backpropagation ANN gives better
performance than that of RBF NN in context of modeling of directivity and SLL
characteristics of the array.

So in the final conclusive remark it can be said that in today’s scenario ANN are proved to be
a significant tool in the field of Antenna designing and modeling, due to simple
computational ability and less complexity. They are very efficient tool in context of

minimum error and time consumption.

6.2 Future Scope

The work presented in the thesis is divided into the two main parts. The first part deals with
the parameter optimization of microstrip patch. In this resonant frequency of a patch antenna
estimated with respect to length of patch. Work can be further extended to model the antenna
using the increase number of parameter i.e. resonant frequency with bandwidth of patch can
be estimated with respect to the antenna dimension.

« The ANN used for measurement of antenna parameter is can be utilized for finding
the position of slot in microstrip patch to achieve the desired frequency of operation
from the antenna.

* In the work proposed ANN used is RBF ANN , work can be carried out on using
different ANN models to design the antenna. Various optimization algorithms such as
BFO (bacteria foraging optimization), PSO (particle swarm optimization), GA
(genetic algorithm) can be used with ANN in order to get quick results with minimum

error.
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In the second work two types of neural networks are utilized to estimate the radiation

characteristics of the antenna array directivity and SLL (side lobe level) and the comparison

is made out between the results. The future possibilities for the work are as follows

The work can be extended to increase the parameters of the array for estimation
using ANN.

A hybrid type of ANN using Feed forward and RBF ANN can be developed, which
will have advantages of both the networks to achieve better estimation with
minimum error.

In the literature work is mainly carried out to estimate the directivity of the antenna
array, so the radiation parameters can be increased.

In this work a simple 2x2 microstrip planar array is designed, the work can be
carried out to model different type of arrays such as circular, or the different number
of elements can be placed along both the axis for planar array. No doubt the
mathematical complexity will be increased but in this scenario use of ANN more

relavent compared to present work.
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