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Abstract

Antennas utilising a dielectric medium are technologies that have become
popular in modern wireless platforms. They offer several desirable features
such as high efficiency, electrically small and resistance to proximity detuning. Being a volumetric radiator however, realising a final, commercially
competitive solution, often requires the use of a computational optimisation
algorithm.
In the realm of antenna design the practice of optimisation typically
involves an automated routine consisting of a heuristic algorithm and a
forward solving engine such as the finite element method (FEM) or finite
difference time domain (FDTD) method. The solving engine is used to derive
a post-processed performance value typically referred to as an objective or
fitness function, while the heuristic method uses the objective function data
to determine the next trial solution or solutions that approach a design goal.
Nowadays, commercially viable antenna platforms are not characterised
by a single performance value, but rather, a series of objective functions that
are often inherently conflicting. Thus, an increase in one objective function
results in a decrease in another. The optimisation algorithm is therefore
required to seek a solution dictated by the preferences of the designer.
Classical literature dominantly featured preference articulation, a priori,
where the set of objectives are transformed into a scalar using a predefined
preference arrangement. Contemporary theory implements the articulation
a posteriori, where the complete set of compromise solutions are sought by
the optimisation algorithm.
It is hypothesised that modern multi-objective optimisation (MOO)
theory, using a posteriori preference articulation, can be more useful for
contemporary antenna design.

By treating the objectives as individual

dimensions in a mathematical space, it allows for independent, simultaneous
optimisation.

At the time of writing this dissertation, all commercial

simulation software that include an optimisation algorithm use a predefined
preference to the performance criteria. Thus, where a large set of equally
potential solutions exist, only one final solution is delivered.
This thesis examines two novel dielectric antenna technologies and uses
i

modern MOO theory to obtain new solutions that supersede their prototypes. Taking a commercial perspective by optimising the electromagnetic
performance and the physical size of the antenna simultaneously, it is
hypothesised this allows an unprecedented insight into the inherent tradeoffs of practical antenna configurations.

ii
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Introduction

1.1

Thesis Introduction

Akin to Moore’s law, antenna technologies for wireless platforms have
evolved throughout the last decade to become progressively smaller in
size and still able to radiate at the required levels. They are however,
approaching theoretically defined limitations in performance and size.
Consequently, more stress is placed on antenna suppliers to provide a
competitive, finely-tuned product. Contemporary design methods primarily
rely on optimisation algorithms and methods in deriving a final design
solution.
In the realm of antenna design the practice of optimisation typically
involves an automated routine consisting of a meta-heuristic algorithm and
a forward solving engine such as the finite element method (FEM) or finite
difference time domain (FDTD) method. The solving engine is used to
derive a post-processed performance value typically referred to as objective
or fitness function, while the meta-heuristic method uses the objective
function data to determine the next trial solution or solutions that approach
a design goal. Evidence on the popularity of this approach can be seen by
the proliferation of publications dealing with this subject e.g. the IEEE
Transactions on Evolutionary Computation [1], IEEE Computational Intelligence Magazine [2] and the IEEE Congress on Evolutionary Computation
[3]. These publications provide a diverse set of articles relating to the design
and theory of optimisation algorithms and specific applications.
1

1.1. THESIS INTRODUCTION
In modern antenna design a single objective function is rarely optimised
but rather a series of functions. For instance, an ideal configuration for a
handset platform was described by Kingsley et al.[4]:
“The ‘perfect antenna’ for a handset will be a very low profile
module, perhaps measuring 35 x 10 x 3 or 4 mm and it may well
have to share this volume with other components. It will work
over a wide range of frequencies from perhaps as low as FM radio
bands up to 6 GHz and will exhibit minimal de-tuning when held
in the hand or used next to the head. It will be quickly and easily
configured for different devices.”
Of course these desirable characteristics can not exist simultaneously
because antenna sizes compared to a wavelength have limitations in the
levels of electromagnetic radiation that can be emitted.

In practice a

compromise solution is sought. Optimising for this requires the use of multiobjective optimisation (MOO).
A MOO problem is the search for a minima or maxima for a set of
functions that all share the same variables. That is, assuming a minimisation
problem:
Definition 1 (Multi-objective Optimisation)
Find

x = {x1 , x2 , ..., xn }

to minimise

F(x) = {f1 (x), f2 (x), ..., fm (x)}

where m is the number of functions or objectives to be optimised and x ∈ Rn

with n being the number of parameters to be optimised. The set of variables,
x, shall be hereinafter referred to as the decision vector. Depending on the
problem the decision vector may be continuous or discrete, likewise the set
of functions to be optimised, F (x), which will be hereinafter referred to as

the objective vector, can also be continuous or discrete.
In certain cases x is predefined to evolve in a certain region of the search
space. This is referred to as constrained multi-objective optimisation and
may be defined by i inequality and j equality constraint functions. Also
2

1.1. THESIS INTRODUCTION
(L)

(U )

x maybe be constrained between a lower, xk , and upper bound, xk .
Constrained MOO is defined as:
Definition 2 (Constrained Multi-objective Optimisation)
Find

x = {x1 , x2 , ..., xn }

to minimise
with
and
and

F(x) = {f1 (x), f2 (x), ..., fm (x)}

g(x) ≤ 0

h(x) = 0
(L)

xk

(U )

≤ xk ≤ xk

∀k = 1, ..., n

where g(x) ∈ Ri and h(x) ∈ Rj . If the decision vector does not satisfy the
(i+j) constraint functions or is outside any of the 2n bounds it is deemed an

infeasible solution. Conversely, a decision vector that satisfies the constraint
functions and is inside the bounds is deemed a feasible solution. With the
presence of the constraint functions the entire decision space, D, need not
be feasible. The subset of solutions that are feasible are denoted X. Multiobjective optimisation is carried out through the mapping of X to the mdimensional objective space, Z. Figure 1.1 shows an example of this where
a one-to-one mapping is assumed being typical of engineering optimisation
problems.
A significant distinction can be made between classical and contemporary MOO. In the classical literature it was common practice to articulate
the preferences before the optimisation procedure is implemented. This
involves a mathematical transformation of the performance criteria into a
scalar generally using a predefined preference vector. Several complications
may occur by using this approach. The most severe being the possibility
of missing potential compromise solutions due to an ill-defined preference
vector or transformation method.
In contemporary literature, computational optimisation algorithms have
been emerging that implement preference articulation a posteriori. In this
method the objectives to be optimised are dimensions of a mathematical
space and are optimised independently and simultaneously. The complete
3
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Figure 1.1: Illustration of the mapping between the solution space X to the
objective function space Z (one-to-one maping is assumed).
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trade-off surface is approximated allowing the designer to select a solution
among this set.

1.2

Thesis Significance

The significance of this thesis is two pronged.

First, the hypothesis

that the benefits of using a posteriori preference articulation in MOO
for the design of antenna configurations has been thus far underestimated
in the literature and industrial arena is asserted.

In particular, the

independent, simultaneous optimisation of a radiation and non-radiation
criterion has yet to be examined sufficiency. In fact, Weck in his 2004
keynote paper on MOO, contended future trends will include “a strong
emphasis on manufacturing cost” [5] in the simultaneous optimisation
of multiple objectives.

In the context of antenna design, satisfactory

demonstration of this could have a significant impact on effective antenna
design practice and directly contribute to the development of novel antenna
design. Almost all commercial electromagnetic simulation software that
include an optimisation algorithm require a predefined preference to the
criteria, delivering only one final solution where possibly a larger set of
equally potential solutions are hidden.
Second, two novel antennas utilising a dielectric medium, broadly referred to as dielectric antennas, are presented and their salient characteristics
discussed. Dielectric antennas are particular technologies that have become
popular in modern wireless platforms.

For instance, the dielectrically

loaded antenna (DLA) consists of a conductive radiating element encased or
adjacent to a dielectric body that modifies the field distribution to allow a
size reduced radiating element. The DLA was the precursor to the dielectric
resonator antenna (DRA). Unlike a DLA where a radiating conductive
current is dominant, DRAs exhibit a radiating polarisation current which
promotes high radiation efficiency and high resistance to proximity de-tuning
[6]. More recent technology include the dielectrically excited antenna and
the pure dielectric antenna. The dielectrically excited antenna consists of a
conductive radiator which has no connected feed mechanism, but rather,
5
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is parasitically excited by a nearby DRA or DLA [7].

These antennas

are suited for multi-band operation where the DRA or DLA resonates at
one frequency and the conductive radiator at another. The pure dielectric
antenna is rigorously examined in this thesis. This antenna consists solely
of pure dielectric components and is configured to resonate fields resembling
conductive antennas. Where the DRA fails when placed near conductive
bodies, and where the conductive antenna fails due to high ohmic loss, the
pure dielectric has been contended to prevail due to it’s hybrid nature.
Regardless of the configuration, dielectric antennas are volumetric
radiators and are well suited for optimisation practises owing to the many
design variations. To address these issues a demonstration of using MOO
with a posteriori preference articulation was executed on two dielectric
antenna technologies that are both novel and of possible commercial value.
In both cases the inherent trade-off between physical size and radiation
performance is approximated allowing for empirical data to be extracted.

1.3

Chapter Summary

A review of the remaining chapters is given here.

1.3.1

Chapter 2

This chapter provides the fundamental theory of MOO. Classical and
modern theory on preference articulation is given. Several classical methods
are first described using a priori articulation and subsequently a posteriori
is reviewed. Essential definitions such as Pareto dominance, Pareto optimal
set and the Pareto front are given.
The relationship between a Pareto front and antenna design is revealed
first using theoretically fundamental limits of antennas, and then through
a literature review of recent article relating to optimisation using modern
MOO.

6
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1.3.2

Chapter 3

The purpose of this chapter is to enable the reader to be familiar with the
terminology and processes used in general optimisation algorithm theory.
The genetic algorithm and particle swarm optimisation algorithm, are
explicitly described in the context of the optimisation of single and multiple
objectives.
Discussions on stopping criteria, performance metrics and a recent
controversial theorem that pertains to the dangers of quantifying algorithm
performance are also given in the chapter.

1.3.3

Chapter 4

This chapter presents a switched parasitic monopole array. It is configured
to produce a vertically polarised, horizontal radiation lobe, for 2.4GHz
operation that complies with the 802.11B/G standard. This chapter presents
the technology and provides a prototype antenna verifying the simulation.
This case study is used in a comparison study between the proposed
and current state of the art multi-objective algorithm. Subsequently, the
relationship between the gain and radial size of the antenna is optimised
and empirical data extracted.

1.3.4

Chapter 5

This chapter introduces a new antenna technology that is based upon purely
dielectric components with relatively high permittivity. The resonance fields
are shown to differ from both dielectric resonator antennas and dielectric
loaded antennas.
The pure dielectric antenna is characterised by an elongated dielectric
medium having an excitation which supports polarisation currents parallel
to the longitudinal axis but prevents currents existing lateral.

It was

discovered that such an arrangement gives rise to dipolar fields. This chapter
initially presents a pure dielectric monopole and Yagi-Uda configuration and
discusses the novelty of the resonant fields.
7
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A more practical configuration is proposed as an inverted-F configuration. This is further optimised using the MOPSO algorithm to analyse
the relationship between the S11 of the antenna and the volume of space
occupied by the antenna. An approximated trade-off surface is obtained
and empirical data extracted.
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2

Multi-Objective Optimisation: Preference
Articulation

2.1

Introduction

In the previous chapter it was suggested modern antennas for small
sized wireless platform requires consideration in the decision making of
preferences. This chapter will show ill posed preference articulation may
be detrimental to the optimisation procedure. A false result in the form
of a sub-optimal antenna may occur. In a highly competitive market this
could curtail the commercial success of the product. This chapter will review
classical and current thinking on preference articulation in MOO and how
it impacts antenna design by MOO.

2.2

Preference Articulation

Mathematically modeling the preferences of the decision maker is a key
element of multi-objective optimisation. When considering all objectives
simultaneously three categories of preference handling can be identified:
1. A priori articulation of preferences implies that the decision maker
indicates the relative significance of each objective functions or the
desired goals before beginning the optimisation procedure.

9
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2. Progressive articulation of preferences implies that the decision maker
continually provides input during the optimisation procedure.
3. A Posterior articulation of preferences implies that the desired
solution is selected from a group of solutions after the optimisation
procedure has been completed

2.2.1

A Priori Articulation

The a priori approach is considered the most widely used classical approach
of MOO due to the simplicity involved [8]. The underlying method of this
approach is to transform the series of objective functions into a single scalar
fitness value denoted here as F. Thus the optimisation algorithm seeks

to minimise or maximise this value. The best solution that can be found
by the optimisation algorithm is referred to as global optimum solution.
Considering a minimisation problem, a global optimum solution is formally
defined as follows.
Definition 3 (Global Optimum) The solution x∗ is a global optimum
of the fitness function, F, if:
F (x∗ ) < F (x) ∀x ∈ X

! #
"2.1 $

Several methods identified in the literature where the multi-objectives

are transformed to single scalar fitness are given in the following section.
In each a priori method described, F is to be minimised and the global
optimum for each case is denoted x∗ .
Weighted Aggregation Method
The weighted aggregated method is by far the most widely used method
of MOO. The decision maker’s preferences are included in the objective
function in linear weighted sum. The weight coefficients are the relative
importance of the particular objectives. This effectively transforms the

10

2.2. PREFERENCE ARTICULATION
multi-dimensional objective function space into a one dimensional space.
The following summation equation is generally minimised:

F=

m
!

wi fi

i=1

where wi quantifies the preference towards the ith objective.

! #
"2.2 $

In most

implementations wi is strictly positive, and:
m
!

wi = 1

i=1

! #
"2.3 $

Before applying equation (2.2) it is often desirable to normalise the objective

functions to avoid any bias towards objective functions that exhibit a greater
range.
How the weighted aggregated method works can be readily seen using
two objectives as a convenient example; equation (2.2) is rearranged to give
the linear equation:

f2 = −

w1
F
f1 +
w2
w2

! #
"2.4 $

The minimisation of equation (2.2) is equivalent to finding the value of F for

1
which the line with slope − w
w2 is tangential to the objective space [9]. Figure

2.1 shows an example optimal solution for a particular set of preferences.

The minimisation of equation (2.2) implies finding a contour line that is
tangential to the objective vector F (x∗ ).
Although computationally simple, the optimal solution can vary significantly when the weighing vector is changed. In many instances the set
of preferences is determined intuitively which will not necessarily deliver
an optimal solution satisfying the decision maker. It therefore becomes
necessary to solve the same problem with different preferences until a desired
optimal solution is discovered. In some cases a significant computational
time would be required to map between decision vector and objective space
curtailing the practicality of this method.
11
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f2

F (x*)

f1

Figure 2.1: Illustration of the weighted aggregation method.
A more critical disadvantage of this method is the significant risk of
missing potential optimal solutions due to irregularity of the objective
function space. This is particularly evident in objective function spaces that
contain concave regions which prevent the contour line being tangential to
portions of objective space. Koski stated this inability is a “well known
difficulty” with many decades of research being devoted to its amelioration
[10]. For instance, figure 2.2 provides an example where the objective space
boundary has a concave shape. When using equation (2.2), no weight vector
exists that defines a minimum of F between objective vectors A and B.

!-Constraint Method
The !-constraint method transforms a multi-objective problem with m
objectives to a single objective by only considering the minimisation of a preselected objective and the remaining objectives as non-equality constraints.
Given as:
12

2.2. PREFERENCE ARTICULATION
<
=
0
>
1
2
?
3
@
;4
5
6
/7
8
9
:.A
-B
+
,C
*#
D
$
%
)"E
(F
!&
G
'K
JH
L
M
IN
~
O
}P
|m
Q
u
w
v{zyxtR
sln
ko
p
q
rS
T
jU
g
h
V
ià
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Figure 2.2: Illustration of the weighted aggregation method for a concaved
shape objective space.

F = fk (x)

with fi (x) ≤ !i

and i (= k

i = 1, 2, ..., m − 1

where fk is the selected objective to be minimised and !i is a predefined value
for the i objective function that must not be exceeded. The advantage of this
method is simplicity in concept and implementation, as well as immunity
to concave-shaped objective spaces. To determine the !i for each of the
objectives a potentially cumbersome preliminary investigation is required.
Method of Minimal Distance
In this method preference articulation is achieved using a demand-level
# }, which is specified by the designer a priori .
vector, F# = {f1# , f2# , ..., fm

The value to be minimised is derived from the multiple objectives as [11]:
13
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f2

F (x*)

εi

f1

Figure 2.3: Illustration of the !-constraint method.

