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Abstract 
 

The radiation pattern and other electrical characteristics of an antenna primarily depend on its 

size and geometry. In the current age of communications, it is highly desirable to have compact 

and light weight communication devices. Therefore the most challenging issue of today’s 

wireless communication systems is to design antennas which are cost effective and of compact 

size without compromising the radiating efficiency and effectiveness. 

 

Since microstrip patch antennas are light weight, compact, easy to design and install; they are the 

best choice for today’s communication devices. That’s why patch antennas are widely used in 

numerous wireless applications as a single radiating element and as an array of multiple 

elements. However, designing of different shaped antennas to suit the electrical and/or physical 

requirements of the communication system is not an easy task. 

 

In this dissertation we have successfully designed microstrip patch antennas to achive desired 

electrical charcteristics such as frequency, bandwidth and quality factor alongwith the targeted 

physical characteristics such as length, radius or area etc. Keeping in mind the utilization of 

various shapes of antennas in communication systems; the dissertation includes designing of 

different geometrical shaped patch antennas such as square, circular and hexagonal.  

 

In addition to design patch antennas, we have succefully designed array of patch elements to be 

used in MIMO systems. The array has been designed for the desired electrical characteristics 

such as directivity, frequency, and return loss etc. 

 

Moreover, using this array design model, we estimated the channel capacity for ferquency 

selective Rayleigh fading channel. Since ultra wide band frequency systems are suitable for high 

data rates with low power consumption, we have particularly focused on this range of frequncy 

for antenna designing.  

  



 

xiv 
 

Among all the heuristic approaches, literature shows that particle swarm optimization (PSO) and 

genetic algorithm (GA) are the most efficient and effective heuristic approaches in solving the 

problems of antenna and electromagnetics. Therefore we have employed these two approaches 

for designing and optimizing these antennas. 

 

We have also developed a new heuristic algorithm namely Wildebeest Herd Optimization (WHO) 

algorithm. It is based on the living wildebeest in their herd and migrating from one point to 

another for food and water. All the multi-geometrical antennas have been designed and 

optimized on WHO in addition to GA and PSO. The comparative analysis verifies that the 

proposed algorithm is more effective and efficient than the existing heuristic approaches.  

 

Moreover, artificial neural network (ANN) is employed to model the electrical/magnetic 

behavior of single antenna and arrays. The outcome of ANN models are compared with the 

results of numerical computational software Ansoft HFSS. In the light of this work, various 

future recommendations are also given at the end. 
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Chapter 1  Introduction 

1.1 Introduction 

In most of the wireless applications, microstrip patch antennas are widely as single radiating 

element and as antenna array. The requirement of current wireless communication era is to 

design patch antennas which are cost effective and of compact size but at the same time they 

must capable of high radiating efficiency with wide spectrum [1]-[3]. 

Antenna optimization aims at creating advanced and complex electromagnetic devices that must 

be competitive in terms of performance, serviceability, and cost effectiveness. This process 

involves selection of appropriate objective functions (usually conflicting), design variables, 

parameters, and constraints. 

In most antenna optimization problems, several objectives must simultaneously be satisfied in 

order to achieve an optimal solution. As these objectives are often conflicting, no single solution 

may exist that is best regarding all considered goals. In many situations, antenna optimization 

can be viewed as a multidisciplinary engineered problem [4]. 

Conditions where deterministic methods do not work well, heuristic methods may be a good 

alternative. In fact, heurictic approaches like particle swarm optimization (PSO) and genetic 

algorithms (GA) are known to be very robust and capable of finding good results, especially in 

the area of electromagnetics [5]-[21]. An antenna optimization usually involves specifications 

related to directivity, impedance matching, cross-polarization, and frequency range, which can 

be formulated as either objective or constraint functions. 

We have also developed a new heuristic algorithm namely Wildebeest Herd Optimization (WHO) 

algorithm. It is based on the living wildebeest in their herd and migrating from one point to 
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another for food and water. All the multi-geometrical antennas have been designed and 

optimized on WHO in addition to GA and PSO. The comparative analysis verifies that the 

proposed algorithm is more effective and efficient than the existing algorithms. 

Moreover, we have developed ANN model to design and predict the charcteristics of patch 

antenna and its array. In addition we presented the model for improving the channel capacity of 

a multi input multi output (MIMO) system.  

 

1.2 Literature Review 

Much of the literature exists on modeling, designing and optimizing the performance of patch 

antenna through ANN. However, no significant work has been carried out for antenna arrays 

using this approach. 

R. Malmathanraj [22] designed a microstrip patch antenna for high bandwidth and optimum 

directivity using ANN. His results were promising; however the ANN model he presented was 

not suitable for calculating the return loss of the antenna. M. N. Moghaddasi et al. [23] 

developed an ANN model for synthesis and analysis of the resonant frequency of rectangular 

patch antenna. They used multilayer perceptron (MLP) using back-propagation algorithm. The 

model was applied only to predict the resonant frequency. 

A good work was presented by N. Türker [24]; he suggested a general procedure for patch 

antenna designing using ANN. He developed two models, one for physical designing via 

electrical parameters and the other for its validation. However, he too ignored the calculation of 

antenna losses. L. Merad [25] however worked on antenna arrays and described the application 

of back-propagation ANN for optimizing and synthesizing antenna arrays. His work was based 

on antenna array; however with his model he only optimized the side lobe level. V. V. Thakare 
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[26] made a good attempt of predicting the dimensions of patch antenna using ANN model. He 

compared the ANN results with IE3D Electromagnetic Simulator. The results were promising; 

however this attempt was made on single element instead of complete array. 

T. Bose [27] made almost same attempt as discussed in [26], however the antenna used was 

aperture coupled patch. A radial basis neural network function has been presented for the 

analysis of microstrip patch antenna array. However, this technique does not present any multi 

objective antenna design or multi objective array modeling through ANN [28]. 

Dorica and Dennis [29] presented ways of designing the customized Fuzzy Clustered Neural 

Network (FCNN). Though it is fairly accurate model, however it too has no solution for multi 

objective parameter modeling of microstrip patch antenna. Modeling and analysis of square 

patch antenna using ANN is also presented in [30]. 