F=

"

m
!
i=1

#1
r

|fi (x) −

fi# |r

! #
"2.5 $

Typically an Euclidean metric i.e. r = 2 is chosen. The solution obtained

depends on the demand level vector. Therefore, incorrectly choosing this
vector can lead to a sub-optimal solution.

The designer must have a

reasonable knowledge of the individual optima for each objective function
before the selection of demand-level vector. Figure 2.4 provides a graphical
representation of this method using two objective functions. The value F

is minimised which implies finding a solution that is closest to the demand
level vector.
Min-Max Formulation
This method attempts to minimise the difference in objective functions
values. For a minimisation problem, the corresponding min-max problem
14
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f2

F (x*)
f2`

f`1

f1

Figure 2.4: Illustration of the method of minimal distance.
can be stated as the minimisation of [11]:

F = max {f1 (x), f2 (x), . . . , fm (x)}

! #
"2.6 $

This method is ideal for yielding the best possible compromise solution when
objectives with equal preference are to be optimised. A biased preference
however, can be incorporated into this method by introducing weights
similar to the weighted aggregated method.

2.2.2

Progressive Articulation

The progressive approach normally operates in three stages [12]:
1. Identify a potential solution.
2. Interact with the decision maker regarding the desirability of this
solution, and modify the preferences of the objectives accordingly.
15
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3. Repeat the two previous steps until the decision maker is satisfied or
no further improvement is possible.
A significant disadvantage is the loss of autonomy: the decision maker is
required to continually interact with the optimisation procedure providing
preferences. The amount of interaction required from the decision maker is
proportional to the complexity of the problem. Consequently, progressive
articulation of preferences may not be suitable for many problems. It is
also believed a loss of autonomy in engineering design is quite a significant
sacrifice.

One of the most appealing attributes of using autonomous

optimisation is it allows an engineer to conduct several concurrent tasks
more efficiently.

2.2.3

A Posteriori Articulation

Much activity is now focused on multi-objective optimisation using a
posteriori preference articulation. This involves application of the Pareto
dominance condition defined as:
Definition 4 (Pareto dominance) A decision vector, x1 , is said to dominate decision vector, x2 , denoted x1 ≺ x2 , if:
• x1 is not worse then x2 for all objectives,
fi (x1 ) ≤ fi (x2 )

∀i = 1, ..., m and

• x1 is strictly better then x2 for at least one objective
fi (x1 ) < fi (x2 )

∃i = 1, ..., m

Illustration of this condition is given in figure 2.5 which assumes a
minimisation problem. A solution that maps into the gray shaded region of
objective space is considered inferior or dominated with respect F (x).
Definition 5 (Pareto optimal) A decision vector, x∗ ∈ X is Pareto
optimal if there does not exist a decision vector, x (= x∗ ∈ X that dominates

it. That is: ( ∃ : f (x) < f (x∗ ). An objective vector, F(x), is Pareto optimal

if x is Pareto optimal.
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Region Dominated By F

F

Figure 2.5: Illustration of the Pareto dominance condition given in definition
4. Objective functions f1 and f2 are to be minimised.
Definition 6 (Non-dominated set) A set of n decision vectors N ∈ X
is said to be a non-dominated set if no member of N is dominated by any
other member. That is:

Ni ⊀ Nj

∀i, j = 1, . . . , n

! #
"2.7 $

Definition 7 (Pareto optimal set) The set of all Pareto optimal decision vectors form the Pareto optimal set, P. That is:

P = {x∗ ∈ X| ( ∃x ∈ X : x ≺ x∗ }

! #
"2.8 $

The Pareto optimal set contains the set of optimal solutions that correspond
to the trade-off surface that can be theoretically found. Using this preference
articulation, the goal in a multi-objective problem is to find the Pareto

optimal set. Of course in a continuous problem a representative subset
17
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usually suffices. By definition the Pareto optimal set is a non-dominated set
however, a non-dominated set is not necessarily a Pareto optimal set. The
objective vectors corresponding to the Pareto optimal set are referred to as
the Pareto front.
Definition 8 (Pareto front) For a given multi-objective problem, F(x)
and Pareto optimal set, P, the Pareto front, PF ⊆ Z, is defined as:
PF := {F = (f1 (x∗ ), f2 (x∗ ), . . . , fm (x∗ ) |x∗ ∈ P}

! #
"2.9 $

In decision vector space the Pareto optimal set may have no apparent
relationship, but in objective function space, they form the optimal trade-

off surface between the objective functions. No decision vector can be made
better in one objective without causing a reduction in another. Identifying
the PF thus presents the design engineer with a set of compromise solutions.
The PF belonging to the objective function space shown in figure 1.1 is
highlighted in figure 2.6 where f1 and f2 are to be minimised.
Pareto dominance based algorithms are insensitivity to the shape of the
objective function space and are capable of simultaneously optimising objective functions without the need of predetermined preferences. Disadvantages
however, can be identified as:
• An exponential increase in iteration time is required to accurately
approximate the Pareto front.

This is because the objectives are

treated as individual dimensions of a mathematical space; when the
dimensions are increased, an exponential increase in volume occurs.
This is colloquially known as the curse of dimensionality [13].
• Identifying non-dominated solutions among a larger set of solutions is
computationally more challenging,

• The problem is essentially half solved; many Pareto optimal solutions
can exist and require the decision maker to sort through.

18
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Pareto Front •

Figure 2.6: The PF belonging to the objective function space Z. Objective
functions f1 and f2 are to be minimised.

2.3

Trade-Offs in Antenna Design

Antennas that have a physical size comparable to a wavelength have inherent
trade-offs. This section will discuss these trade-offs. First, using theoretical
limits, and then literature reviews of where MOO has been used.

2.3.1

Theoretical Limits

It has long been recognised that the size of an electrically small antenna
cannot be reduced without compromising the quality factor, Q, the radiation
efficiency, η, or both [14]. This phenomenon was first identified in the
1940s and since then has been extensively researched by various independent
researchers. From these collections it is known the minimum unloaded Q at
resonance of an electrically small, linearly polarised antenna is given by:

Q=η

$

1
1
3 + ka
(ka)

%

!
#
2.10
"
$
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Figure 2.7: Theoretical trade-off surface between Q and the minimum radius
of a sphere that just encloses the antenna.

where a is the minimum radius of a sphere that just encloses the antenna,
k is the wave-number, η is the antenna efficiency. This is graphically shown
in figure 2.7 where clearly an increase in the antenna size lowers the Q.
An alternate expression that gives the maximum bandwidth of a chosen
reflection coefficient is expressed as:

BWM AX =

η

&

π
1
(ka)3

+

1
ka

'

ln

&

1
|ρ|

'

#
!
2.11
"
$

where ρ is a chosen maximum reflection coefficient. Clearly the impedance
bandwidth can be improved by reducing η.
Likewise the gain of an antenna configuration is directly related to it’s
physical size when comparable to a wavelength. Harrington in [15] was first
20
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electrically small antenna.

to explore this theoretically in the late 1950s. Here he envisioned a sphere
surface that just closes the antenna and expressed the fields external to the
sphere in terms of expandable, spherical wave functions of order N . The
theoretical equation subsequently derived was:

G = (βR)2 + 2(βR)

#
!
"2.12 $

where R is the radius of a sphere that just encloses the antenna and β is
the wave-number. Figure 2.8 provides a graphical response of equation 2.12
defining the fundamental trade-off between the theoretical gain and the size
of the antenna.
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2.3.2

In The Literature

Antenna design using preference articulation a posteriori has only recently
appeared in the literature. This section will reference some of the pioneering
work that has so far been published.
A Pareto dominance based genetic algorithm was employed by Choo
et al. for the design of electrically small wire antenna [16]. The tradeoff surface of the exhibited bandwidth, efficiency and antenna size was
identified. Choo subsequently quantified how close the optimised antennas
reached the theoretical limits. The authors stated using their approach “a
wide range of solutions corresponding to more than one objective can be
mapped by running the optimisation only once” [16].
An article relating to the optimisation of the Yagi-Uda antenna was
published by Kuwahara [17]. This article sought to demonstrate the effectiveness of multi-objective optimisation using Pareto dominance compared
to conventional, weighted, aggregated methods.

The author contended

using Pareto dominance towards the criteria that “we can obtain Pareto
optimal solutions with varieties for each objective function (performance)
and easily select the design parameters in accordance with the design
requirements” [17]. By identifying the trade-off surface of the objectives
associated with the Yagi-Uda antenna, namely reflection coefficient, sidelobe level and absolute gain, Kuwahara could prove several assertions in
literature regarding the antennas characteristics. For example, the article
showed, using a visualisation of the Pareto front that, “a longer boom
(usually a beam holding the elements in place) provides a higher gain and
a shorter one provides a lower side-lobe level” [17]. Although this article
only considered the conventional Yagi-Uda antenna array, the methods and
practices described can be applied to more general cases of antenna design.
This notion was also affirmed by Kuwahara who concluded, “In a similar
manner, this method can also be applied when designing other antennas”
[17].
An antenna structure consisting of a 4 × 4 planar microstrip antenna

array was presented by Coevorder et al. [18]. This article detailed the
22
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optimisation and visualisation of the trade-off surface for the half power
beamwidth, maximum side-lobe level and dynamic range of the signal feeds
for each microstrip antenna. The authors contented this approach gives the
designer more “freedom to choose the appropriate trade-off for a particular
application” [18].
In another application specific article, Kim and Waton detailed the
optimisation of a small and low-profile antenna for a satellite digital
audio radio system [19]. The objectives were to increase elevation gain,
achieve left-hand circular polarisation with low reception of right-hand cross
polarisation, and the minimisation of the reflection coefficient.

2.4

Conclusions

This chapter serves to provide an overview on the theory of multiobjective optimisation theory. When optimising more than one objective
function a method of preference articulation is required. Classical literature
dominantly features articulation, a priori, where the set of objectives
are transformed into a scalar using a predefined preference arrangement.
Although inherently simple, if the preferences towards the objectives change,
the optimisation procedure must be re-run.

Moreover, certain shaped

objective spaces can have detrimental effects on the efficacy of this form
of articulation.
Contemporary theory implements a posteriori articulation, where the
complete set of compromise solutions are sought by the optimisation
algorithm. This method can be done by incorporating the Pareto dominance
condition in the optimisation algorithm.

A designer may select a final

solution after the optimisation procedure is completed; no weight preferences
or mathematical transformations are needed. The obvious disadvantage of
this method is the additional iteration time require to optimise a multidimensional surface rather than a single solution. When the simulation
model is time consuming or the size search space substantial, the number of
objectives to be independently optimised may be limited.
Nevertheless, academics and scientists quickly identified the research
23
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potential but, has this notion being extended for commercial antenna
products? The hypothesis of this research is that, no, the present literature
is insufficient to properly address several issues that relate to modern
antenna design. In particular, the inclusion of non-antenna criterion into
the objective space, such as physical size, manufacturing cost, weight or
environmental impact.
Although theoretical limitations of antennas are well published, the
performance-size trends seen in practical antenna design often do not
correlate with the theoretical trends. When devising theoretical antenna
limitations, the antenna is assumed equivalent to a sphere radiating in all
directions. Fields are then conveniently expanded in terms of spherical wave
functions. However, rarely, if ever, is a practical antenna spherical in shape.
In fact, it is typical an antenna may be restricted to expand in one dimension
while a greater degree of freedom is allows for another. This occurs quite
often in the antenna design industry as clients will typically allocate the
space required by the antenna and at a later time the antenna designer
begins to utilise this space.
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Multi-Objective Optimisation: Algorithms,
Theorems and Metrics

3.1

Introduction

Although with a numerical method all possible solutions may be evaluated,
it is however often impractical. Some realistic models require a significant
amount of computational resources; many of them take hours or even days
for the numerical model to converge let alone allow exploration of the system
to a variety of input stimuli. Problems of such complexity are frequently
appearing in the literature and are being solved using computational
optimisation algorithms. These algorithms operate by sampling points in
the solution space and using discovered knowledge to guide exploration.
There are a plethora amount of strategies for selecting the next point to
test.
When tackling an optimisation problem a designer would instinctively
consider what would be the most suited strategy for the problem at hand.
This however presents a conundrum, as no logical choice can be made when
the characteristics of the search or objective space are largely unknown.
As such, significant research has been devoted to the development of
general purpose or black box optimisation algorithms that exploit limited
knowledge of the optimisation problem on which they are run. The more the
optimisation procedure can considered a black box procedure the more it can
be readily applied to variety of optimisation problems. Over the years many
25
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algorithms have been proposed and their goodness usually inferred by the
performance over a series of test functions, see for example [20] and [21], or
real life case study. A major turning point in this practise occurred with the
publication of the no free lunch (NFL) theorem by Wolpert and Macready
[22]. This theorem states that the performance of all optimisation (search)
algorithms applied over the set of all possible functions is equivalent. As
the name suggests, there is a no free lunch in the sense that an optimisation
algorithm will pay for superior performance on some functions with inferior
performance on others [22]. It is not surprising that the NFL theorem is a
heavily debated topic as empirical comparisons of optimisation algorithms
is considered the corner stone of research in the field [23].
This chapter will explicitly describe the NFL theorem. After this, two
optimisation algorithms that frequently appear in the literature for the
design of electromagnetic devices are described.

The genetic algorithm

and particle swarm optimisation algorithm are described in the context
of optimising a single scalar fitness and subsequently Pareto dominance
versions are discussed. Further on, a Pareto dominance based optimiser is
presented which is used in the optimisation of the case studies presented
in later chapters. Lastly, metrics on comparing the output of different
algorithms and a discussion on stopping criteria is given.

3.2

The No Free Lunch Theorem

In describing mathematically the NFL theorem it is convenient to describe
an optimisation problem f as a mapping f : X -→ Y .

A black box

optimisation algorithm, a, generates a time-ordered sequence of points in
the search space associated with the fitness function referred to as a sample.
(
)
Y
X
Y
A sample of size m is denoted dm ≡ (dX
m (1), dm (1)), ..., (dm (m), dm (m))

where in general dX
m (i) is the ith distinct point in the search space X visited
by the algorithm and dYm (i) is the fitness of this point. It is convenient to
X
use the term dX
m to denote the vector containing only the dm (i) terms and

similarly dYm for the set of fitness values in the sample. The probability of
obtaining a particular sample (i.e. a particular sequence of points) being
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generated by algorithm a, after m iterations, on problem f , can be written
*
+
as P dYm | f, m, a . The standard NFL theorem can then be stated for any
pair of algorithms a1 and a2 as [22] :
!
f

*
+ ! * Y
+
P dYm | f, m, a1 =
P dm | f, m, a2
f

! #
"3.1 $

A much more clearer expression of the NFL theorem can be stated with the
inclusion of a performance function that operates on the sample generated
by the algorithm. For example, assuming a single objective minimisation
* +
problem, the result returned by the algorithm is usually min dYm . Equation
(3.1) can then be re-stated as:
!
f

*
* +
+ ! *
* +
+
P min dYm | f, m, a1 =
P min dYm | f, m, a2
f

! #
"3.2 $

A more general expression would be:
!
f

* * +
+ ! * * Y+
+
P Φ dYm | f, m, a1 =
P Φ dm | f, m, a2
f

! #
"3.3 $

where Φ : dYm -→ R measures performance as a scalar valued function of the

sample.

Equation (3.3) states that when averaged over all problems the probability of obtaining a performance given by Φ using algorithm a1 amounts to
the same as that of using algorithm a2 . There is a no free lunch in the sense
that an optimisation algorithm will pay for superior performance on some
functions with inferior performance on others. The proof of equation (3.1)
was also given in [22].
The NFL theorem therefore, makes it clear, the performance of a highly
specialised algorithm albeit will be superior across the problems it was
developed or tested under but, for the remaining problems, performance
is consequently decreased. This form of balance is illustrated in figure 3.1.
It would now seem the only plausible black box optimiser would be an
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algorithm that performs on an average basis across a large range of search
spaces as illustrated in figure 3.2. Whether this is practical achievable
remains unknown, however several articles pertaining to this include [24]
and [25].
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Figure 3.1: Graphical interpretation of the no free lunch theorem for a highly
specialised algorithm.
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Figure 3.2: Graphical interpretation of the no free lunch theorem for an
algorithm that performs on an average basis across a large range of search
spaces.
The prominent articles on the NFL are invariably cast in terms of a
single objective optimisation problem, it was however, extended to include
general multi-objective fitness space by Corne and Knowles in [26]. It was
shown that given any Pareto front shape or class, an NFL theorem holds
for the set of all multi-objective problems in that class. The implications
28

3.3. GENETIC ALGORITHM
of this research means that no multi-objective algorithm has an absolute
performance advantage over any other algorithm [26].