This paper successfully modeled resonance frequency, return loss, gain and bandwidth. Again, in 

this paper; different discrete values of these parameters have been modeled. There is no attempt 

of finding the vectors of these parameters. Robustillo et.al [31] characterized three stacked 

patches in multilayer structure. The paper demonstrated ANN application for Ku band. 

Regarding heuristic algorithms, in recent years; evolutionary algorithms (EA) have become very 

popular in electromagnetic optimization problems. A study of antenna array optimization 

literature has shown genetic algorithms to be the most popular of the EAs although there are a 

small number of examples of other EA types being applied [32].  

Fogel [33] stated many good reasons to use evolutionary algorithms in such computational 

problems. Fogel reasoning includes flexibility, simplicity, self adaptation ability, speed and 

convergence trends in evolutionary algorithms. 

Ant algorithms have been used by Karaboga et al [34] in linear antenna arrays to perform null 

steering. The authors applied ant colony optimization to vary element positions in the array for 
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introducing nulls in array radiation pattern. Varying element positions is not practical in real 

arrays as they are fixed during manufacture, and one of the advantages of active array technology 

is the fact that there are no mechanically moving parts required to produce or steer the beam. 

Evolutionary programming is easier to apply to array pattern optimization problems as the 

chromosome can directly contain the excitation set. The most recent work was a paper by 

Hoorfar [35], who used a hybrid EP-GA technique to optimize the gain of a six-element yagi 

array. The method converges to provide a single solution and worked by varying the distances 

between elements which is only practical if one radiation pattern is required. 

Differential evolution has been applied to linear array antenna optimization problems by Kurup 

et al [36]. Kurup varied element positions and compared the results to the variation of element 

phase values in order to reduce side lobe levels in the pattern. A cost function was used that 

combined the side lobe measure and the value of main lobe gain. The work concludes that joint 

optimization of the element positions and phases are better than phase only optimization. This 

technique would limit the final array to a smaller range of patterns due to the optimized element 

positions. The algorithm converges to provide a single solution. 

Particle swarm optimization has been used by Boeringer and Werner who compared the 

performance of PSO with that of a GA on a linear array problem [37]. A mask was used to 

enable a simple objective function calculation and it was shown that the GA outperformed the 

PSO. 

The application of genetic algorithms has received far more attention in array performance 

optimization, and it has been practiced since the early 1990's [32]. 

The earliest example of the application of genetic algorithms to antenna array optimization found 

was by Haupt et al [6] in 1993. Haupt used a GA to thin a 50 linear array of isotropic elements. 

A single fitness measure was used equal to the highest calculated side lobe level. 
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The GA provided a single solution to the problem (i.e. converged to a single point on the cost 

function). This work stood as an important first step and over the next decade, many researchers 

followed and advanced Haupt’s work by optimizing other types of arrays and different operating 

variables. 

The chromosomes used in Haupt’s paper simply switched elements on or off. Later work by both 

Haupt and many other researchers optimized amplitude weightings, phase control and some 

aspects of array geometry. 

Shimizu [38] used GAs to optimize the performance of an eight element linear array with each 

element controlled by a four bit phase shifter. Shimizu used a uniform amplitude distribution and 

optimized the phase values. 

In 1997 Johnson and Rahmat [39] summarized the application of GAs in electromagnetic 

optimization problems and proposed the use of them on large planar array antennas. The paper is 

recommended as a basic introduction to GA techniques in electromagnetics. 

All the early GA work cited above concentrated on forming and optimizing a single main lobe, 

formed using a linear array. Marcano et al [40] optimized multiple beam linear antenna arrays 

using GAs. A GA was used to determine the weights that would result in a radiation pattern with 

two main lobes and low side lobes. The arrays were small containing just 20 elements so the 

search space was not particularly large. Later the same year, the authors furthered their work by 

optimizing patterns with three main lobes [40]. 

Alphones and Passoupathi [41] looked at element positions rather than weights. They used a GA 

to vary the spacing between elements on a linear array antenna. The objective was to produce 

nulls in the radiation pattern at desired positions. 

Again the GA performed well as the array size and search-space were reasonably small. All the 

work so far cited relied on one or two measures of fitness to guide the GA to convergence. In 
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most cases a single objective measure was used but occasionally weighted sums of objectives 

were used. Some authors stated that the fine-tuning of the weights or particular method for 

combining objective values strongly influenced the success of the optimization exercise. 

A number of new GA based algorithms have been published in more recent years that remove 

the need to combine objectives into a single cost function. These algorithms are known as multi 

objective genetic algorithms (MOGA). The main difference between MOGAs and GAs is that 

MOGAs converge to give a trade-off surface of possible solutions (more correctly known as a 

pareto optimal set) rather than a single solution as is the case with the simple GA. 

However, the GA has been shown to give good performance in antenna array optimization. The 

manner in which the GA has been applied to pattern synthesis problems has been consistent - the 

results studied suggest more experimental work is needed to improve its performance. The area 

of multi-objective optimization appears to show great promise and is worthy of further research. 

Various recent works have been carried by employing heuristic algorithms, however these works 

are not presenting any idea of joint multi-optimization objective of different shapes of patch 

antennas. For example a work has been presented to design and fabricate an X band microstrip 

antenna array with four elements. It was tuned for the central frequency of 7.5 GHz. The 

research shows high gain and effective load matching but it does not describe the joint 

optimization of various shaped patch antennas [42]. 

A hybrid optimization algorithm using GA and PSO has been presented for the synthesis of 

antenna array pattern. This is an interesting paper but it does not deal with joint optimization of 

patch antenna [43]. One interesting research has been presented to enhance the gain and return 

loss of microstrip patch antenna. 

The paper did not include any aspect of multi objective joint optimization of microstrip patch 

antenna [44]. Vitaz et.al. [44] presented the design and fabrication model for retro reective array 
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feed system. The designing and optimization of a circularly polarized four element patch antenna 

has been presented in [45]. The low profile compact circularly polarized antenna is useful in 

telemetry and positioning [46]. 