This eliminates

any speculation that an multi-objective algorithm may have a particular
advantage if it is was correlated with the shape of the Pareto front [26].
A weakness in the NFL theorem for real life problems is that it does
not necessarily hold for a subset of problems. Therefore, there may exist an
algorithm that has ultimate superiority for this subset. Given the diversity
of antenna configurations and applications, moreover the variety of fitness
landscapes encountered in antenna optimisation - see for example [21], the
author takes the view that determining which algorithm is the most suited
among the plethora available is considered a too arduous of task and will not
be the subject of this thesis. Nevertheless, given that problems associated
with optimal antenna design would be expected to exhibit some form of
spatial correlation in the search and objective spaces, and that popular metaheuristic algorithm are designed to exploit spatial coordination, it is quite
likely most optimisation algorithms would offer superior performance over a
random search. Some discussion will thus be given in the proceeding sections
on the two different strategies frequently encountered in the literature and
how they are typically used to seek Pareto optimal solutions.

3.3

Genetic Algorithm

Within the electromagnetic literature the genetic algorithm (GA) is perhaps
the most widely used optimisation algorithm. The concept of the GA was
originally proposed by Holland and associates in the late 1960s [27]. The
GA is in fact one of three paradigms that fall under the broader category of
evolutionary algorithms. The remaining being evolutionary strategies [28]
and evolutionary programming [29]. The review on the GA given here is
based upon the article [30].
Rather then operating on a decision vector itself, as in most algorithms,
the GA uses a symbolic representation of the solution typically a binary
or gray coded value called chromosome or individual. A chromosome is a
concentration of genes that can by symbolically denoted as:
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p = {g1 , g2 , · · · , gNgt }

where Ngt is referred to the genetic length. The association between the
decision vector x and the chromosome p is given by:
x1

x2

xNx

,
-.
/,
-.
/ ,
-.
/
p ⇔ g1 g2 · · · gN1 gN1 +1 gN1 +2 · · · gN2 · · · gNNx−1 +1 gNNx−1 +2 · · · gNNx
where Ngt ≡ Nnx .
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A further dissimilarity to other approaches is that the GA works not only

a single chromosome, but rather, a group of Npop chromosomes referred to
as the population. Defined as:
! #
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P = {p1 , p2 , · · · , pNpop }

The GA is composed of operators that produce a succession of populations,
whose members will generally have improved objective function values after

each iteration. Given a population Pk at iteration k, evaluation of the
objective function vector Fk = {f1k , f2k , · · · , fNpop } (where fik is the fitness of
chromosome pki . ) is initially performed. The GA then applies in succession

the genetic operators of selection, crossover and mutation to Pk to produce
Pk+1 .
P0 is randomly initiated although, a priori knowledge of potentially
good chromosomes may be seeded into the population.

After F0 has

been evaluated the GA enters into the main iteration loop.

Genetic

manipulation begins with the selection of potentially good chromosomes and
the repudiate of poor performing chromosomes, based upon their fitness
function values Fk .

This is achieved by the selection operator which

produces a new population PkS = S(Pk ) with size Npop . A variety of selection
operators exist, the most common being roulette wheel selection, stochastic
tournament selection and ranking. The roulette wheel selection scheme, for
example, places each chromosome in the next population with a probability
30

3.3. GENETIC ALGORITHM
proportional to its objective function value, Assuming a maximisation
problem this can be mathematically described as:
! #
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Npop

S(Pk ) =

0

s(Pk )

i=1

where s(Pk ) = pkj with probability:

P r[s(Pk ) = pkj ] =

fjk
Npop

!

fnk
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n=1

Stochastic binary tournament selection randomly chooses pairs of chromosomes from Pk and places the better in Pk+1 until it is satiated.
Alternatively, the ranking selection operator places n copies of the best
Npop /n chromosomes into PkS . Regardless of the scheme implemented, the
selection operator is responsible for the convergence of the algorithm and
is the only operator that uses the objective function values Fk . After the
selection operator has created PkS , the crossover operator is implemented
which attempts to “hybridize design traits” [30] by creating a new population
PkC = C(PkS ) that has size Npop .

The crossover procedure can be

mathematically denoted as the union over a composition of operators:

Npop

C(PkS )

=

0

c[ch(PkS ), ch(PkS )]

i=1
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where the operator ch(PkS ) chooses a random chromosome from PkS and the
operator c maps a pair of chromosomes usually by:

p1 = {g11 , g12 , · · · , g1k , g2(k+1) , · · · , g2Ngt }
p2 = {g11 , g12 , · · · , g1k , g2(k+1) , · · · , g2Ngt }
to another pair according to:
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c(p1 , p2 ) =

1

p̂1 , p̂2 with probability pcross
p1 , p2 with probability 1 − pcross

where the hybrids p̂1 and p̂2 are defined as:

p̂1 = {g11 , g12 , · · · , g1k , g2(k+1) , · · · , g2Ngt }

#
!
"3.10 $

p̂2 = {g21 , g12 , · · · , g2k , g1(k+1) , · · · , g1Ngt }

The crossover loci, k, given in 3.10 is typically a single random integer

∈ {1, Ngl −1}. The crossover operator is considered to be the main searching

mechanism; it re-combines coded information that is known to be potentially
useful. Typically 0.6 ≤ pcross ≤ 0.9.

The final genetic operator is the mutation operator.

This operator

creates a new population PkM = M (PkC ) of size Npop by randomly perturbing
individual genes. This is expressed mathematically as:
Npop

M (PkC )

=

0

m(p̂)

i=1

#
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where, given a chromosome p = {g1 , g2 , · · · , gNgt }, m(p) = {u(g1 ), u(g2 ), · · · ,
u(gNgt ) and:

u(g) =

1

ĝ with probability pmut
g with probability 1 − pmut

where typically 0.001 ≤ pmut ≤ 0.01. Complete operation of the genetic

operators used in a typical GA can be mathematical given as:

Pk+1 = M {C[S(Pk )]}

#
!
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It is also common to include the best member of Pk into Pk+1 . This process
is referred to as elitism.

The process of equation 3.12 is iterated until no improvement is observed,
or a goal has been attained or, a set number of evolutions has been
completed.
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3.3.1

Pareto Dominance Genetic Algorithm

The first GA implemented to seek the Pareto optimal set was by Schaffer in
[31] who proposed the vector evaluated genetic algorithm (VEGA). This
algorithm is a straightforward extension of a conventional GA. At each
iteration, the VEGA randomly divides the population into m equal subpopulations, P1 , P2 , · · · , Pm , where m is the number of objectives to be

optimised. Each solution in a sub-population Pi is assigned a fitness based
upon objective fi . The genetic operators remain the same.

A quite obvious flaw in the VEGA is that significant bias is placed
on solutions that excel in one-dimension of the objective function vector.
Solutions corresponding to the extreme edges of the Pareto front would thus
have a higher change of being selected, while compromise solutions that have
average performance in all objectives, would be less likely to be selected.
This has motivated researchers to develop approaches that explicitly use
the concept of dominance in determining the fitness of an individual.
The first approach was proposed by Goldberg in [32]. Goldberg proposed
calculating a single scalar fitness value for each individual in the population
on the basis of Pareto dominance using an iterative rank assignment
procedure.

First, all non-dominated individuals are assigned a rank of

one and temporarily removed form the population. The next set of nondominated solutions are then assigned a rank of two.

These process

is repeated until all individuals have been assigned a rank.

The rank

corresponds with the individuals fitness value. A direct implementation
of this method was used in the non-sorting genetic algorithm (NSGA) and
a revised NSGA, referred to as NSGA-II; both algorithms were proposed by
Srinivas, Deb and others in [11] and [33] respectively.
In the GA proposed by Fonesca and Fleming [34] a slightly different rank
assignment was implemented. Each individual in the population was ranked
according to how many other solutions dominated the particular individual.
A rank denoted r, was given according to:

r(x, t) = 1 + Nd (x, t)

#
!
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where Nd is the number of solutions dominating solution x at generation t.
This method differs from Goldberg’s in that individuals in the same nondominates set may differ in their fitness value by penalising solutions located
in densely populated regions.
The strength Pareto evolutionary algorithm (SPEA) proposed by Ziztler
and Thiele in [35] uses a ranking procedure to assign higher fitness values to
non-dominated solutions at under-represented regions of the objective space.
This is achieved by maintaining an external list of non-dominated solutions
denoted E. For each solution y ∈ E a strength value is defined as:
s(y, t) =

Np (y, t)
NP + 1

#
!
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where Np (y, t) is the number of solutions that y dominates in P. The final
rank assigned to solution y ∈ E is r(y, t) = s(y, t) and the rank of a solution

x ∈ P is calculated as:

r(x, t) = 1 +

!

s(y, t)

y∈E,x≺y

#
!
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Although the previous ranking procedures may be used to directly assign
a fitness value to an individual, it is however, common practise to further
combine the Pareto dominance fitness assignment with a diversity measure
in order to promote a diverse set of non-dominated solutions. The most
common method of doing this is referred to as fitness sharing.
Fitness Sharing
Fitness sharing was proposed by Goldberg in [36]; it is used to promote the
formulation and maintenance of sub-populations (niches) inside the evolving
population. This is achieved by degrading the fitness value for individuals
that are in proximity to each other. Proximity may be defined in terms of
a distance measure, d(I1 , I2 ), between two individuals I1 and I2 and by a
niche radius denoted σ. Considering a population of individuals P, the final
fitness of I1 is given as:
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f (I1 )
I2 ∈P s(d(I1 , I2 ))

f # (I1 ) = 2

!
#
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showing where the final fitness value f # (I1 ) of individual I1 ∈ P is equal

to its initial fitness f (I1 ) divided by the niche count. An individuals niche
count is the summation of a sharing functions s [d(I1 , I2 )] values between
itself and the remaining individuals in the population. The most commonly
used sharing function is:

s [d(I1 , I2 )] =





1−

0

&

'
d(I1 ,I2 ) 2
σ

if d(i, j) < σ
otherwise

!
#
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s [d(I1 , I2 )] measures the amount of sharing or similarity between two
individuals. Typically d(I1 , I2 ) is the Euclidean distance metric. The niche
radius must be pre-defined by the user before the optimisation process. A
recommended value can be obtained by [11]:
#
!
0.65
σ ≈ N√
"3.18 $
M
where N is the number of niche individuals and M the designed number of

non-dominated solutions.
Elitism
In the context of Pareto dominance optimisation, elitism is more complex
as all non-dominated solutions discovered by the searching algorithm
are considered elite solutions.
solutions.

This could include a large number of

A comparative performance study by Ziztler in [35] showed

algorithms featuring elitism operators had a tendency to outperform nonelitist algorithms. Two of the most common methods of using elitism in a
Pareto dominance GA are:
1. Maintaining elitist solutions in the population. This is used in the
NSGA and NSGA-II [11], [33].
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2. Storing elitist solutions in an external secondary list (archive) and
reintroducing them in to the population. This is used in the SPEA
and SPEA-II algorithms [35] [37].

3.4

Particle Swarm Optimisation Algorithm

The particle swarm optimisation algorithm (PSO) is becoming the second
most commonly used optimisation algorithm in the electromagnetic literature. It is a relatively new meta-heuristic optimisation algorithm offering a
simpler approach compared to the GA. It was originally introduced in 1995
by Kennedy and Eberhart [38] [39] and since then has gained momentum as
an alternative to the hugely popular genetic algorithm.
Rather then evolving a population of individuals as in the GA, a swarm
of decision vectors are perturbed based upon a single precept governing
equation. Each solution or particle in the swarm can be considered an
object with several characteristics. These characteristics are defined as:
• the decision vector or current position of the particle:
x = {x1 , x2 , · · · , xn }
• the personal best position of the particle:
y = {y1 , y2 , · · · , yn }
• the current velocity of the particle:
v = {v1 , v2 , · · · , vn }
The personal best position for a particular particle is the best position (a
previous value of x) that the particle has visited which has yielded the
highest fitness for that particle. Thus, each particle in the swarm has a
corresponding personal best position that is updated at each iteration k by:
1
* + * +
xk if f xk < yk
k+1
=
y
yk otherwise
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assuming a minimisation problem. Perturbation of a particle is governed at
each iteration by the corresponding velocity vector:

xk+1 = xk + vk+1
where vk+1 is:

vk+1 = wvk + c1 r1 ◦ (xk − yk ) + c2 r2 ◦ (xk − ŷk )

#
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Element by element multiplication is denoted by ◦ in equation (3.20). c1 ,
c2 and w are generally positive constant scalars referred to as acceleration

constants which represent the maximum step size a particle can take in
a single iteration. Typically c1 and c2 are greater then one resulting in
the random walk to overshoot the positions of y and ŷ. r1 and r2 are
random vectors of length Nx with each element in the range [0, 1]. These
vectors produce a stochastic element during the optimisation process . The
definition of ŷ used in most general PSO algorithms is the best decision
vector discovered so far. Thus, the PSO algorithm has an inherent elitist
strategy. The term wvk is referred to as the inertia component and serves
as a memory of the previous perturbation and minimises drastic changes in
the newly calculated velocity vector. In order for the particle to be stable
w < 1 must be asserted with typical values w ≈ 0.75. Equation (3.20)

is iterated upon until convergence has been achieved or a set number of
iterations reached. The final solution is ŷ.
With Ns particles, each with associated positions xi ∈ Rn initialised by

some probability distribution, and velocities vi ∈ Rn , i = 1, . . . , Ns typically

initialised by vi = 0, and letting yi be the current best position of each
particle, the iterative routine for a generalised PSO algorithm is given in
algorithm 1.

3.4.1

Particle Dynamics

With the acceleration constants greater than unity, particles are capable
of overshooting the y and ŷ positions; stochastically exploring the solution
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Algorithm 1: Generalised Particle Swarm Optimisation algorithm
begin
repeat
foreach particle 1 ≤ i ≤ N s do
if F(xi ) < F(yi ) then
yi = xi

ŷ = min{F(y0 ), F(y1 ), · · · , F(yNs )}

foreach particle 1 ≤ i ≤ N s do
vi = wvi + c1 r1 ◦ (xi − yi ) + c2 r2 ◦ (xi − ŷ)
xi = xi + vi

until stopping condition is true
end
space beyond these positions. Since most engineering design problems have
a degree of spatial correlation, it is highly probable that solutions with a
good fitness will be surrounded by similar fitness values if not better.
Although several articles relating to the theoretical study of the dynamics
of the PSO algorithm exist, these mostly use rigorous mathematical analysis
- see for example [40] [41]. Using simple experiments however, inference can
be made to the dynamics of the algorithm leading to a better understanding
of the PSO algorithm. Consider for example, y and ŷ held fixed at 1 and -1
respectively, while a single, 1-dimensional particle is updated using equations
(3.19) and (3.20) for one million iterations with w = 0.75 and c1 = c2 = 1.5.
A histogram of the points visited is given in figure 3.3 showing a Gaussian
distribution with a mean of zero coinciding with the centroid of yi and ŷ.
The ability of the particle to explore new regions past the yi and ŷ particles is
evident. This experiment agrees with an almost identical procedure done by
Kennedy in [42] where the particles’ velocity update equation is equivalent
to a random number generator with a Gaussian distribution of mean:

µ = min{yi , ŷ} +

|yi − ŷ|
2

#
!
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However, no clear relationship of the standard deviation and velocity
38

3.4. PARTICLE SWARM OPTIMISATION ALGORITHM

15000

Frequency

10000

5000

0
!10

!5

0
x

5

10

Figure 3.3: Histogram of the points visited when yi and ŷ are held fixed at
1 and -1 respectively, and a particle is updated using equations (3.19) and
(3.20) for one million iterations with w = 0.75 and c1 = c2 = 1.5.
equation was given by Kennedy. Therefore in order to further the analysis,
the standard deviation was measured as a function of the distance between
yi and ŷ for when w is 0.5 and 0.75. Figure 3.4 shows this relationship where
the distance between the particles was varied from 0.25 to 1. Evidently, a
highly linear relationship exists between the standard deviation and the
distance between the two selected particles. When w = 0.5, the linear
function was found to be:

σ = 0.5d

!
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where d is the Euclidean distance. For w = 0.75 the linear function is:

σ = 1.3d − 0.027

#
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As expected an increase in the inertia weight results in an increase in the
extend on the space the particle travels in. In all instances the mean of the
Gaussian distribution remained at the centroid of the two particles.
Evidently the PSO algorithm is the equivalent of a random search with
a Gaussian distribution probability with the mean and standard deviation
values dependent on the Euclidean distance and centroid of yi and ŷ.
Why this occurs was not explained by Kennedy in [42], however, it can
be intuitively linked to the central limit theorem which states [43]:
“The re-averaged sum of a sufficiently large number of identically
distributed independent random variables each with finite mean
and variance will be approximately normally distributed.”
In the case of the PSO algorithm, r1 and r2 introduce the random variables
in equation (3.20) while summation occurs in equation (3.19).
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Figure 3.4: Standard deviation as a function of Euclidean distance between
p̂ and p̌. w = 0.5 (-); w = 0.75 (- -).
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3.4.2

Constrained Particle Swarm Optimisation

Observation of equation (3.20) reveals that the basic PSO algorithm is inherently unconstrained and thus for problems involving constrained variables
further operators are necessary. Engineering problems are predominantly
constrained problems and infeasible solutions usually represent physically
unrealisable solutions. Therefore methods that minimise particles leaving
feasible space are of great interest.
The most common approach is the penalty method which adds a function
to the objective functions to penalise solutions that are infeasible [44]. The
major disadvantage of this method is the penalty function is generally a
problem dependent quantity. An ill-defined penalty function may prevent
the algorithm from converging to solutions near the boundaries of feasible
space. Another approach is to use repair methods that either change the
infeasible particle into a feasible one or direct it into feasible space. El-Gallad
et al. [45] proposed replacing the infeasible particles with their feasible
personal best positions. This however, has a natural tendency to decreases
the diversity of the swarm. An attractive method proposed by Venter and
Sobieszczanski-Sobieski repaired infeasible particles by setting [46]:

vik+1 = c1 r1 ◦ (xki − yik ) + c2 r2 ◦ (xki − ŷk )

#
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and only allowing feasible particles to be selected as yi or ŷ. This would

promote infeasible particles being pulled back to the feasible space when
their velocity vector is updated. The major disadvantage of this method is
that infeasible particles can not be updated until the remaining particles are
evaluated before being updated. Thus, only a subset of the swarm would be
evaluated per iteration.

3.4.3

Pareto Dominance Particle Swarm Algorithm

Whereas a GA required a fitness assignment strategy to enable it to
optimise for the Pareto optimal set, a Pareto dominance multi-objective
PSO (MOPSO) requires a strategy on how to select the yi and ŷ particles.
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A review paper by Fieldsend identified from the literature, four plausible
methods on how yi can be selected [47]:
1. Denoted Prandom , a single yi particle is maintained. It is replaced if
xi ≺ yi , otherwise, if xi is found to be Pareto optimal with yi then

one of the two particles is randomly selected to be yi .

2. Denoted Pnewest , a single yi particle is maintained. It is replaced if
xi ≺ yi , otherwise, if xi is found to be Pareto optimal with yi then xi
is selected to be y.

3. Denoted Pdominating , a single yi particle is maintained. It is replaced
if xi ≺ yi .

4. Denoted PP areto , a set of yi particles is maintained. The set contains

non-dominated solutions that describe the approximated Pareto front
found by xi . The yi particle used in the velocity equation is selected
from this list.

Likewise for the ŷ particle, Fieldsend identified six methods from the
literature. Most of these methods maintain an external archive of Pareto
optimal solutions, where ŷ is chosen from. The six methods are [47]:
1. Denoted Grandom , this method uses a simple uniform random selection

from an external list of Pareto optimal solutions that correspond to
the approximated Pareto front.

2. Denoted Gpartitioned , this method partitions the approximated Pareto

front into grids. A partition is randomly selected and, subsequently, a
particle is randomly selected from that partition.

3. Denoted Gbiased , also uses partitioning, but, biases selection toward
partitions that have fewer members.

4. Denoted Gdirected , this method was proposed by Fieldsend and Singh
in [48]. It selects ŷ from an single external archive selected locally to
each swarm member.
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5. Denoted Gsigma , this method was proposed by Mostaghim and Teich
[49]. The Gsigma method chooses the ŷ particle by assigning a σ

parameter to the non-dominated solutions stored in an archive and to
all members of the swarm. The σ is defined as the gradient of the line
connecting the location of the particle and the origin of the objective
space. When two particles lie on the same such line their σ values
are equal. For each particle in the swarm the algorithm selects the
guide particle from the archive of non-dominated solutions by finding
the archive member with the closest σ value. This method allows the
particles to move directly towards the Pareto front by selecting the
guide particle that orientates the particular particle to the origin in
objective space [49].
6. Denoted GEuclidean , this method is similar to Gsigma and attempts to

direct swarm members towards their nearest archive member, using the
Euclidean distance metric. The particle that has the smaller Euclidean
distance is chosen.

3.5

Proposed Pareto Dominance Particle Swarm Algo-

rithm
The particle swarm paradigm was used in the optimisation of the case studies
presented further on. The pseudo-code for the implemented algorithm is
given in algorithm 2. The main components of the algorithm include:
• The yi particle is updated using the Pnewest method.
• The implemented algorithms maintains an external archive E of
non-dominated solutions which is updated and maintained at each

iteration. Newly found non-dominated solutions are added to the
archive followed by dominated solutions being removed.
• A constraint handling routine was incorporated into the main iteration

loop. A repair method, similar to the one proposed by Venter and
Sobieszczanski-Sobieski, was used. The velocity vector is continually
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iterated upon until the decision vector enters back into the feasible
space. This allowed the entire swarm to be evaluated at each iteration.
• A database of previously evaluated solutions is maintained.

The

velocity vector is continually iterated upon until the perturbed solution
is unique with respect to this database.

The final component is the method of determining ŷ. Scenarios of when
each method would become less effective are quite obvious. For example,
the indolent Grandom method may lack the ability to converge to the Pareto

front when a diverse set of decision vectors make up this surface. In contrast,

more methodical methods such as the Gdirected and GEuclidean may reduce

the algorithms ability to explore and consequently stagnate the swarm. This
would occur when the chosen ŷ is in close proximity to the corresponding
particle in the swarm. The velocity vector would be minimal and trap the
particle within a non-dominated set local to the Pareto front. Also, the
Gsigma method which influences the particles to origin of objective space,
may tend to funnel the swarm and increase the possibility of restricted
approximation to the Pareto front.
It was anticipated the case studies presented in this research will exhibit
three features:
1. A limited number of solutions in the Pareto front due to the relative
small amount of possible solutions.
2. Similar structural characteristics among decision vectors due to the
expected spatial correlation between high performing solutions.
3. A relatively high computational cost (≈ 5 - 20 minutes) in determining
the electromagnetic performance of the device.
After considering these features the Grandom method was deemed the most

appropriate. As the loss of convergence was considered to be mitigated

due to the similar structural characteristics and limited number of expected
solutions in the Pareto front.

Also, being faced with an considerable

optimisation time, measurable in weeks, one would naturally prefer a course
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approximation to the Pareto front opposed to a converged but restricted
approximation of the Pareto front.
Search spaces in engineering design problems are predominantly discrete
with a particular interval between successive variables. Unlike the GA,
the PSO algorithm was originally developed for continuous search spaces
but, modifying the PSO algorithm to operate in discrete space is quite
straightforward. The variables that define the problem are first defined in an
array structure at the beginning of the program. For example, considering
the optimisation of the length of an antenna element denoted *. This length
varies from 20mm to 40mm with a step resolution of 0.5mm. This would
be defined in the program as:

* = [20, 20.5, 21, 21.5, 22, · · · , 40]
which has a length of 80 elements. The optimisation variable iterated upon,
x, represents the indice of the above array. As such, if a particular particle
has x = 4 then the corresponding length of the antenna element to be
evaluated would be * (x) = 21.5. So for this example x would be feasible
within 1 ≤ x ≤ 80. After being updated by equation (3.20), x is rounded to

the nearest feasible integer.

3.6

Comparing Non-Dominated Sets

Often it is desirable to compare the quality of approximated Pareto fronts
produced by different algorithms during the optimisation of a particular
problem. This allows conclusions to be reached on the superiority of the
different algorithms considered. In addition to visually inspecting the nondominated sets, which may not always be feasible with many objectives,
a performance metric can be used. Ideally the performance metric will
quantify the accuracy of the Pareto front in both convergence and coverage
of the true Pareto front, and it will also be aptly visualised and implied
upon. In practise however, such metrics should be used with caution, and
where possible, in conjunction with the visualisation of the Pareto fronts or
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Algorithm 2:

Pareto dominance particle swarm optimisation

algorithm.
begin
repeat
foreach particle 1 ≤ i ≤ Ns do
if F(xi ) ⊀ F(yi ) then
yi = xi

E = set of non-dominated solutions currently found
foreach particle 1 ≤ i ≤ Ns do
ŷ = Grandom (E)

repeat
vi = wvi + c1 r1 ◦ (xi − yi ) + c2 r2 ◦ (xi − ŷ)
xi = xi + vi
until solution is feasible and unique

until stopping condition is true
end

another metric as encoding too much information in a single value may lead
to a misleading result. Although many metrics have been proposed - see for
example [50] and [51], this section will only describe three commonly used
metrics. These are implemented further on.

3.6.1

Error Ratio

The error ratio is a simple metric suitable for a discrete Pareto front.
It quantifies the amount of Pareto optimal solutions missing from the
approximated Pareto front [52]. Given a Pareto optimal set P = {x∗ ∈

X| ( ∃x ∈ X : x ≺ x∗ }, and the set that approximates the Pareto front, N,
the error ratio can be defined as :

ER =

N
1 !
e (x∗i )
N
i=1

where N is the number of solutions in the Pareto optimal set and:

#
!
3.25
"
$
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e (xi ) =

1

0 if x∗i ∈ N
1

otherwise

where P is the Pareto optimal set. In the case of ER = 0, than the optimised
non-dominated set is indeed the true Pareto optimal set. If the optimised
non-dominated set is missing half the Pareto optimal solutions than ER =
0.5. This metric does not require normalising or scaling of the objectives and
is simple to compute. However, under certain situations, this metric may
not quantify information regarding the spread of the approximated Pareto
front and closeness to the true Pareto front.

3.6.2

Generational Distance

The generational distance metric measures the convergence, and to same
extent, the coverage of the approximated Pareto front. Defined as:

N
1 !
di
GD =
N
i=1

.

#
!
"3.26 $

where N is the number of elements in the true Pareto front, and di is
the smallest Euclidean distance between element i of the true Pareto front
and the closest solution in the approximated Pareto front. This metric
measures on an average basis the distance between an approximated Pareto
front and the true Pareto front.

In order to get a realistic value, the

approximated and true Pareto fronts must be scaled and normalised to the
minimum and maximum values of f1 and f2 found in all non-dominated
sets.

Figure 3.5 provides an example of this metric.

The distances

d1 , d2 , · · · , d6 represent the closeness between the approximated and true
Pareto front; these are averaged to give a final scalar value. If an algorithm

has completely converged to the true Pareto front than GD = 0 however, if
the approximated Pareto front has not completed covered or converged to
the true Pareto front, it is penalised with GD > 0.
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f2
True Pareto front
Approximated Pareto front
d1
d2
d3

d4
d5

d6
f1

Figure 3.5:

An example on computing the GD metric.

Distances

d1 , d2 , · · · , d6 represent the closeness between the approximated and true

Pareto-front. These are averaged to give a final scalar value.
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3.6.3

Hypervolume Metric

The hypervolume metric is extensively used in MOO literature.

One

particular variant of this metric is defined as [52]:

H=

1
0
i

6

Si |xi ∈ P

#
!
"3.27 $

where P is the non-dominated set under consideration and Si is the area

occupied by solution xi (see figure 3.6 for an illustration that defines this
area). For two objectives, a method to compute the area occupied by the
approximated Pareto front was given in [52] and reproduced following:
Step 1:

Extract the trade off surface from the non-dominated set P.
This is denoted Sc .

Step 2:

Sort the elements of Sc by increasing order with respect to the
objective function f1 .

Step 3:

Apply the following algorithm:
1. i = 0, H = f1 (x0 ) · f2 (x0 )
2. i = i + 1

3. If i (= N, H = H + [f1 (xi ) · f1 (xi−1 )] · f2 (xi )
then go to step 2

4. If i = N then end

where H is the area occupied by the solution set P, N is the number of
elements in the set Sc , and xi is one element of the set Sc . Figure 3.6 provides
an example in computing the hypervolume for a given non-dominated set.
In this example, the hypervolume is computed as:

H = S1 + S2 + S3 + S4
H = 4 · 4 + 3 · (6 − 4) + 2 · (8 − 6) + 1.5 · (10 − 8)
The hypervolume of a non-dominated set may be normalised with
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the hypervolume of the Pareto front of the particular problem giving the
hypervolume ratio expressed as:

HR =

H
HPF

#
!
3.28
"
$

where H is the area occupied by the solution set P, and HPF is the area

occupied by the trade off surface of the Pareto optimal set. If the HR is
smaller than 1 then the volume beneath the approximated Pareto front is
smaller than beneath the true Pareto front, suggesting the Pareto Front
is not completely covered the true Pareto front. Conversely, if the HR is
greater than 1, the approximated Pareto front has a finite distance from the
true Pareto front indicating a failure to converge. Thus, in a single value,
HR potentially gives information about the spread of the non-dominated
set and it’s closeness to the true Pareto front.
Despite it’s popularity the hypervolume metric does have shortcomings.
Given a objective space, a non-dominated set within this space does not
necessarily have a unique hypervolume. A non-dominated set that has
limited extent in one objective may result in a hypervolume value similar
to the one produced by the Pareto front. The metric would thus produce a
misleading result. Further weaknesses described by While et al. in [53]
include: sensitivity to the scaling of objectives, presence or absence of
extremal points in the non-dominated set and it requires the (sometimes
arbitrary) definition of a reference point on which its calculations are based
(the origin was used for the example used earlier).

3.7

Stopping Criteria in MOO

The iterative nature of the GA and PSO algorithms requires consideration
to a stopping condition. When optimising a single objective this can be
straightforward e.g. negligible change in the objective, in MOO however,
determining when to stop an evolving Pareto front is an arduous task. The
difficulty arises because an approximation to the Pareto front improves by
increasing the diversity of the non-dominated solutions and by converging
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Figure 3.6: The hyperarea of a non-dominated set.
to the true Pareto front. These are two different responses that can occur
simultaneously or independent at each iteration. Moreover, a secondary
difficulty which is common in all forms of stochastic optimisation algorithms,
is determining when an algorithm has solved the problem or merely
stagnated.
In the context of a posteriori articulated MOO a review of the literature
showed the most common approach is to run the algorithm for an excessive
number of iterations where no change is evident in the approximated
Pareto front.

Two recent articles however, have attempted to define

a numerical stopping criterion.

Rudenko and Schoenauer developed a

stability measure based on the density of the currently found non-dominated
solutions [54].

The major disadvantage of the proposed measure was

that it required two parameters to be defined a priori.

Although the

authors give recommendations, these are based on observations taken from
the optimisation of test functions.
al.

In a different approach, Martı́ et

developed an independent stopping criterion algorithm referred to

as the MGBM criterion [55]. At each iteration evidence is collected on
the improvements of the non-dominated solutions obtained so far.

An

inspired recursive Bayesian estimation decides when to stop the optimisation
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algorithm. The algorithm was applied on several test functions showing
encouraging results but still lacks more validation in real life problems.