Moreover, application of dual band microstrip patch antenna [47], return loss improvement in 

inset feed antenna [48] and optimization of aperture coupled patch antenna [49] have been 

presented in different papers. However, these researches do not discuss any type of joint 

optimization multi parameters technique and/or multi parametric array modeling. 

 

1.3 Motivation for the Proposed Work 

Though innumerous work has been done in antenna optimization; however still there are various 

issues and challenges which have not been addressed yet. The few of the challenges which 

motivates for this proposal are as under: 

1 Antenna designing for required application is a laborious work. Such designing work can 

be simplified using neural modeling and optimization techniques. Lots of work have been 

presented in the literature. But no significant work is found for array optimization and 

modeling. 

2 The ‘true’ multi objective optimization is not thoroughly investigated. The research is 

either based on optimizing two objectives simultaneously or more than two objectives 

independently with separate fitness functions (which is in true sense, NOT termed as 

‘multi objective optimization’). 

3 Moreover, joint optimization of different geometrical shaped antennas for same physical 

and/or electrical charateristics have never been investigated properly.  
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4 In antenna arrays there is some mutual coupling exists. Most of the antenna optimization 

works have not considered this effect while designing antenna and/or arrays. 

5 Besides the parametric optimization of antennas and arrays; there is another area of 

optimization which is based on ‘antenna orientation’ such as linear, planner and circular. 

This area has enough room for the research and investigation. 

6 Among all the heuristic approaches, literature shows that GA and PSO are the most 

efficient and effective heuristic approaches in solving the problems of antenna and 

electromagnetics. However, there was a need to develop more effective heuristic 

algorithm, specially for antenna optimization.  

 

1.4 Research Objectives 

Keeping in mind the above challenges in antenna and array optimization, the objectives of this 

research are: 

1 To do single and multi-objective optimization of microstrip patch antennas for the desired 

electrical characteristics such as frequency, bandwidth and quality factor through 

weighted optimization approach. In multi-objective optimization, it is important to state 

that some of the antenna parameters are mutually ‘conflicting’, i.e. improvement in one 

parameter (objective) results in degradation of the other [50].  

2 To do single and multi-objective optimization of the same microstrip patch antennas with 

constrained optimization approach. This optimization is also for the desired electrical 

characteristics such as frequency, bandwidth and quality factor. The conflicting 

parameters in this case are controlled by introducing some value of a variable as 

constraint.  
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3 To jointly optimize various geometrical shapes of patch antennas for identical desired 

electrical characteristics using combine objective fitness function. The optimization is 

based on weighted approach. The focus is on three main geometrical shapes i.e. square, 

circular and hexagonal. 

4 To jointly optimize the same geomentrical shaped antennas on constrained optimization 

approach. 

5 Among all the heuristic approaches, genetic algorithm and particle swarm optimization 

are most efficient and effective in solving the problems of antenna and electromagnetics 

[5]-[21]. We therefore employed GA and PSO for the above research objectives of 

optimization. 

6 To develop a new and more effective heuristic algorithm, specially for antenna 

optimization. 

7 To do single and multi parameter modeling of microstrip patch antenna by ANN. The 

neural model is used to mimic the electrical behaviour of an antenna such as directivity 

and input return loss on the basis of its physical parametrs. For this purpose we employed 

backpropagation algorithm as it is the simplest multi layer algorithm which is best suited 

for complex problems [22], [24]. We develop the neural model for various geometrical 

shapes of patch antenna. 

8 To do multi-objective neural modeling of a planar array of patch antennas in order to 

calculate its electrical characteristics. The planar array has large aperture and effective 

beam control [1] and useful for MIMO applications [51]. 

9 To estimate channel capacity for ferquency selective Rayleigh fading channel using 

above neural model. This can be utilized to design optimum MIMO antenna parameters 

via any optimization technique. 
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1.5 Thesis Organization 

This dissertation is comprised of eight chapters. Chapter one covers overall introduction of the 

work. It includes the comprehensive literature review and motivation of the work. Moreover, the 

main objectives of this dissertation are also included in this chapter. 

Chapter two describes the basic structure of an antenna and its major types. In addition, it gives 

the brief description of various antenna parameters and terminologies. Few mathematical 

relations are also presented in this chapter. 

Chapter three covers the detail of microstrip patch antenna. It describes patch antenna structure 

and several of its geometrical shapes. The chapter also describes some of the merits and demerits 

of using patch antenna. Moreover, to excite the antenna, various feed line configurations are also 

discussed. 

Chapter four includes the discussion of antenna arrays and MIMO systems. It gives various types 

of arrays and their electrical characteristics. Mutual coupling effect in case of array and MIMO 

system is also included in this chapter. 

Chapter five introduces several optimization approaches including the classical and modern 

approaches. Because of the major work of this dissertation, particle swarm optimization and 

genetic algorithm are discussed in detail. 

Chapters six and seven are the actual contribution of this dissertation. Chapter six presented the 

artificial neural network models for patch antenna design. In addition, it gives the modeling of a 

patch array. Moreover, channel enhancement model of a MIMO system is also presented in this 

chapter. The chapter also includes all the results and discussion. 

Chapter seven presented multi-objective joint optimization of different shaped patch antenna 

using heuristic algorithms. The algorithms used are GA and PSO. Both the algorithms use 
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weighted and constrained approach to get the optimized dimensions. Moreover, a new heuristic 

algorithm namely Wildebeest Herd Optimization (WHO) algorithm has been developed for 

antenna optimization. The comparative results and discussion are also the part of this chapter. 

Lastly, chapter eight gives an overall conclusion of this work. It also gives recommendations for 

future work with some of the limitations.”  
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Chapter 2  Antenna and its Basic Parameters 

2.1 Introduction 

According to IEEE standards, “the device or means for radiating or receiving radio waves is 

known as antenna” [52]. The antenna is therefore conceived as an intermediary structure 

between a guiding device and the free space [1]. The guiding device, known as transmission line, 

comprised of physical mediam such as coaxial cable or a waveguide etc. It is responsible to carry 

electromagnetic energy between the antenna and the transmitter (or receiver).  

Ideally, this entire structure of transmitting (or receiving) radio waves is lossless; however real 

hardware has numerous types of losses. Some losses exist in the transmitter (or receiver) due to 

its resistive behaviour. Some other losses of conduction-dieletric type occurred because of the 

lossy nature of antenna and transmission line. Reflection losses occurred when there is a 

mismatch in transmission line impedance and antenna impedance. And there are some other 

types of losses in the entire system. The losses of antenna, transmission line and reflection must 

be minimized in order to have good radiation pattern with high radiation power. All of these 

losses can be minimized by selecting suitable material, designing appropriate geometrical 

dimensions and matching the impedances; however these can not be eliminated completely [1]. 

Apart from transmitting or receiving radio waves, an antenna acts as an optimizer of energy 

radiation in some specific direction(s). It is therefore viewed as directional device besides a 

probing device [1], [53], [54]. In order to meet various requirements, there are numerous types of 

antennas exist. These types differ with each other with respect to materal, structure, shape, size 

and diemension etc. Following sections describe some of the popular types of antennas and a few 

of its basic parameters. 
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2.2 Some Antenna Types 

Though there are hundreds of antenna types exist, however a few of most popular antenna types 

are briefly described here. 

 

2.2.1 Wire Antenna 

The most common type of antenna seen almost everywhere is wire antenna. This type antenna 

has numerous applications such as buildings, aircraft, automobiles, ships etc. [1], [55]. Under the 

umbrella of wire antenna, there are various shapes of antennas available. Few examples of such 

types are linear dipole, loop and helix antenna as shown in Figure 2.1.  

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.1: Different structure of wire antenna 
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2.2.2 Aperture Antenna 

Aperture antennas are suitable for higher frequency applications. Because of their easy 

installation, these are very popular in aircrafts and spacecrafts. Aperture antennas mainly 

comprised of various types of horn antennas as shown in Figure 2.2. Waveguides are normally 

act as tranmission line, however sometimes it can be treadted as aperture antennas [1].  

 

 

 

 

 

 

 

 

Fig. 2.2: Different configuration of aperture antenna 

 

2.2.3 Microstrip Patch Antenna 

Microstrip patch antennas or sometime called patch antennas are the most widely used antennas 

in communication networks nowdays. It has many important attributes such as very simple 

geometrical structure, light weight, reduced volume and cost effectiveness. Having these smart 

features, patch antennas are perfectly suitable for mobile devices, missiles, radards, satellites 

spacecrafts etc. [56], [57]. 

The antenna comprised of a conductive (metallic) patch that is mounted on a dielectric surface. 

This insulating surface is known as substrate. Geometrically, the metallic patch can be of 
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different shapes like square, rectangular, circular, hexagonal etc [58]. The rectangular and 

circular patch antennas are shown in Figure 2.3. Normally, gold or copper is used to deveoped 

the metallic patch which is connected to a feed line through photo etching process [59], [60]. 

 

 

 

 

 

 

(a) Rectangular Patch 

 

 

 

 

 

 

(b) Circular Patch 

Fig. 2.3: (a) Rectangular and (b) Circular microstrip patch antennas [1] 

 

2.2.4 Antenna Array 

In many specialized applications, the required radiation pattern is not achieved through single 

radiating element like single patch antenna or single dipole antenna. In such cases, collective 

arrangement of multi radiating elements are used. This combined arrangement is termed as 
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antenna array or simply array [61]. The collective arrangement of radiating elements add their 

radiating fields in such a way that the resulting radiating field increases in some direction(s) and 

decreases in some other direction(s). Figure 2.4 shows three different arrays made up of dipole, 

aperture and patch antennas.  

 

 

 

 

 

 

(a) Dipole array             (b)  Aperture array 

 

 

 

 

 

 

 

 

    (c) Patch array 

Fig. 2.4: (a) Dipole, (b) Aperture and (c) Patch arrays [1] 
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2.2.5 Reflector Antennas 

Satellites made a great breakthrough and revolution in the field of telecommunication. However, 

satellite communications involve greater wireless distances of millions of miles. In order to 

communicate up to such larger distances, special type of antennas are emploed. Since these 

antennas are designed to transmit electrmagnetic waves over a larger distances, they have an 

additional element or elements known as reflector. And the antenna is therefore known as 

reflecor antenna. The main objective of using reflector is the maximization of overall gain of the 

antenna. This higher value of gain is the main attribute of such specialized antennas which are 

used to communicate over larger distances.  

Based on reflector structure, different types of reflector antennas exist. Parabolic antennas are 

one of the most common antennas of reflector type. It is generally known as dish antenna. The 

diameter of this reflector dish can be as big as 305 m [1]. Different structure of parabolic 

antennas can be seen in Figure 2.5.  

 

2.3 Basic Antenna Parameters 

This section describes a few of very basic but essential terminologies and parameters of an 

antenna. These definitions are based on the document of “IEEE Standard Definitions of Terms 

for Antennas (IEEE Std. 145-1983)”. 

 

2.3.1 Radiation Patterns 

Antenna radiation pattern is its radiation properties which are graphically represented through 

space coordinates [1] as represented in Figure 2.6. Antenna radiation properties include various 

electrmagnetic characteristics such as radiation intensity, directivity, polarization, field strength 
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etc. There are two types of radiation patterns namely amplitude field pattern and amplitude 

power pattern. Position on spherical coordinate system versus normalized electric field |E| (or 

normalized magnetic field |H|) is known as field pattern. Whereas same coordinate system when 

plotted against normalized power is known as power pattern [1]. Usually, logarithmic sacle is 

used for power pattern plot and therefore it is represented in decibels (dB). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.5: Typical parabolic reflector antennas 
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Fig. 2.6: Spherical coordinate system for antenna analysis 

 

A. Isotropic Radiation Pattern 

A radiation pattern produced by an isotropic radiator is known as isotropic radiation pattern. An 

isotropic element (or radiator) is an ideal antenna having same amount of radiation in all 

directions of three dimentional space. The isotropic radiator is considered as a reference antenna 

to measure gain (or directivity) of a real antenna [1].  