3.8

Conclusions

It may seem pessimistic to begin this chapter on MOO algorithms with the
notion that no algorithm can be deemed superior when compared across
a large range of problems. It is however, important to recognize the NFL
theorem to avoid unproductive research efforts into black box optimisation.
Nevertheless, the insatiable needs of today’s consumer electronic products
require non-intuitive solutions and conflicting objectives addressed; sparking
perhaps the significant research interest and extensive publications. The
NFL does not preclude the development of alternate MOO algorithms, but,
it is reminiscent of the adage of Occam’s Razor [56]:
“When you have two competing theories that make exactly the
same predictions, the simpler one is the better.”
The most popular of MOO algorithms for electromagnetic design hitherto have been the genetic algorithm and the particle swarm optimisation
algorithm. These were reviewed in this chapter along with variations that
allowed for the searching of Pareto optimal solutions. It was shown that
a Pareto dominance GA is widely done using scalar fitness assignment
operators.

Various operators have been proposed, some include ranks

assigned to solutions depending on membership to a particular set of nondominated solutions or ranking quantity according to how many other
solutions dominated the particular individual. Adapting the PSO algorithm,
however, is done by developing a method on choosing the ŷi and yi particles.
One example is selecting ŷi from an external database of non-dominated
solutions based on some probability rule, and setting yi to be the last Pareto
optimal solution found by the particular particle. The PSO paradigm was
chosen for the optimisation of the case studies presented further on in this
thesis. It’s efficacy at optimising a real life case will be shown in the next
chapter.
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Case Study 1: Dielectric Embedded
Parasitic Arrays

4.1

Introduction

Antenna systems providing a directional radiation lobe have many advantages in wireless communication links. In particular, it assists in the
minimisation of multi-path fading effects.

A phenomenon encountered

when arriving signals have phase variations due to different travel paths
resulting in destructive interference. If a directional radiation lobe on the
receiver antenna is formed, multi-path instances are effectively attenuated
according to the far field radiation pattern of the receiver antenna [57].
Conversely, a directional lobe of the transmitter system aligned to the
receiver antenna will direct a majority of the electromagnetic radiation to
the receiver. Reflections and diffraction of the electromagnetic energy that
cause the multi-path fading effect are also effectively reduced. Using directed
electromagnetic radiation the potential increase in system gain and range
of the communication link is considerable with no additional relay stations
or higher signal power required. This is quite desirable in portable devices
which draw power from a battery source rather than a permanent power
source.
In most applications of wireless communications and computing the
network topology will be ad-hoc.

This requires the antenna system to

be both directional and adaptive according to the ambient surroundings.
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Devising an antenna technology that allows for this and is commercially
viable is an active research topic. Several smart antenna technologies have
been proposed in recent years however, the parasitic array are perhaps
the most widely researched technology.

They offer a simple and cost

effective form of adaptive antenna technology. In their simplest form, an
array consists of a single active element in close proximity to parasitic
elements. Radiation fields emanated from the active element excite the
parasitic elements which radiate themselves.

With the correct spacing

between the array elements, a directional radiation lobe may be formed
using the destructive and constructive coupling of electromagnetic energy at
the desired locations of a radiation null and lobe respectively. The Yagi-Uda
antenna was the first published antenna configuration to use this phenomena
[58].
Of course the Yagi-Uda antenna does not allow for the radiation to
be steered by electronic means. If however, the parasitic elements were
terminated via a lumped reactance load, and allowed to be varied by a
control system, then the magnitude and phase of the current distributions
resonated on the parasitic elements and their subsequent radiation fields
would become controllable. And in conjunction with the energy coupled
between the array elements, directional radiation lobes may not only be
formed but also steered.
The development of parasitic antenna arrays has been the research focus
for the author and many others within the Centre of Wireless Monitoring
and Applications [59]. One particular invention has been encasing the array
elements in a dielectric body in order to reduce the operating wavelength
and subsequently the size of the antenna. For the application of wireless
computing, this was first published in early 2000 by Lu et al. in [60] followed
by [61]. In the latter article, a single objective optimisation algorithm was
the design tool used to resonate the antenna at the desired frequency. Later
publications by the author et al. in [62], [64] and [63] began to describe
in more detail the optimisation problem inherent in parasitic array design.
In these articles consideration was also given to the optimisation of the
directional gain produced by the antenna as well the resonant frequency. A
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single objective optimisation algorithm was used invariably.
This chapter will further this research by presenting the multi-objective
optimisation of the so-called switched parasitic array antenna [65] [66] [67].
Using monopole elements it is configured to produce a vertically polarised,
horizontal radiation lobe for operation that complies with the 802.11B/G
standard. This work differs from to the past as it considers not only the
resonant frequency and the directional characteristics but also the radial size
of the antenna in seeking optimal solutions. Hitherto the radial size of the
antenna has been determined arbitrary.
The following sections will explicitly describe the operation of parasitic
arrays and provide a prototype switched parasitic array that is relatively
small, portable and easily configured for dynamic operation. The antenna is
then optimised to analyse the relationship between the gain of the antenna
and the radial size of the antenna.

A set of optimised non-dominated

solutions are obtained allowing empirical data to be extracted that provides
valuable information in the commercialisation of this antenna.

4.1.1

Mutual Coupling

A phenomena encountered in multi-element arrays placed in close proximity,
is the coupling of electromagnetic energy between the elements of the
array. This results in a substantial change in the current distribution and
radiated fields of the array. A properly designed beamforming antenna takes
advantage of this phenomenon by effectively adjusting the electromagnetic
radiation being interchanged to form a radiation lobe via constructive
interference and a radiation null with destructive interference.
Modeling the interchange of electromagnetic energy can be achieved
utilizing a set of N simultaneous equations, where N is the number of
radiating elements in the antenna array. The phenomena these equations
describe is usually referred to as mutual coupling theory or mutual
impedance variation and simply relate the voltages, currents and impedances
for each element based on Ohm’s law. Assuming the antenna elements
are cylindrical monopoles situated perpendicular to a ground plane, it is
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convenient to form the set of equations at the base of the element which
reflects the point of excitation, and in the case of a parasitic element, the
termination point of the element. The term terminal parameters will be
used to represent this region of the antenna.
For a N element array the mutual coupling equations can be expressed as:

V1 = I1 Z11 + I2 Z12 + . . . + IN Z1N
V2 = I1 Z21 + I2 Z22 + . . . + IN Z2N
..
.

! #
"4.1 $

VN = I1 ZN 1 + I2 ZN 2 + . . . + IN ZN N
The parameter ZN N relates the voltage, VN , produced at terminal N due to
the terminal current, IN at port N when all other induced currents are zero.
Typically this value is referred to as the self impedance, and is dependent
on the physical length and diameter of the element. The self impedance for
element N is:

ZN N =

VN
IN

! #
"4.2 $

In contrast the ZN M parameter relates to the voltage, VM , at port M due to
the current at terminal N . Typically this value is referred to as the coupled

impedance as is expresses the coupling among adjacent elements. This value
is dependent on the physical length, diameter of element N , and the relative
distance from element M . The coupled impedance is:

ZN M =

VN
IM

! #
"4.3 $

The reciprocal nature of antennas enforces that ZM N = ZN M and in the
case of identical radiating elements ZN N = ZM M .

According to Harrington the far field radiation pattern is the superposition of the individual fields radiated by each element, weighted by the
terminal currents. This can be expressed as [68]:
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Et =

N
!

In En

n=1

! #
"4.4 $

where En denotes the radiated electric field from element n when all other
elements have zero induced current, In denotes the terminal current and Et

denotes the complete radiated electric field. Similar to the terminal currents,
the individual fields are typically known for most common antennas,
however, in some more complex instances it must be derived by simulation
or measurement.
The input impedance of an antenna system is a critical parameter as it
quantifies the amount of signal power accepted by the antenna either from
a radiating wave or from the output stage of a transmitter circuit. With
knowledge of the terminal voltages and impedances, the input impedance of
excitation port N may be be expressed as:

Zin =

VN
I1
I2
IM
= ZN 1
+ ZN 2
+ . . . + ZN M
IN
IN
IN
IN

! #
"4.5 $

Clearly the input impedance is dependent on the self and mutual terminal
impedances.

4.1.2

Parasitic Element Design

Consider the antenna configuration illustrated in figure 4.1. Radiation from
element A induces current onto element B, some of this energy is re-scattered
by antenna B, where the same process of current induction and re-scattering
take place on element A. This processes caused altered current distributions
in both elements compared to an isolated element. The observed radiation
field from an observation point would be the vectorial addition of the
initial radiated and re-scattered fields. The behaviour of the radiated fields
depends on the physical distance and orientation of the antenna elements.
Adaptive beamforming is achieved by terminating the parasitic elements to
a ground-plane via a lumped reactance jX as depicted. The mutual coupling
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equations for this array are:
V1 = I1 Z11 + I2 Z21
V2 = I2 Z12 + I2 (Z22 + jX)

!
"4.6
!
"4.7

#
$
#
$

The total impedance of the terminal is the summation of the self impedance
and the lumped reactance. The input impedance of the antenna is derived
in the same manner as equation (4.5). With an array of N elements with 1
active element and N − 1 parasitic elements, each with it’s own terminating

lumped reactance, the terminal voltage and currents can be stated as:

V1 = I1 Z11 + I2 Z12 + I3 Z13 + . . . + IN Z1N
V2 = I1 Z21 + I2 (Z22 + jX1 ) + I3 Z23 + . . . + IN Z2N
V3 = I1 Z21 + I2 Z32 + (I3 Z33 + jX2 ) + . . . + IN Z3N
..
.

! #
"4.8 $

VN = I1 ZN 1 + I2 ZN 2 + I3 ZN 3 + . . . + IN (ZN N + jXN −1 )
Given equations (4.4) and (4.8), beamforming can be achieved by manipulation of the individual lumped reactances. This is an attractive technology
as terminal loads may consist of discrete electronic components that are
relatively cheap. Two classes of parasitic arrays can be identified. The
first class is the electronically steerable parasitic array radiator (ESPAR)
which varies the lumped reactances over a finite range, typically using a
varactor. This array was proposed by Harrington in 1978 [68] however, in
recent times the ESPAR has been widely published - see for example [62] [70]
[71] . Although the dynamic reactive loads on the ESPAR antenna allow for
more diverse far field radiation patterns compared to the switched parasitic
array, it is limited by the change in the input impedance and corresponding
S11 [72]. Work done by the author showed in a particular configuration,
only 20% of 1000 tested reactive loads, produced an S11 ≤ −10dB [63].

The second class is the switched parasitic array, which uses switches

that have ON and OFF states. In the OFF state, the magnitude of the
lumped reactance will be high subsequently causing the terminal current of
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the particular element to be negligible, and thus radiation from the element
is also negligible. Switching an RF signal can be achieved using various
discrete components including the PIN diode, field effect transistors and
micro-electrical mechanical devices.
In the switched parasitic array, the length of a parasitic monopole
element determines whether the element will reflect or direct electromagnetic
radiation. In typical configurations, a monopole that is slighter longer then
0.25λ will act as a reflector while a slightly shorter element will act as a
director. This relationship is best identified in the functionality of a YagiUda antenna. Finding the optimal length for maximum gain requires the
consideration of the number of parasitic elements, the topology and spacing
of the array and the ground-structure. These designs parameters influence
the self and mutual coupling impedances and ergo the input impedance.
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Figure 4.1: Active (A) and parasitic element (B) with self-impedances Z11
and Z22 respectively. The parasitic element is terminated with jX. Coupling
between the elements is described by Z12 .
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4.1.3

Size Reduction Techniques

Two enhancements to the switch parasitic array can be made to allow for a
more practical configuration. First, the array elements are embedded in a
dielectric material forming a DLA. This allows for size reduction in both the
lengths of the elements and the distance between the parasitic elements by
√
at least a factor of 1/ !r . The efficacy of this was discussed by the author et.
al showing significant size reductions can be achieved [62] [63]. However, the
dielectric medium causes the computational complexity to increase because
of the discontinuity between free-space and dielectric medium, creating a
complex coupling and diffraction relationship. Mutual coupling theory and
equation (4.4) can not be used alone to predict the input impedance and far
field radiation pattern. Moreover, it was shown by the author in [64] that
eccentric parasitic or active elements in a dielectric do not radiate omnidirectional like a convention monopole, but rather, En is a function of the
dielectric’s radius, !r and the position of the element in the dielectric.
The second enhancement relates to the lateral size of the ground-plane.
According to Weiner, a monopole radiating element situated on ground
plane with a finite extent results in diffraction of incident radiation in all
directions at the outer edges of the ground plane [73] [74]. This produces
a modified current distribution in both the ground-plane and monopole
element subsequently affecting the radiated field. Weiner concluded the
effect of a finite ground plane less then a λ can significantly alter the input
impedance, reduce the directivity of the radiated field and significantly
elevate the main radiation lobe above the horizon [74]. This would severely
degrade the terrestrial coverage of the antenna system.
In 2001, Thiel [75] and Ojiro et al. [76] proposed a very attractive
solution which consisted of a conductive cylindrical ground skirt attached
to a circular ground-plane elongated in the same direction as the monopole
elements. Empirical results from Schlub and Thiel [77], and the author and
Lu [63], showed the length of the skirt must be least

λ
4

to achieve maximum,

horizontal radiation. A much more practical alternative than lateral groundplane sizes ≥ λ. However, due to the coupling and diffraction effect caused
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by the ground skirt it is difficult to formulate an expression for the fields in
either analytical or even semi-analytical form [70].

4.2

7-Element Dielectric Embedded Array

Figure 4.2 shows the proposed antenna structure. A single active element
is centred around a circular array of parasitic elements. The array elements
are embedded in the dielectric material that rests above a printed circuit
board (PCB). The PCB has ground-planes on both sides that encompass
the radius of the PCB. The ground skirt is attached to the ground-plane
conductive layers as depicted.

4.2.1

Prototype Design

A constructed prototype of the proposed antenna structure is given in
figure 4.3. The dimensions are given in table 4.1; these were obtained in
earlier work (see [63] by optimising for maximum gain at 2.45GHz while
keeping the size constant. Ideal statically fixed, switch states were used
with parasitic elements 1, 2 and 6 short-circuited to the ground-plane; the
remaining parasitic elements are left unconnected by etching an insulation
region on the PCB between the ground-plane and the element. The dielectric
was a ceramic composite with an !r of 4.4, it’s radius along with the ground
skirt was 30mm. The height of the dielectric was 20mm.

Table 4.1:

x1

x2

x3

t

(mm)

13

16

26

1

(λ)

0.10

0.13

0.21

0.008

(λr )

0.23

0.27

0.45

0.0038

Dimensions of the proposed 7-element dielectric embedded

switched parasitic array antenna.

The antenna was simulated in Ansoft HFSSTM [69]; a comparison of the
measured and simulated reflection coefficient as a function of frequency
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(a) Without dielectric medium.
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(b) With dielectric medium.

Figure 4.2: Illustration of the proposed 7-element dielectric embedded
switched parasitic array antenna.
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(b) Top View

Figure 4.3: Constructed 7-element dielectric embedded switched parasitic
array antenna.
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is given in figure 4.4.

Reasonable agreement is shown between the

measured and simulated frequency of 2.45GHz. The -10dB bandwidth is
approximately 150MHz exceeding the minimal required value of 100MHz
for the 2.4Ghz ISM band. Some discrepancy at other frequency regions is
evident; this has been attributed to manufacture error. The most probable
error would be the air gap between the elements and the dielectric medium.
The simulated and measured far field H-Plane at 2.45GHz and θ = 90◦ is
given in figure 4.5 showing again reasonable agreement in the main lobe
of radiation. The measured and simulated H-plane 3dB beamwidths, φdB ,
were approximately the same at 83◦ . For all intent and purposes the model
is a reasonable surrogate. The simulated far field E-Plane at 2.4GHz and
φ = 0◦ is given in figure 4.6 showing the E-plane 3dB beamwidth, θdB , to be
approximately 103◦ . Maximum radiation is seen to occur slightly elevated
above the horizon by approximately 5◦ .

4.3

Design Methodology

Parasitic arrays designed by optimisation have appeared in the literature
in recent times. In 2004, Schlub et al., presented a 7-element ESPAR with
dynamic reactive loads at the bases of the monopoles [77]. The parasitic
elements were arranged in a circular topology akin to figure 4.2. A cylindrical
grounding skirt was also used. The variables in the optimisation procedure
included the lengths of the active and parasitic elements, the radius of the
parasitic array and the reactance of the loads. The objective function used
by Schlub was the, vertically polarised, horizontal gain defined as [77]:

max.

G = (1 − |S11 |2 )Dg

! #
"4.9 $

where Dg is the directive gain at θ = 90◦ and φ = 0◦ at the desired frequency,
and S11 is the reflection coefficient also at the desired frequency.
Since 2004, this objective function has been used quite extensively in

the optimisation of monopole parasitic arrays. Schlub et al. presented the
optimisation of a 5-element monopole switched parasitic array. In 2005,
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Figure 4.4: Measured and simulated S11 as a function of frequency for the
7-element dielectric embedded switched parasitic array antenna. Measured
(-) ; simulated (- -).

65

4.3. DESIGN METHODOLOGY

#

90
#

60#

120

150#

30#

!12

#

180

!9

!6

!3

0dB

#

0

#

#

210

330

240#

300#
#

270

Figure 4.5: Measured and simulated H-plane radiation pattern at 2.45GHz
and θ = 90◦ for the 7-element dielectric embedded switched parasitic array
antenna. Measured (-) ; simulated (- -).
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Figure 4.6: Simulated far field E-plane radiation pattern at 2.45GHz and
φ = 0◦ for the 7-element dielectric embedded switched parasitic array.
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Lu et al., used equation (4.9) for the optimisation of 7-element dielectric
embedded reactively loaded array [62]. An optimised planar, reactively
loaded, parasitic array antenna was presented by Han et al. also using
equation 4.9 [71] .
From a commercial perspective, physical size and horizontal gain are the
most significant factors to consider, however, in all the literature currently
available, no researcher has given significant consideration to the size of the
antenna during the optimisation process. It is well known that in electrically
small antennas, gain and size are inversely correlated parameters. If the gain
of the antenna is optimised solely and the antenna size a design parameter,
theoretically one would expect the algorithm to converge towards a solution
with the largest size in feasible space.
Regardless of the initial preference towards a compromise solution,
optimisation of the antenna structure using a Pareto dominance based MOO
algorithm would be able to identify all possible compromise solutions. The
next section will detail the optimisation procedure and provide empirical
evidence on the efficacy of the proposed MOPSO algorithm.

4.4

Multi-Objective Optimisation

Two objective functions to be minimised were used in the optimisation
procedure. The first was the radius of the parasitic array:

min.

f1 = x3

#
!
4.10
"
$

The second objective was the horizontal gain of the antenna, assuming no
ohmic losses in the dielectric medium and ground-plane. Defined as:

min.

*
+
f2 = − 1 − |S11 |2 Dg

!
#
"4.11 $

where Dg is evaluated at 2.45GHz, θ = 90◦ and φ = 0◦ . A negative sign was

included in equation (4.11) so that this objective function can be treated as
a minimisation problem.
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The variables in the optimisation procedure are the height of the active
element,height of the parasitic elements, the array radius and the number of
parasitic elements short-circuited to the ground-plane. These are denoted
as x1 , x2 , x3 and x4 respectively. The radius of the dielectric material and
ground skirt was set at 4mm + x3 . The upper x(U ) and lower x(L) limits of
these variables imposed are:

x(L) = {10, 11, 16, 1}

x(U ) = {20, 21, 26, 5}

!
"4.12
!
"4.13

#
$
#
$

With a 1mm resolution for x1 , x2 and x3 6655 possible solutions are
produced. Simulating the antenna in Ansoft HFSSTM required 8-25 minutes
of computational time depending on the radius of the antenna.

4.4.1

MOPSO Versus NSGA-II

With such a relatively small number of permutations this case study allowed
comparisons to be done between the proposed MOPSO algorithm and the
NSGA-II, and also to see the improvement the algorithms obtain over a
randomly searching algorithm referred hereinafter as RAND. The NSGAII was chosen for this comparison as it is considered the state of the art
in multi-objective optimisation algorithms. In fact, the initial publication
describing this algorithm was judged “fast-breaking paper in engineering”
[78] by Web of Science in February 2004. Source code is available online at
[78].
Each algorithm performed 1008 evaluations each and this was repeated
25 times to supply a valid sample for statistical analysis.

In the first

experiment, the MOPSO algorithm and NSGA-II used a swarm and
population size of 24 with crossover and mutation probabilities of 0.8
and 0.25 respectively for the latter.

The mutation probability was the

recommended value in the NSGA-II source code given the number of
variables. In the second experiment a swarm and population size of 52
was used.
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Using the error ratio, generational distance and hypervolume metrics,
the quality of the fronts were assessed. The results are presented in a boxand-whisker style plot which readily displays key measures: the enclosed
box depicts the lower quartile, median and upper quartile, while the arms
extending from the box(whiskers) show the smallest and largest observation
of the statistical data.
The approximated Pareto fronts for the first four runs from the first
experiment are given in figures 4.7 and 4.8 immediately suggesting the
MOPSO was the better algorithm. The error ratio for these sets are given
in figure 4.10 (a) clearly showing the MOPSO to be the superior algorithm
following by the NSGA-II and RAND algorithm. The RAND algorithm has
found no more then 30% of the Pareto optimal solutions on it’s best run.
Worse cases for the NSGA-II and MOPSO algorithm were when 71% and
100% of the Pareto optimal solutions, respectively, were not found. The
MOPSO algorithm was the only method to find the true Pareto front.
Of course the error ratio metric alone can not be used to distinguish the
superiority of the MOPSO algorithm as the non-dominated sets produced
by the other algorithms may have been extremely close to the true Pareto
front but not yet fully converged. The error metric being an absolute metric
would not take this into account. As such the same sets were analysed using
the GD metric with the results given in figure 4.10 (a). These results show,
again, the MOPSO to be the superior algorithm. Also, the NSGA-II in
at least one instance, has produced a non-dominated set worse than any
produced by the RAND algorithm, in terms of convergence and coverage.
However, not apparent in the error ratio metric, the NSGA-II has all but
converged to the true Pareto front in at least one instance. The MOPSO
algorithm is clearly the most consistent of the algorithms in producing an
approximation to the Pareto front.
Results from the hypervolume metric on the non-dominated sets agree
with the other metrics. The results are given in figure 4.10(a) showing the
MOPSO algorithm to give the most consistent and accurate approximation
to the Pareto front. With hypervolume ratio values less than 1, it would
appear the NSGA-II was able to cover the extend of the true Pareto front
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but lacked convergence. Unlike the NSGA-II, the RAND algorithm showed
no bias above or below 1.
The first four non-dominated sets produced in the second experiment are
given in figures 4.9 and 4.10. Evidently, in this experiment, the performance
of the NSGA-II has been greatly increased and is now a strong competitor
to the MOPSO algorithm. The error ratio metric for these sets is given in
figure 4.10 (b) showing the NSGA-II has found the true Pareto front in at
least one instance. The worse cases of the NSGA-II and MOPSO algorithm
are 55% and 45% solutions missing from the approximated Pareto front
respectively. Both the NSGA-II and MOPSO algorithm are consistently
superior to the RAND algorithm in this experiment. Results from the GD
metric, given in figure 4.10 (b), supports this inference showing both metaheuristic algorithms to be competitive and superior to the RAND algorithm.
Results from the hypervolume metric on the non-dominated sets again
agree with the other metrics. The results are given in figure 4.10(b) showing
the MOPSO algorithm and the NSGA-II to be competitive algorithms.
In all three metrics the MOPSO algorithm was seen to give the most
consistent and accurate approximation to the Pareto front. It’s evident the
NSGA-II requires either tuning of the algorithm parameters or an increase
in the population size, or perhaps both, to increase it’s performance in
this case study. The MOPSO algorithm however, provided a consistent
approximation to the Pareto front on each experiment and is clearly the
superior algorithm.

4.4.2

Optimised Non-Dominated Solutions

For a particular run, the evolution of the non-dominated solutions contained
in the MOPSO archive at various iterations are given in figures 4.11, 4.12
and 4.13. Also given in this figure is the true Pareto front. The MOPSO
algorithm converges to the true Pareto front successively at each iteration.
On the last iteration the MOPSO has found 6 of the 7 Pareto optimal
solutions and was relatively close to the 7th solution located at f1 = 26.
Illustrations of the optimised non-dominated solutions are given in figure
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Figure 4.7: True Pareto front and approximated Pareto fronts produced by
the MOPSO, NSGA-II and RAND algorithms with a swarm and population
size of 24. True Pareto front ! ; MOPSO ! ; NSGA-II "; RAND ♦ .
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Figure 4.8: True Pareto front and approximated Pareto fronts produced by
the MOPSO, NSGA-II and RAND algorithms with a swarm and population
size of 24. True Pareto front ! ; MOPSO ! ; NSGA-II "; RAND ♦ .
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Figure 4.9: True Pareto front and approximated Pareto fronts produced by
the MOPSO, NSGA-II and RAND algorithms with a swarm and population
size of 52. True Pareto front ! ; MOPSO ! ; NSGA-II "; RAND ♦ .
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Figure 4.10: Box plots of the error ratio metric produced by the MOPSO,
NSGA-II and RAND algorithms while optimising the 7-element dielectric
embedded switched parasitic array antenna.
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Figure 4.10: Box plots of the generational distance metric produced by the
MOPSO, NSGA-II and RAND algorithms while optimising the 7-element
dielectric embedded switched parasitic array antenna.
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Figure 4.10: Box plots of the hypervolume metric produced by the MOPSO,
NSGA-II and RAND algorithms while optimising the 7-element dielectric
embedded switched parasitic array antenna.
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4.17 which have been drawn proportional to appreciate the design variations.
Table 4.2 lists the optimised non-dominated solutions, these are ordered in
ascending order with respect to x3 . Solution 1-5 show the parasitic array
radius’s from 16 to 23mm with five parasitic elements on, while radius’s from
24 to 26mm have three parasitic elements on. The dimensions of solution 7
were found to be identical to the prototype.
The Pareto front is evidently made up of two segments which are nonlinear and linear with respect to f1 and f2 . The non-linear segment, defined
at 16 ≤ f1 ≤ 18, consists of solutions 1-3, while the linear segment, consisting
of solutions 4-7, extends 23 ≤ f1 ≤ 26.

The correlation coefficient of

this region was found to be 0.9992 while the gradient of this region is
approximately

1dB
4.5mm ,

thus for an increase of 1dB antenna gain, the radius

of the parasitic array must be increased 4.5mm.
A region in the Pareto front between 18 ≤ f1 ≤ 23, shows a large increase

in f1 produces a negligible increase in antenna gain, selecting solution 3 as
the final design would therefore be a very unwise decision. Figure 4.14
shows the objective functions for each solution evaluated by the MOPSO
algorithm, clearly f1 is curtailed in this region regardless of the antenna
dimensions. Data from the exhaustive sweep showed that in this region
solutions produced a poor S11 consequently equation (4.11) was increased.
The far field H-plane radiation patterns for each optimised non-dominated
solution are given in figure 4.15. The corresponding 3dB beamwidths and
directive gains at θ = 90◦ and φ = 0◦ are given in table 4.3. The beamwidth
and the directive gains show a generally decrease and increase respectively
as the antenna radius is increased. Solution 6 however, gives a slightly
better directive gain compared to 7 but a poorer S11 . The far field pattern
has evidently produced minimal side-lobes which has increased the directive
gain but slightly increased the beamwidth. The far field radiation patterns
for Solution 7 are given in figures 4.5 and 4.6. These show the H-plane sidelobes have again reformed decreasing φdB and producing a more desirable
S11 .
The far field E-plane radiation patterns for each optimised non-dominated
solution are given in figure 4.16 with the corresponding 3dB beamwidths
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give in table 4.3.

Most notable about these patterns is that solutions

1-3 have produced a consistent side-lobe radiation lobe at approximately
θ = 210◦ while solutions 4-7 consistently produced side-lobe radiation lobes
at approximately θ = 300◦ . This may have occurred due to solutions 47 having only 3 parasitic elements switched on, as opposed to 5 seen in
solutions 1-3.

Also, a larger dielectric material acting as a lens would

contribute to the distribution of the electromagnetic radiation.

4.5

Conclusions

This chapter proposed a 7-element switched parasitic array antenna embedded in a dielectric material. It’s functionality was described using mutual
coupling theory. A prototype antenna was presented with reasonable good
consistency between simulated and measured results. Two objectives were
defined for the antenna, the vertically polarised horizontal gain and the
radius of the parasitic array.
This optimisation problems was solved using the MOPSO, NSGA-II and
RAND algorithms. Both the MOPSO and NSGA-II algorithms produced
significantly more accurate approximations to the Pareto front than the
RAND algorithm.

It was also evident the MOPSO was more effective

than the NSGA-II algorithm with relatively small swarm and population
size. However, when the sizes were increased, both algorithms produced
competitive approximations. These results give initial evidence the MOPSO
algorithm may be robust with fewer tuning parameters than the NSGA-II
under some electromagnetic design problems.
The Pareto front exhibited two interesting characteristics. First, a region
was evident where a significant increase in radial size resulted in a negligible
increase in antenna gain. Presumably the electromagnetic coupling with
the dielectric material prevented the antenna from producing a good S11
value, so the gain of the antenna was reduced. By identifying this region,
the designer may avoid picking a solution that has a significant reduction
in one objective but only negligible in another. When the objective space
is unknown, preference articulation a priori cannot predict this region and
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Figure 4.11: Evolution of the approximated Pareto front for the 7-element
dielectric embedded switched parasitic array antenna. True Pareto front !
; found by the MOPSO algorithm •
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Figure 4.12: Evolution of the approximated Pareto front for the 7-element
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Figure 4.13: Evolution of the approximated Pareto front for the 7-element
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therefore runs the risk of selecting a poor design.
Second, 75% of the Pareto front was found to be linear where 1dB
increase in gain requires the parasitic array radius to increase by 4.5mm.
If the height of the dielectric remains constant, at 20mm for example, then
this corresponds to: 1dB increase in gain requiring an additional 11939mm3
of dielectric material. Given the cost of this material, this ratio could also
reinterpreted to give the improvement/cost ratio giving more information
in the design process then what would have been obtained using traditional
approaches.
Solution No.

x1

x2

x3

x4

S11

f1

f2

(mm)

(mm)

(mm)

(mm)

(dB)

(mm)

(dBi)

1

14

16

20

5

-27

16

-4.10

2

15

16

21

5

-22

17

-4.37

3

16

15

22

5

-38

18

-4.45

4

14

15

27

5

-11

23

-4.49

5

13

17

28

3

-10

24

-4.80

6

14

16

29

3

-9

25

-5.14

7

13

16

30

3

-15

26

-5.39

Table 4.2: Optimised non-dominated solutions of the 7-element dielectric
embedded switched parasitic array antenna.

Solution No.

1

2

3

4

5

6

7

Dg

4.1dBi

4.3dBi

4.5dBi

4.7dBi

5.4dBi

5.6dBi

5.5dBi

φBW

148◦

138◦

138◦

104◦

86◦

90◦

84◦

θBW

102◦

98◦

99◦

91◦

83◦

83◦

103◦

Table 4.3: 3dB beamwidth and directive gain at 2.45GHz, φ = 0◦ and
θ = 90◦ for the optimised non-dominated solutions of the 7-element dielectric
embedded switched parasitic array antenna.
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Figure 4.15: Far field H-plane radiation patterns at 2.45GHz and θ = 90◦
for the optimised non-dominated solutions
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Figure 4.16: Far Field E-plane Radiation Patterns at 2.45GHz and φ = 90◦
for the optimised non-dominated solutions

86

4.5. CONCLUSIONS

!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~
!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~

(a) Solution 1

(b) Solution 2
!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~

(c) Solution 3

!