 

B. Directional Radiation Pattern 

The magnetic radiation pattern of a directional antenna is referred to as directional radiation 

pattern. Directional antenna can be defined as the antenna having more effective radiation 

pattern in some specific direction(s) as compared to others. All the antennas, whose directivity 

are greater than the directivity of a dipole antenna, fall in this category [1].   
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2.3.2 Radiation Pattern Lobes 

The area of strongest radiation pattern is termed as lobe. The lobes are represented by close loops 

in the plot of radiation pattern. There are different types of lobes namely main lobe (or major 

lobe), side lobe, and back lobe. All three lobes are shown in Figure 2.7.  

 

 

 

 

 

 

 

 

 

Fig. 2.7: Typical radiation pattern of an antenna showing various lobes 

 

The main lobe exists in the direction where the maximum radiation intensity occurs. There are 

some antennas whose radiation pattern have more than one main lobes like split beam antenna. 

Other than the main lobe, all the lobes are collectively termed as minor lobes. The back lobe 

appears 180º opposite to the major lobe. Adjacent to the major lobes, there are Side lobes. 

Usually all the minor lobes are undesirable and therefore the antenna must always be designed in 

such a way that these lobes are minimized. The radiation strength of a minor lobe is defined by a 

ratio of power density of that lobe to the power density of the main lobe [1].  
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2.3.3 Beamwidth 

The half power beamwidth (HPBW) or simply the beamwidth is the angular separation between 

half power (-3dB) points within the main lobe. Also, the First-Null Beamwidth (FNBW) can be 

defined as the angle between the first nulls of antenna radaition. The two beamwidths are shown 

in Figure 2.8. Beamwidth and side lobes are inversely proportional. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2.8: Two-dimensional power pattern with HPBW and FNBW [1] 

 
2.3.4 Field Regions of Antenna 

The surrounding of an antenna is divided into three fields (or regions). These regions are known 

as “reactive near-field region”, “radiating near-field (Fresnel) region” and “far-field 

(Fraunhofer) region” as shown in Figure 2.9. 

The immediate surrounding of antenna has predominated reactive field. This region is known as 

reactive near-field region.  
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Fig. 2.9: Antenna field regions [1] 

 

If antenna has the dimension of 퐷 units and operating at 휆 wavelength, the maximum boundary 

of this region is distance 푅 units from the antenna surface where. 

푅 < 0.62
퐷
휆 																																																																																(2.1) 

The Fresnel region predominates radiation field. The angular field distribution in this field 

depends on the distance from the. Its boundary starts from the maximum boundary of reactive 

near-field region and goes up to the limit 푅 such that 

0.62
퐷
휆 ≤ 푅 ≤

2퐷
휆 																																																																					(2.2) 
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Far-field (Fraunhofer) region is the region where the distance from antenna has no effect on 

angular field distribution. 

Since this region starts from the maximum boundary of fresnel field, its distance 푅 is therefore 

given as  

푅 >
2퐷
휆 																																																																																		(2.3) 

When we move from the inner field (closer to antenna) towards the outer field, we observe 

variation in antenna amlitude pattern [62]. The change in the amlitude pattern of 퐷 dimension 

antenna is shown in Figure 2.10.  

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 2.10: Variation in amplitude pattern of antenna [62] 
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2.3.5 Radiation Power Density 

Electromagnetic waves are the carrier of energy and power. Therefore it may be assumed that 

energy and power are naturally associated with electromagnetic field. A term poynting vector is 

defined to decribe the association of power with electromagnetic field as 

풲 = ℰ ×ℋ																																																																													(2.4) 

where 풲, ℰ, and ℋ are the instantaneous values of poynting vector (in Watt/m2), electric field 

intensity (in Volt/m) and magnetic-field intensity (in Ampare/M) respectively. 

Poynting vector is very useful parameter. Its normal component, if integrated over a closed 

surface, gives the instantaneous value of the total power crossing that closed surface.  

풫 = 풲 ∙ 푑풔 = 풲 ∙ 풏푑푎																																																						(2.5) 

where 풫, 퐧, and 푑푎 are the total instantaneous power (in Watts), normal unit vector, and 

differential surface area (in m2) respectively. 

The average value of radiated power from an antenna can be evaluated as 

푃 = 푃 = 푊 ∙ 푑풔 = 푊 ∙ 풏푑푎																																											(2.6) 

 

2.3.6 Radiation Intensity 

In order to define the radition intensity, first of all we have to define two basic units of angle 

measurement as follows: 

 

A- Radian – Measurement of a plane angle: Radian is the unit of measuring a plane angle. 

One radian is an angle whose vertex is at the centre of a circle of radius 푟. The angle is made by 
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an arc whose length also equals to 푟. Figure 2.11(a) shows the measure of a radian. A complete 

circle has 2휋 radians. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a) Radian     (b)   Steradian 

Fig. 2.11: Graphical representation of a radian and a steradian 
 

B- Steradian – Measurement of a solid angle: The unit of measuring a solid angle is known 

as steradian. One steradian is a solid angle whose vertex is at the center of a sphere having 

radius 푟. The angle is made by an arial cone whose surface area equals to 푟 . Figure 2.11(b) 

shows a measure of a steradian. A complete sphere has 4휋 steradians. 

 

The radiated power flowing through a unit solid angle is known as radiation intensity. It is a 

parameter related to far field and can be evaluated as 

푈 = 푟 푊 																																																																				(2.7) 

where 푈, and 푊  are radiation intensity (in Watts/steradian) and radiation density (in 

Watts/m2) respectively.  
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Now the total power transmitted from an antenna can be estimated by integrating radiation 

intensity, over the entire solid angle of a sphere i.e. 4휋.  

푃 = 푈	푑훺 = 푈 sin 휃	푑휃	푑휙																																																	(2.8) 

where 푑Ω = differential amount of solid angle = sin 휃	푑휃	푑휙. 