"!##

$!##

Figure 4.17: Illustrations of the optimised non-dominated solutions. These
are drawn in proportion to each other.
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Figure 4.17: Illustrations of the optimised non-dominated solutions of the
7-element dielectric embedded switched parasitic array antenna. These are
drawn in proportion to each other.
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5

Case Study 2: Pure Dielectric Antennas

5.1

Introduction

The notion of electromagnetic radiation from a dielectric medium was first
described by Richtmyer in [79] during the late 1930s. Here it was first
shown that suitably shaped dielectric materials can function as an electrical
resonator for high frequency oscillations. A proof was shown that it is
impossible to confine electromagnetic waves to a finite region of space by a
dielectric medium alone and that radiation must occur due to the boundary
conditions at the dielectric and surrounding medium interface. This work
provided the basis for the dielectric resonator antenna (DRA) which was
later developed in the 1980s. DRAs are particularly useful for high frequency
applications where ohmic losses become a serious problem for conventional
metallic antennas.
The resonance of a dielectric resonator is from travelling electromagnetic
waves incurring multiple internal reflections at the dielectric/air interface.
These reflections form a standing wave resulting in a field distribution
referred to as a mode. For an arbitrary shaped dielectric, with relatively
high permittivity, Van Bladel described two general classification of the types
of modes possible in a DRA. These are confined and non-confined modes
[80][81]. According to Van Bladel, both of these exhibit at the dielectric
surface, the condition:
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E · n̂ = 0
while confined modes further exhibit:

H × n̂ = 0

! #
"5.1 $
! #
"5.2 $

where n̂ is a unit vector normal to the dielectric surface, E is the electric

field intensity and H is the magnetic field intensity. Equations 5.1 and 5.2
are conditions that a field satisfies at a perfect magnetic wall. These are
based on the fundamental condition that the normal electric flux density
is continuous across two materials of different permittivity. As the !r of
the dielectric medium approaches infinity, then the normal electric field just
before the dielectric surface approaches zero. If the dielectric medium has
a finite !r , equations 5.1 and 5.2 are of course approximates, particularly at
low-order resonant modes of a DRA [82].
Confined modes are only seen in dielectric bodies of revolution such
as spherical and cylindrical shaped DRAs while, unconfined modes are
seen most often in rectangular shaped DRAs.

The latter DRA has

received attention for some time now as it is easily fabricated and the
resonant frequencies can be accurately obtained using a dielectric waveguide
model (DWM). It was first analysed by Okaya and Barash using a simple
approximate to the resonant frequencies [83]. From this they asserted that
the field distributions of a rectangular DRA can be either TE or TM type.
Mongia however, provided evidence that the low order TM modes predicted
by Okaya and Barash’s model can not be observed experimentally [81] [84].
This was further substantiated by Semouchkina using a finite difference time
domain solver [85].
In contrary to these conclusions, it has been found that a low order
TM mode in a rectangular dielectric medium is possible and resonates
significantly lower than previously reported TE modes. This phenomena
occurs when the dielectric medium is elongated, by approximately 0.25λ,
and excited by an electric field parallel to the longitudinal axis. Curiously,
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it has also be found the TM mode can be reproduced irrespective of the
lateral cross-section shape, an elongated cylindrical, rectangular or any order
polyhedron shaped dielectric will produce the same distribution. Moreover,
the simulations shows the distribution of the electromagnetic fields is akin
to a current carrying wire that effectively radiates a dipolar field with
characteristics not seen in a typical DRA. The colloquial name given to
this antenna in previous articles has been pure dielectric antenna (PDA) or
substantially pure dielectric antenna [86] [87] [88].
An illustration of a pure dielectric dipole antenna with rectangular poles
is given in figure 5.1. The dielectric medium is in the state of been polarised
by the required excitation signal. The alignment of the macroscopic dipoles
and the bound, but nonetheless, surface charge deposited at the ends of
the dipole arms is identical to a conventional dipole arrangement. It is well
established the fields of a finite length dipole can be mathematically posed
as many elemental (Hertzian) dipoles put together; the resonance occurring
in PDAs is believed to be a physical demonstration of this principle.
DRAs are true dielectric antennas in the sense that no conductive
component is required for radiation, although in practise, conductive
transmission lines and ground-planes have been used to conveniently excite
the antenna. They are most often employed in applications where high
radiation efficiency, small physical size and resistance to proximity de-tuning
is essential. They have however, limited impedance bandwidths when placed
near conductive bodies and therefore, at present, are not popular with PCB
designers who like to use every available space. Preliminary investigations
on PDAs response to proximity de-tuning and propinquity to a ground
plane have shown encouraging results [86]. Whether PDAs share all the
advantageous characteristics of DRAs and electrically conductive antennas
(ECA)s but lack their disadvantageous traits, remains an open question.
If this were case, such a device would certainly make a very competitive
commercial product.
This chapter will further discuss the PDA resonance using a monopole
and Yagi-Uda configuration and provide measured and simulated analyst
using Ansoft HFSS. Subsequently a more practical, inverted F-antenna
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Figure 5.1: Illustration of the pure dielectric dipole antenna with polarised
molecular dipoles.
configuration is proposed. This is further optimised using the MOPSO
algorithm to evince the relationship between the S11 of the antenna and
the volume of space occupied by the dielectric radiator.

5.1.1

Pure Dielectric Monopole Antenna

A (substantially) pure dielectric monopole antenna is illustrated in figure
5.2. The dielectric pole is rectangular in shape with dimensions of 4mm ×

2mm × 25mm corresponding to 0.04λ × 0.02λ × 0.25λ, where λ is the free-

space wavelength at 3GHz. The dielectric medium has an !r of 93; it was
mounted 5mm above a 1.2m × 1.2m ground-plane. An SMA connector with

an attached 5mm pin was used to feed the signal to the base of the dielectric

medium which was metallised and soldered to the pin securing it in place. In
the simulation an infinite ground-plane was used to avoid excessive memory
usage. Figure 5.3 gives the measured and simulated reflection coefficient
S11 as a function of frequency; excellent agreement is shown. The antenna
has resonated at 3.08GHz and supports a −10dB return loss bandwidth
of approximately 1100MHz. According to the DWM described by Mongia

[81], the lowest order resonant mode of a rectangular DRA with the proposed
dimensions is TE11δ resonating at 5.76GHz.
The electric and magnetic fields in the dielectric medium are given in
figure 5.6. The dominant fields are Ez , Hx and Hy which is a TM mode
field distribution. Although it would seem apparent that the electric field is
protruding normal to the ends of the pole in contradiction to the magnetic
wall assertion used in a DRA analysis, the displacement current distribution
inside the dielectric may be used to better understand the behaviour of the
fields. This is computed along the dielectric by evaluating Ampère’s law,
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Figure 5.2: Illustration of the pure dielectric monopole antenna
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Figure 5.3: Simulated S11 as a function of frequency for the pure dielectric
monopole antenna. Measured (-); simulated (- -)
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!
"

Figure 5.4: Sketch of the electric fields in a rectangular DRA excited in a
TExδ11 mode.
at discrete cross-sections along the z-axis, either by integrating along the
contour paths of the magnetic fields or the normal electric field shown in
figures 5.6 (a) and (b) respectively. The current distribution of the monopole
is given in figure 5.7 where the conductive current is dominant at 0mm ≤
z ≤ 5mm and the displacement current dominant at 5mm < z ≤ 30mm.
Evidently, the displacement current and it’s corresponding electromagnetic

fields (both electric and magnetic fields) are decreasing to zero, linearly,
from the excitation point to the open end of the dielectric.
Referring back to DRA theory, figures 5.4 and 5.5 depict sketches of
the electric field for a conventional rectangular and cylindrical DRA resting
on a ground-plane and excited in the lowest possible mode. As depicted,
the DRA asserts equation (5.1) by resonating electric fields tangential to
the dielectric surface. Given the current distribution of the pure dielectric
monopole, it is apparent the PDA behaves in a different manner. Equation
(5.1) is asserted by the displacement current being attenuated as it travels
along the dielectric. Upon reaching the end of the dielectric, the electric
field is close to zero.
A cross-sectional slice of the electric field distribution surrounding the
monopole is given in figure 5.8 for when the pole is a dielectric medium and a
perfect electrical conductor (PEC). The field distributions are quite similar;
the field strength is highest at the ends of the pole, which is consistent with
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Figure 5.5: Sketch of the electric fields in a cylinder DRA excited in a TM01δ
mode.
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(a) Electric field.

(b) Magnetic field.

Figure 5.6: Electric and magnetic fields in the pure dielectric monopole.
Ground-plane has been omitted.
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Figure 5.7: Computed current distribution along the z-axis of the dielectric
pole computed using Ampère’s law. Conductive current is dominant at
0mm ≤ z ≤ 5mm and the displacement current dominant at 5mm < z ≤
30mm.
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the electric flux density being continuous across the interface. The normal
electric field just above the dielectric/air interface has produced a a field
strength in proportion to !r of the dielectric. The tangential electric field is
continuous across the dielectric/air interface, ergo, no discontinuity in field
strength is apparent parallel to the monopole.
A second, less definitive difference to a typical DRA, was identified in
the far field radiation patterns at the higher resonant frequencies. Figure 5.9
gives the far field radiation patterns for the first three resonant frequencies
of the dielectric monopole antenna. It is well known that first order TM
modes in a DRA radiate like an electric dipole [81], but unlike the DRA,
the far field radiation patterns at higher resonant frequencies shown in figure
5.9, remain relatively the same. If this was a typical DRA, one would expect
a unique radiation pattern for each particular mode. A behaviour stated in
most general literature on DRA antennas.
The relationship between the resonant frequency, defined by the frequency with minimal S11 , and the !r of the dielectric is given in figure 5.10.
Evidently, a decrease in !r results in a non-linear increase in the resonant
frequency. The same TM mode was found to resonate in each case. There
seems to be no lower limit of !r that does not support the TM mode other
than !r > 1.

5.2

Pure Dielectric Yagi-Uda Antenna

Given the dipolar fields and current distribution of the dielectric monopole,
one may deduce the existence of linear arrays compromised of dielectric
elements. Here simulated results of a pure dielectric Yagi-Uda antenna
are presented to prove this deduction. The array consists of two parasitic
elements and one driven element with an !r of 93. The cross-sectional
dimensions of the elements are 1.2mm × 1.2mm corresponding to 0.04λ ×

0.04λ, where λ is the free-space wavelength at 10GHz. Figure 5.11 provides
an illustration of the antenna configuration with the lengths of the active
and parasitic elements. The lengths are what one would expect from a
conventional Yagi-Uda antenna, i.e. reflector length >

λ
2,

director length
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(a) Monopole is a dielectric with !r = 93.
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(b) Monopole is a perfect electrical conductor.

Figure 5.8: Electric field strength surrounding the dielectric monopole.
.
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Figure 5.9:

E-plane far field radiation pattern for the pure dielectric

monopole at 3GHz, 6GHz and 12GHz.
< λ2 .
S11 as a function of frequency is given in figure 5.12. The antenna
has resonated at approximately 10.1GHz with a −10dB bandwidth of

approximately 700MHz. The simulated far field radiation patterns are given

in figure 5.13. The antenna produces a main horizontal radiation lobe with a
H-plane and E-plane beamwidths of 60◦ and 88◦ respectively. The maximum
directive gain is 8.8dBi at φ = 0◦ and θ = 90◦ .

5.3

Pure Dielectric Inverted F-Antenna

The inverted F-antenna (IFA) is a popular antenna configuration for small
and mobile platforms (see for example [89], [90] and [91]) as they are
electrically small, efficient and well suited to handsets.

The IFA is a

variant of a monopole configuration where the radiating element is folded
down in parallel with the ground plane. This is done to reduce the height
of the antenna, while maintaining a resonant element. In this section a
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Figure 5.10: Resonant frequency as a function of the relative permittivity
of a elongated dielectric with length

λ
4.

λ is the free-space wavelength.
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Figure 5.11: Illustration of the pure dielectric Yagi-Uda antenna.
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Figure 5.12: Simulated S11 as a function of frequency for the pure dielectric
Yagi-Uda antenna.
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Figure 5.13: Simulated far field radiation patterns at 10GHz for the pure
dielectric Yagi-Uda antenna.
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(substantially) pure dielectric IFA (PD-IFA) is examined at 2.4GHz. Figure
(5.14) shows the proposed antenna structure that uses a low-loss ceramic
dielectric with an !r of 93. Similar to the conventional IFA, one end of
the ceramic material is connected to the ground plane while the feed is
placed at some point along the radiating element to provide a suitable
impedance match to the feed line. This also has the advantage of canceling
out inductance by introducing capacitance at the feed terminal.

This

configuration has been found to be much easier to design and match an
antenna for wide bandwidth operation with this type of feed structure [92].
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Figure 5.14: Illustration of the pure dielectric inverted F-antenna.

5.3.1

Prototype

Variables x1 , x2 and x3 represent the width, length and height of the
dielectric material respectively while x4 represents the height of the dielectric
material above the ground plane. The distance of the excitation terminal
from the ground connection is defined by x5 . Table 5.1 gives the initial
dimensions of the antenna. These were found within minutes by varying
the dimensions until the antenna resonated approximately at the desired
frequency of 2.4GHz. The width and the length of the ground-plane are
40mm and 90mm respectively. Figure (5.15) shows the constructed antenna.
A conductive pin that touches the dielectric and feed transmission line was
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used to excite the element.
x1

x2

x3

x4

x5

(mm)

6

40

3

2

6

(λ)

0.048

0.32

0.024

0.016

0.048

Table 5.1: Dimensions of the prototype pure dielectric inverted F-antenna
where λ is the free-space wavelength.

A comparison between the simulated and measured reflection coefficient,
S11 , is given in figure (5.16) showing good consistency. The slight error in
resonant frequency has been attributed to a minor manufacturing error.
!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~

Figure 5.15: Constructed pure dielectric inverted F-antenna with dimensions
given in table (5.1).

A Satimo Stargate anechoic chamber system [93] was used to measure
the three dimensional far field radiation pattern and radiation efficiency
which are given in figures 5.17 and 5.18 respectively. Across the desired
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Figure 5.16: Measured and simulated S11 as function of frequency for the
pure dielectric inverted F-antenna. Measured (-) simulated (- -).

107

5.4. DESIGN METHODOLOGY
frequency band, the maximum radiation efficiency was found to be 74%
with a corresponding average of 69%, indicating significant electromagnetic
radiation.

Observation of the far field radiation pattern also supports

this statement as the maximum isotropic gain of the antenna reaches
approximately 5dBi.
100

Radiation Efficiency

90

80

70

60

50
2.4

2.45
Frequency [Ghz]

2.5

Figure 5.17: Measured radiation efficiency (%) of the pure dielectric inverted
F-antenna.

5.4

Design Methodology

Cavity resonators like PDAs are capable of resonating at the same frequency
with different dimensions.

For example, if the elongated length of the

dielectric material was reduced, than in order for the antenna to resonate at
the same frequency, the width or height of the dielectric must be increased
accordingly. Also, if the dielectric material is brought closer to the groundplane, then the remaining dimensions must also be increased accordingly.
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Figure 5.18: Measured three dimensional far field radiation pattern (dBi) of
the pure dielectric inverted F-antenna.
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From a commercial respective, optimisation of not only the S11 but also
of the volume of the dielectric material and the space occupied underneath
the dielectric is warranted. The volume of the dielectric material is directly
related to the weight of the antenna platform and the manufacturing cost of
the system. The commercial success of the wireless system would of course
be dependent on these. Design by optimisation is a convenient tool for
realising a suitable solution.
The question remains as to the optimal dimensions that will give
minimal dielectric material and adequate S11 .

A plethora of literature

is available on similar problems. For example, a meandered, co-planar,
waveguide-fed, monopole antenna was presented in [94] by Liu in 2005. Liu
contended this antenna geometry was suitable for applications requiring
multi-band operation, however, in order to achieve multi-band operation
at desired frequencies, the structure of the antenna needs to be simulated
and optimised. The fitness function used by Liu was a weighted aggregated
function with predetermined weights, given in verbatim as:
3

F = 0.4

S11 (f2 )
S11 (f3 ) !
S11 (f1 )
+ 0.4
+ 0.2
+
Gi
−25
−25
−25

where:
Gi =

i=1

1

! #
"5.3 $

1 if S11 (fi ) ≤ −10dB

0 if S11 (fi ) > −10dB

S11 is the reflection coefficient expressed in dB, f1 ,f2 and f3 are 1.9GHz,
2.45GHz and 5.25GHz respectively. The simulated S11 values were further
normalised to -25dB as it was deemed by Liu to be an acceptable target
value. The purpose of the summation of G was “to ensure the algorithm
quickly reaches a solution of multi-band operation at a threshold of -10dB
for each band” [94]. The determination of the weights was based upon a
preliminary analysis that investigated the sensitivity of the resonant bands.
In a article by Jin and Rahmat-Samii [95], optimisation was employed
to design two forms of patch antennas, the first being a conventional
rectangular shape while the later was a more unconventional E-shaped
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geometry. According to Jin, the challenge presented by this configuration,
is the determination of the optimal geometrical parameters to achieve an
acceptable S11 across the required bandwidth. To include both S11 and the
bandwidth in the fitness function, it was proposed by Jin to maximise:

F = (50 + S11 ) + (50 − 500 × BW )

! #
"5.4 $

where BW is the bandwidth term expressed as the frequency range in
GHz where S11 ≤ −10dB and S11 is expressed in dB. The constant 50 was

included to ensure the fitness value remained positive, and the factor 500
value was included “to achieve an appropriate impact to the fitness value”
[95].
Insufficient literature, however, is unavailable on the simultaneous
optimisation of both S11 and physical size. Indeed it would be possible to use
a conventional algorithm with an aggregated fitness function, but, again, the
dangers of this are ill-defined weights and irregular shaped objective space.
As an alternative, the efficacy of a Pareto dominance based optimisation
to establish the trade-off between the S11 and the volume required by the
antenna has yet to be adequately investigated. A solution can be selected
after the designer is made aware of the relationship between the occupied
volume and S11 . The remaining sections of this chapter will explore the
trade-off between the S11 and volume occupied by the radiator of the
proposed PD-IFA using the MOPSO algorithm.

5.5

Multi-Objective Optimisation

Two objective functions were used in the optimisation process. The first, was
the volume occupied by the radiating dielectric, this includes the dielectric
material and the space between the dielectric material and the ground plane:

min.

f1 = x1 × x2 × (x3 + x5 )

! #
"5.5 $

The second objective was S11 evaluated at 2.45GHz, the centre frequency of
the desired frequency band of operation 2.4-2.5GHz:
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min.

! #
"5.6 $

f2 = |S11 |

Solutions with f2 > −3dB were prevented from entering the archive of non-

dominated solutions to prevent unusable solutions being stored. The upper
x(U ) and lower x(L) limits of a particular solution were defined as:

x(L) = {1, 20, 1, 1, 20}

x(U ) = {10, 40, 5, 5, 40}
Two inequality constraints were used to prevent the excitation feed exceeding the dielectric length and to the limit the total height of the antenna to
6mm. The follow were asserted:

x5 ≤ (x2 − 2mm)
(x3 + x4 ) ≤ 6mm

Implementing these constraints and using a 1mm step-size in the optimisation process leaves 34,201 possible solutions.

The simulation time

was approximately 5 minutes therefore exhaustively evaluating all solutions
would take approximately 119 days. A swarm size of 100 particles was
used. The procedure performed 7000 evaluations and was terminated after
negligible changes were observed in the archive.

This took 21 days to

complete.
The algorithm was coded in visual basic script allowing it to interface
to Ansoft HFSSTM through a scripting interface. Running a optimisation
procedure over a long period of time will inevitably produce run-time errors
in either the operating system or simulation software, therefore a sub-routine
was added where on an error, the simulation software is shut-down and
subsequently restarted. This allowed the optimisation program to run over
a long period of time without supervision. Hereinafter this algorithm will
be refereed to as the MOPSO algorithm.
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5.5.1

Optimised Non-Dominated Solutions

The evolution of the non-dominated solutions contained in the MOPSO
archive at various iterations are given in figures 5.19, 5.20, 5.21 and 5.22.
Table 5.2 lists the individual solutions from the approximated Pareto front
sorted in ascending order with respect to f1 . Solution 0 in this table is the
prototype dimensions and objective functions. The prototype solution is
dominated by solutions 2,3 and 4. Using solution 4 as a comparison, a 56%
reduction in volume occupied by the antenna has been achieved while still
maintaining approximately the same S11 .
Illustrations of the optimised non-dominated solutions drawn in proportion are given in figure 5.23. Solution 1, which has the best f1 and
worst f2 , shows the most distinct cross-sectional ratio: 10mm × 3mm, while

the remaining solutions were narrower and generally longer. It is apparent
solutions 1-3 would make a poor final choose as solutions 4, 5 and 6 show a
significant size reduction but little change in the amount of signal reflection
when compared to solutions 1-3.
Solutions 7-24 correspond to the linear segment in the final approximated
Pareto front at −3dB ≤ f2 ≤ −11dB; 18 solutions are within this

region which represents 75% of the total approximated Pareto front. The
correlation coefficient of these solutions is 0.9974 while the gradient of this
−1dB
, inferring
38.5mm3
38.5mm3 of volume.

region is
extra

for every 1dB improvement in S11 , requires an
Solutions 7-21, have a constant cross-section

ratio of 3mm × 5mm, while the length of the dielectric medium is linearly
decreasing which subsequently increases f2 at a rate of 1dB per 2.2mm.

Solutions 22-24 showed the same behaviour but have a cross section ratio of
2mm × 4mm and a linearly decreasing length at a rate of 1dB per 6.25mm.
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Figure 5.19: Evolution of the approximated Pareto front for the pure
dielectric inverted F-antenna: iterations 1 and 10.
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Figure 5.20: Evolution of the approximated Pareto front for the pure
dielectric inverted F-antenna: iterations 15 and 20.
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Figure 5.21: Evolution of the approximated Pareto front for the pure
dielectric inverted F-antenna: iterations 25 and 30.

116

5.5. MULTI-OBJECTIVE OPTIMISATION

!5

f2 [dB]

!15

!25

!35

!45

400

600

800
f1 [mm3]

1000

1200

1000

1200

(a) Iteration 40

!5

f2 [dB]

!15

!25

!35

!45

400

600

800
f1 [mm3]

(b) Iteration 70

Figure 5.22: Evolution of the approximated Pareto front for the pure
dielectric inverted F-antenna: iterations 40 and 70.
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5.5.2

Matching Circuits

Although in most applications a S11 ≤ −10dB is required, but relying

on the antenna to self resonate this condition is often not practical. In
this instance solutions 9-24 do not meet this requirement. The S11 and
associated bandwidth, however, can be enhanced through the use of an
impedance matching circuit. This circuit transforms the impedance seen at
the antenna terminals Zin to be equal to the characteristic impedance of
the feed line Zo . At a given frequency any value of Zin can be matched
provided Re (Zin ) > 0. Using discrete real components however, results
in loses incurring in the circuit, moreover, complexity and cost is added to

the antenna system. Indeed, designing matching circuits requires careful
consideration to be effective.
MTools is a software tool developed at Antenova Ltd. [96] for the optimal
design of matching circuits. Real component models for discrete capacitors
and inductors are incorporated to achieve a highly accurate simulator. The
most attractive feature of MTools is its ability to simulate and optimise
the topology and component values. This is achieved by considering the
problem a two port network with a corresponding S-parameter matrix, S.
The power delivered to the antenna as:

Pload =

|S21 |2 (1 − |S11 |2 )
|1 − S11 S22 |2

while the power loss in the matching circuit is:

Ploss

*

+
|1 − S11 S22 |2 − |S11 − S11 det(S)|2 − |S21 |2 (1 − |S11 |2 )
=
|1 − S11 S22 |2

! #
"5.7 $
! #
"5.8 $

These equations are maximised and minimised respectively across a desired
frequency band.
Figures 5.24 and 5.25 show the S11 enhanced by a three-component
LC circuit and the simulated loss using MTools. Equations 5.7 and 5.8

were maximised and minimised respectively between 2.4 - 2.5GHz. The
impedance bandwidth has been greatly enhanced, particularly for solution
118

5.5. MULTI-OBJECTIVE OPTIMISATION
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(b) Solution 2

(c) Solution 3

(d) Solution 4

(e) Solution 5
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(a) Solution 17

(b) Solution 18

(c) Solution 19

(d) Solution 20

(e) Solution 21

(f) Solution 22

(g) Solution 23

(h) Solution 24
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Figure 5.23: Illustrations of the optimised non-dominated solutions of the
pure dielectric inverted F-antenna
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24 which had resonated at 2.75GHz. Across the operating band, the losses
in the matching circuits are approximately -17dB and -14dB for solutions
12 and 24 respectively.
!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~

Figure 5.24: S11 as a function of frequency for solution 12 of the optimised
non-dominated solutions of the pure dielectric inverted F-antenna. Without
matching circuit ! ; with matching circuit •; matching circuit loss (- -).

5.6

Conclusions

This chapter has presented what is believed to be a novel resonance occurring
in a dielectric and subsequently presented three configurations that support
this. The first was a pure dielectric monopole antenna over a large lateral
ground-plane. Experimental and simulated results were found to be highly
consistent, supporting the resonance is not a simulation or measurement
artefact. The field was TM field distribution akin to a current-carrying wire.
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Figure 5.25: S11 as a function of frequency for solution 24 of the optimised
non-dominated solutions of the pure dielectric inverted F-antenna. Without
matching circuit ! ; with matching circuit •; matching circuit loss (- -).
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The normal electric fields and tangential magnetic fields inside the dielectric
are seen to be distributed linearly along the dielectric with maximum field
strength at the excitation point and minimal strength at the opposite end
of the dielectric. The field distribution outside the dielectric was seen to be
consistent with a conventional conductive monopole configuration. The far
field radiation patterns for the first three resonant frequencies was seen to
stay relatively dipolar in contrary to what would of been expected in a DRA.
A hypothesis in the form of aligned macroscopic dipoles was presented which
partially explain the phenomena occurring in PDAs. A dielectric Yagi-Uda
antenna was subsequently proposed to support this hypothesis. Further
on a inverted F-antenna configuration was considered. A prototype was
presented showing reasonable consistency between measured and simulated
results. The measured far field radiation pattern and radiation efficiency
was also given.
Optimisation of this antenna was carried out with two objectives: the
volume occupied by the antenna and the S11 .

7000 out of a possible

34,201 evaluations were performed taking approximately 21 days. 24 nondominated solutions were identified and a solution with 56% size reduction
compared to the prototype configuration was found with a comparable S11 .
75% of the approximated Pareto front had a linear distribution showing for
1dB improvement in the S11 required 38.5mm3 of extra volume. Given
the cost of the dielectric, this ratio could also reinterpreted to give an
improvement/cost ratio giving more information in the design process then
what would of been obtained using traditional approaches.
Solutions in the approximated Pareto front that have insufficient f2 may
be improved using a impedance matching tool. This, however, requires
careful design considerations to prevent excessive losses and increases in
production costs.

Solution 24 of the approximated Pareto front which

resonated at 2.74GHz, showed a dramatic improvement when a three
component LC matching circuit was used to artificially resonance the
antenna at 2.45GHz. Favourable responses to matching circuits seems an
attractive trait of PDAs.
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Solution

x1

x2

x3

x4

x5

f2

f1

No.

(mm)

(mm)

(mm)

(mm)

(mm)

(dB)

(mm3 )

0

6

40

3

2

6

-20

1200

1

10

21

3

3

3

-41.0

1260

2

4

38

4

2

7

-31.5

912

3

6

30

4

1

7

-25.7

900

4

4

28

5

1

5

-24.2

672

5

4

27

5

1

5

-18.4

648

6

4

26

5

1

5

-13.0

624

7

3

34

5

1

16

-10.8

612

8

3

33

5

1

18

-10.1

594

9

3

32

5

1

23

-9.4

576

10

3

31

5

1

22

-8.8

558

11

3

30

5

1

27

-8.5

540

12

3

29

5

1

26

-8.1

522

13

3

28

5

1

25

-7.9

504

14

3

27

5

1

24

-7.4

486

15

3

26

5

1

23

-6.9

468

16

3

25

5

1

22

-6.5

450

17

3

24

5

1

21

-5.9

432

18

3

23

5

1

20

-5.5

414

19

3

22

5

1

19

-5.0

396

20

3

21

5

1

18

-4.5

378

21

3

20

5

1

17

-4.0

360

22

2

29

4

2

26

-3.4

348

23

2

28

4

2

25

-3.2

336

24

2

27

4

2

24

-3.1

324

Table 5.2: Optimised non-dominated and prototype solutions of the pure
dielectric inverted F-antenna.
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Conclusions

6.1

Thesis Conclusions

Two novel dielectric antenna technologies for modern wireless platforms
were proposed and prototyped. These were the dielectric embedded array
antenna and the pure dielectric antenna. Particular attention was paid
to the resonance occurring in the latter as the dominant fields behave
differently to one would expect in a resonant mode of a dielectric resonator
antenna.

The characteristic trait of the pure dielectric antenna is an

elongated dielectric material of length approximately λ4 . It was hypothesised
such a configuration promotes macroscopic dipoles to align and produce a
resonance with dipolar fields akin to a conventional monopole antenna. To
the authors knowledge this is unprecedented. Subsequently a pure dielectric
monopole and inverted-F antenna were presented.
The proposed antenna configurations are volumetric radiators, with a
large set of alternate design parameters; computational optimisation was
considered to be a convenient design tool. Determining the efficacy of these
technologies however, requires consideration to several criterion and thus
multi-objective optimisation theory was required. It was shown that classical
MOO methods were inapt due to a variety of reasons, but most significantly,
an irregular shaped Pareto front.
Using the proposed Pareto dominance particle swarm optimisation
algorithm, the approximated Pareto fronts for the two different technologies
were approximated.

75% of both approximated Pareto fronts showed
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a highly linear segment allowing empirical data to be extracted easily.
This included the volumetric requirement for a 1dB improvement in
electromagnetic performance.

A decision maker can reinterpret this as

manufacturing cost per 1dB improvement gaining a deeper insight into the
design problem compared to using traditional methods.
The approximated Pareto front of the 7-element dielectric embedded
switched parasitic array antenna exhibited a region where a significant
increase in radial size resulted in a negligible increase in antenna gain.
This was also seen in the 2nd case study where a significant increase in
dielectric size resulted in a negligible decrease in the reflection coefficient of
the antenna. Preference articulation a priori does not anticipate this region
and therefore runs the risk of returning a solution among this region.
This thesis has described dielectric antenna design using Pareto dominance multi-objective optimisation. The preference articulation arrangement is made a posteriori as opposed to a priori as done in traditional approaches. Using this approach the entire Pareto front and the corresponding
set of compromise solutions are approximated. It was shown that although
a priori preference articulation simplifies the problem it does so at a risk
of returning a solution that is inefficient in terms of the objective functions.
This was shown in both case studies presented herein. The multi-objective
problems were casted from a commercial perspective and thus considered
two objectives: the electromagnetic performance and the physical size of the
antenna. This was shown to give considerable information in the viability
of an antenna technology.
The genetic and particle swarm optimisation algorithms were explicitly
described.

These algorithms are readily adaptable to searching for the

Pareto optimal set. The author felt the proposed PSO algorithm gives
a relatively simple method to seek the Pareto optimal set with a lucid
behaviour. Also, it’s performance was found to be better than the NSGA-II
algorithm when optimising the first case study.

127

6.2. FUTURE WORK

6.2

Future Work

This section will suggest future research that augment the work presented
here.

6.2.1

Parallel Particle Swarm Optimisation Algorithm

The conventional PSO algorithm functions in a synchronous mode where
the swarm particles are not updated until each member has been evaluated.
It has recently being suggested by the author et. al [97] [98] that an asynchronous update method where particles are updated after been evaluated,
might be beneficial in a parallel computing environment, particularly when
the computing nodes are heterogeneous or when the convergence time varies
with the computer model being optimised. Moreover, the advantage of an
asynchronous update is that immediate feedback is given about potential
good regions in the decision vector space, while feedback with a synchronous
update would wait an entire iteration before such information becomes
available. At present there a few articles that consider asynchronous updates
for MOPSO.

6.2.2

Dielectric Embedded Arrays

The consideration of multi-band operation for the 7-element dielectric
embedded switched parasitic array antenna was not considered in this thesis.
An interesting questions remains as to whether the antenna is capable of
producing a main lobe of radiation at the same azimuth angle at multiple
frequencies.

6.2.3

Pure Dielectric Antennas

Being a novel technology, future research into pure dielectric antennas will
be extensive. A particular interesting idea is including conductive elements
onto the dielectric element. The motivation for this would be to resonate
multi-bands i.e. the dielectric would resonate at the lower band, while a
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shorter conductive parasitic element metallised onto the dielectric surface
would resonate at a lower band. An illustration of this proposal is given in
figure 6.1
!"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~
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Figure 6.1: Illustration of the PD-IFA with a metallised parasitic element
for multi-band operation.
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