The radiation intensity of an isotropic radiator is not dependent on any solid angle, therefore 

equation (2.8) can be written for isotropic case as 

푃 = 푈 	푑Ω = 푈 푑Ω = 4휋푈 																																																				(2.9) 

The isotropic radiation intensity is therefore 

푈 =
푃
4휋 																																																																															(2.10) 

 

2.3.7 Directivity 

The directivity of an antenna is the relative comparasion of its radiation intensity with the 

radiation intensity of an isotropic radiator. Using equation (2.10), the directivity 퐷 can be 

evaluated as  

퐷 =
푈
푈 =

4휋푈
푃 																																																																							(2.11) 

The maximum value of directivity is calculated as  

퐷 = 퐷 =
푈
푈 =

4휋푈
푃 																																																								(2.12) 
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2.3.8 Scattering Parameters 

Scattering parameters (S-parameters) are used to describe the behaviour of a linear electrical 

network when observe under steady state stimulation of electrical signals [63].  

 

 

 

 

 
Fig. 2.12: Two-port network 

 

Any antenna can be assumed as a two port network between the transmitting (or receiving) 

device and the free space. A two port network is shown in Figure 2.12. Its S-parameters can be 

calculated as: 

푏 = 푆 푎 + 푆 푎 																																																																								(2.13) 

푏 = 푆 푎 + 푆 푎 																																																																								(2.14) 

In a matrix form, it is represented as 

푏
푏 = 푆 푆

푆 푆
푎
푎 																																																																(2.15) 

where 푆 , 푆 , 푆  and 푆  are the input voltage reflection coefficient, the reverse voltage gain, 

the forward voltage gain and the output reflection coefficient respectively. 

The input return loss can be estimated using the ligarithmic value of S , therefore the input 

return loss of an antenna is” 

Input	Return	Loss = 20	 log |푆 |						(dB)																																											(2.16) 
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Chapter 3  Microstrip Patch Antenna 

3.1 Introduction 

A numerous high performance communication hardware are designed in such a way that they 

occupy low volume and have as reduced weight as possible for the ease of mobility and 

portability. The examples of such high performance hardware are satellites, radars, spacecrafts, 

rockets, missiles, mobile hand sets, and many other portable wireless products. These specialized 

hardware require a dedicated antenna for communication purposes. The antenna used in these 

communication hardware must have some distinctive features. For example, the antenna must 

have reduced weight and volume (size), it must be easily designed and installed. And on top of 

all, it must be cost effective without compromising its performance. Microstrip patch antenna 

has all such characteristics, and it is most widely used for communication in the above high 

performance hardware [2], [3], [56], [64]-[98]. Moreover, these antennas are simple to 

manufacture, robust if mounted on stiff surfaces, easily placed on planar or non-planar surfaces, 

versatile in shapes, and have a range of resonant frequencies, polarization patterns and 

impedances [99]-[104].  

The basic introduction of microstrip patch antenna will be given in the following sections. It 

includes basic design parameters (both electrical and physical), various gemetrical shapes of the 

patch elements and the merits and demerits of using patch antenna for communication purposes. 

Moreover, various feed techniques will also be discussed with their comparative features. In the 

last, some analysis and design aspect of patch antenna will be discussed. As an example, the 

expressions for designing the dimensions of a rectangular patch antenna are presented. 
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3.2 Basic Design and Characteristics 

The basic design structure of microstrip patch antenna comprised of a very thin and fine metallic 

patch fabricated on an insulating surface. This insulating surface is known as substrate. The 

opposite side of the substrate is connected to ground plane. The ‘patch’ can be made in different 

geometrical dimesions and shapes such as square, rectangular, hexagonal, triangular, circular, 

elliptical etc [58], [105]. A few of important shapes of microstrip patch elements are shown in 

Figure 3.1. 

 

 

 

 

 

 

 

 

 

Fig. 3.1: Shapes of patch elements (a) Square, (b) Rectangular, (c) Hexagonal, (d) Triangular,  
(e) Circular and (f) Elliptical  

 

The free space wavelength is the deciding factor for designing the size and dimension of patch 

antenna. If the free space wavelength is denoted by 휆 , typical values of the geometrical 

dimension of a patch will be as follows [1]: 

  

(f) (d) (e) 

(c) (a) (b) 
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Length of the metallic patch L (for rectangular): 0.3333 λ0 < L < 0.5 λ0 

Thickness of the patch t:    t << λ0 

Thickness of substrate h:    0.003 λ0 ≤ h ≤ 0.05 λ0 

Dielectric constant of substrate εr:   2.2 ≤ εr ≤ 12 

The most widely used configuration among all the above configurations is rectangular patch 

antenna. It is shown in Figure 3.2. The rectangular patch has the width of 푊, length of 퐿, and 

thickness of 푡 units. The patch is mounted on a substrate of dielectric constant 휖 . Copper or gold 

is normally used to make metallic patch through photo etching technique [59], [60]. 

 

 

 

 

 

 

Fig. 3.2: Geometrical shape of a rectangular microstrip patch antenna 

 

There are numerous insulating material between the above range of dielectric constant that can 

be used as substrate of a patch antenna. However, thick substrates with minimum dielectric 

constant are most desirable for the better performance of the antenna having larger patch 

elements. Such types of substrate provide larger bandwidth, better performance and loosely 

bound radiation field [1], [2]. 
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Since microwave circuitry require tightly bound radiation field in order to minimize the 

undesired coupling. The thin substrates having higher values of dielectric constants are generally 

required for such applications. They require small size of patch elements, however they are less 

efficient and having small bandwidths [1], [2]. 

 

3.3 Advantages and Disadvantages 

The microstrip patch antennas are most popular and widely used antennas in wireless 

applications because of their reduced physical characteristics and optimum performance. Some 

of its major advantages and disadvantages are summarized in Table 3.1 below. 

 

Table 3.1: Major advantages and disadvantages of microstrip patch antenna 
 
 

 

 

 

 

 

 

 

 

  

Advantages Disadvantages 
Low weight Less efficient 
Less volume Low gain value 
Thin profile Narrow bandwidth 
Minimum fabrication cost Higher ohmic loss in feed lines 
Readily available to mass 
production Low power handling capacity 

No cavity backing required Pure polarization is difficult 
Linear and circular polarization Excitation of surface waves 
Easy to mount with integrated 
circuits Poor end fire radiation 

More than one frequency 
operation possible 

Poor isolation between antenna and 
feed line 

Easy fabrication of  matching 
circuit and feed lines 

Non-desirable radiation from feed 
line and junctions 

Mechanically robust High quality factor 
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3.4 Feed Line Configurations 

Many feed techniques are used to feed the microstrip patch. All the approaches have their own 

merits and demerits. However, the most widely used techniques are microstrip line feed, coaxial 

probe feed, aperture coupled feed and proximity coupled feed [106]-[108]. The following 

sections describe these main feed line methods. 

 

3.4.1 Microstrip Line Feed 

A conducting strip connected to patch is known as microstrip feed line. Its width is smaller 

compared to the patch. The strip is usually made up of the same material through the same photo 

etching process as the patch. This feed approach is relatively easy to fabricate and simple to 

model. However, employing microstrip line feed increases the thickness of the substrate. 

Consequently, undesired radiation increases which limits the overall bandwidth [1]. Microstrip 

line feed configuration is shown in Figure 3.3. 

 

 

 

 

 

 

 

 

Fig. 3.3: Microstrip line feed [1] 
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3.4.2 Coaxial Probe Feed 

Coaxial proble feed is also widely used feed technique. The feed line is comprised of a coaxial 

cable. In this technique, the outer conductor of the coaxial line is connected with the ground 

plane of substrate whereas its inner conductor is connected with the metallic patch. This too is 

easy to fabricate. Morover it has low magnitude of undesired radiation. However its modeling is 

difficult and it gives narrow bandwidth for thick substrate (h > 0.02λ0) [1]. The coaxial proble 

feed approach is illustrated in Figure 3.4.  

 

 

 

 

 

 

 

 

 

Fig. 3.4: Coaxial probe feed [1] 

 

3.4.3 Aperture Coupled Feed 

The aperture coupled feed is used to overcome the cross polarized radiation. It too produces 

narrow bandwidth but it is very difficult to fabricate. This feed technique employed two 

substrates of different dielectric constants. There is a ground plane in between two substrates. 

The feed line is running on the lower side of the second substrate which is at the bottom. The 
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ground plane has some slot (window) at some position. The feed line is inserted up to the depth 

where the slot exists. The slot is used to couple the feed line energy to the metallic patch. 

Noramally, the lower substrate is of high dielectric value, whereas the upper substrate must be 

thick with low dielectric constant [1]. Figure 3.5 shows the aperture coupled feed configuration.  

 

 

 

 

 

 

 

Fig. 3.5: Aperture coupled feed [1] 

 

 

 

 

 

 

 

 

Fig. 3.6: Proximity coupled feed [1] 

  



 

35 
 

3.4.4 Proximity Coupled Feed 

This feed technique also has two different substrate layers. The feed line is in between these two 

layers. The metallic patch is fabricated on the top layer of substrate. This technique has very high 

bandwidth with reduced undesired radiation. Moreover, it is very simple to model. The 

fabrication process is however somewhat difficult [1]. Figure 3.6 shows its configuration.  

The comparative characteristics of all the above feed methods are given in Table 3.2. 

 

Table 3.2: Comparision of different feed techniques [109] 

 

 

3.5 Models of Analysis 

Various analysis models for microstrip patch antennas are exist. Out of these, transmission line 

model is one of the important and simplest model, however it is an approximate model (less 

accurate) for thick substrate [109], [110]. Since rectangular patch antennas are most widely used 

shape. We will describe the transmission line model for analysing rectangular patch antenna.  

  

Characteristics Microstrip Line 
Feed 

Coaxial Probe 
Feed 

Aperture 
Coupled Feed 

Proximity 
Coupled Feed 

Spurious 
radiation More More Less Minimum 

Reliability Better Poor Good Good 
Ease of 

fabrication Easy Difficult Alignment 
required 

Alignment 
required 

Impedance 
matching Easy Easy Easy Easy 

Bandwidth Narrow (2-5%) Narrow (2-5%) Narrow (2-5%) High (13%) 
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3.5.1 Effective Dielectric Constant 

Consider Figures 3.2 and 3.3 for a rectangular patch and the feed line respectively. There is some 

fringing radiations between patch and substratre. The fringing effect is a function of patch length 

퐿, substrate height ℎ and dielectric constant 휖 . For reduced fringing effect, 퐿 ℎ ≫ 1 and 

푊
ℎ ≫ 1. In considering this effect, the effective dielectric constant 휖  is calculated. The 

effective dielectric constant is usually constant for low frequencies. For intermediate and higher 

frequencies it goes in increasing trend. The expression is given as [1]: 

휖 =
휖 + 1

2 +
휖 − 1

2 1 +
12ℎ
푊 																																																				(3.1) 

 

3.5.2 Effective Length 

Due to the fringing effects, the ‘electrical dimension’ of a patch antenna becomes greater than its 

physical dimension. Figure 3.7 illustrates the differential amount of patch length Δ퐿. This 

increment in length will be observed on each end of the patch. The incremental length depends 

on width to height ratio 푊
ℎ  and the effective dielectric constant 휖 . The normalized 

differential length can be approximated with the following expression [111]: 

Δ퐿
ℎ = 0.412

휖 + 0.3 + 0.264

휖 − 0.258 + 0.8
																																																								(3.2) 

And the patch effective length 퐿  is therefore 

퐿 = 퐿 + 2Δ퐿																																																																																(3.3) 

  



 

37 
 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.7: Physical and differential length of rectangular patch [1] 

 

3.5.3 Designing the Patch Dimension 

In practice, the dimension (length 퐿 and width 푊) of a rectangular patch element can now be 

calculated on the basis of given information of substrate height ℎ, the required resonant 

frequency 푓  and the substrate dielectric constant 휖 .  

A practical width of an efficient radiator is estimated using the following relation [78]: 

푊 =
1

2푓 휇 휖
2

휖 + 1 =
휐
2푓

2
휖 + 1 																																																									(3.4) 

Here 휐  is veolcity of light in free space.  
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Once we find the value of patch width 푊, we can calculate effective dielectric constant 휖  

using equation (3.1). By putting all the data, the differential length Δ퐿 can be estimated using 

equation (3.2). The actual physical length of a patch is then calculated as  

퐿 =
1

2푓 휖 휇 휖
− 2Δ퐿																																																															(3.5) 

The theoritical background and formulation of microstrip patch antenna discussed here provide 

the base for the optimization work of this dissertation. 
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Chapter 4  Antenna Arrays and MIMO Systems 

4.1 Introduction 

A single radiating element usually gives a wide radiating pattern. In addition to it, it gives low 

values of directivity. There are many specialized applications where we require higher values of 

directivity alongwith thin radiation pattern (low beamwidth) in order to communicate over long 

distances. Such characteristics of antenna can be achieved by increasing its electrical size. 

Increasing the dimensions of a single element creates some more problems and at times, this 

increment in size is practically not possible. An alternative arrangement to achieve the required 

radiation pattern is to position multi elements in one collective assembly. This new assembly of 

more than one element is termed as antenna array [1]. The resulting field of an array is a vector 

sum of all the fields of individual elements.  

Antenna arrays are employed to achieve direct radiated power in a desired direction. The 

required angular pattern of an array depends on the number of elements, their geometrical 

positions, and their relative amplitdes and phases [112]. After designing an array to focus in any 

specific direction, it is easy to change the direction of its radiation pattern. The process of 

changing its direcion is known as steering or scanning [113].  

MIMO (multi input multi output), on the other hand, is the term used for the group of multiple 

transmitting antenas and multiple receiving antennas. These multiple antennas are the collection 

of spatially arranged single antenna elements, or an array of multiple elements or a combination 

of multiple arrays. MIMO antenna alongwith the channel is known as MIMO system. There are 

different types of antenna arrays and MIMO structures. Following sections describe these types 

and structure in some detail. Moreover, coupling effect of antenna array will be discussed. 
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4.2 Antenna Arrays and its Types 

As discussed above, the antenna array is an assembly of more than one element that are placed in 

such a way to enhance the radiation pattern in a desired direction and to minimize it elsewhere. 

Though ideally these multi elements are identical, however array can be formed through different 

elements too [1]. 

The very basic property through which relative phase shift in radiation pattern can be achieved is 

the relative displacement of antenna elements with each other. The relative phase shift of antenna 

elements can then be added constructively in one direction or destructively in others [114], [115]. 

In addition to it, there are other important factors through which array radiation pattern can be 

controlled. All the controlling factors are listed here: 

 The geometrical structure of array (i.e. linear, planar, circular, spherical etc.) 

 The separation between the elements 

 The exciation magnitue of each element 

 The exciation phase of each element 

 The radiation pattern of each individual element 

Now we are going to discuss two important geometrical structures (linear and planar) of an array. 

 

4.2.1 Linear Array 

An array formed by arranging all of its elements in a straight line is known as linear array. It is 

the simplest form of array. As an example, see Figure 4.1 which shows a linear array of identical 

elements along z-axis. The elements placed in z-axis may or may not be of identical nature. In 

addition, as per the requirement the distance between each elements of an array may not be same.  
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All the elements give their radiation in xy plane and these radiation vectors added together to 

give a resulting radiation pattern [116]. For simplicity, let us assume 2 elements array along z-

axis as shown in Figure 4.2. 

 

 

 

 

 

 

 

 

Fig. 4.1: A linear antenna array along z-axis [1] 

 

 

 

 

 

 

 

Fig. 4.2: A two elements linear array along z-axis [1] 

 

If the coupling between two elements is neglected, the total radiated field is the vector sum of 

individual fields. Equation (4.1) represents total electric field of an array. 
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푬 = 푬 + 푬 = 풂	푗휂
푘퐼 푙
4휋

푒 [ ( ⁄ )]

푟 cos휃 +
푒 [ ( ⁄ )]

푟 cos휃 																					(4.1) 

where Et, E1 and E2 are the total and individual field vectors respectively. 

η is known as the intrinsic impedance of medium. Its value is 휇 휖⁄  

I0 and l are the excitation current and length of an element respectively.  

β and k are the excitation phase difference between the elements and wave number respectively. 

If we consider far field approximation then 

In general:    휃 ≅ 휃 ≅ 휃																																																																											(4.2) 

For Phase variation:   푟 ≅ 푟 − cos 휃 																																																																				(4.3) 

     푟 ≅ 푟 + cos휃 																																																																				(4.4) 

For amplitude variations:  푟 ≅ 푟 ≅ 푟																																																																													(4.5) 

Using all the above approximations, equation (4.1) becomes 

푬 = 풂푗휂
푘퐼 푙푒

4휋푟 cos 휃 푒 ( )⁄ + 푒 ( )⁄ 																						(4.6) 

푬 = 풂푗휂
푘퐼 푙푒

4휋푟 cos 휃 2 cos
1
2

(푘푑 cos휃 + 훽) 																																									(4.7) 

Equation (4.7) is the simplest form of total radiated field produced by a 2 element linear array. 

The equation calculates the total field which is the product of the field of individual element 

placed at the origin and a factor commonly known as array factor [117]. The array factor in 

equation (4.7) is given as: 

Array	Factor = 퐴퐹 = 2 cos
1
2

(푘푑 cos휃 + 훽) 																																												(4.8) 

Therefore, 

Total	 ield	of	array = [Individual	 ield	at	reference] ⨯ [Array	factor]																	(4.9) 

  



 

43 
 

By changing the separation distance d between antenna elements and/or changing the phase 

angle β, the array factor can be changed [118]. Consequently, the total radiated field can also be 

changed. 

While the antenna element factor in equation (4.8) represents the radiation pattern generated 

from a single antenna element. If we consider a linear 푁 elements array with the separating 

distance 푑 between the elements, the generalized equation for array factor will be  

퐴퐹 = 퐴 푒 ( )( ) 																																																(4.10) 

The tapper array amplitude 퐴  in above equation can be controlled using tunable power 

amplifier. Figure 4.3 shows a uniform and triangular tapered radiation pattern of an 8 element 

linear array with 0.4휆 electrical spacing between antenna elements [119].  

 

 

 

 

 

 

 

 

 

 

Fig. 4.3: Radiation patterns of eight elements broadside linear array with various tapering. (Blue) 
uniform amplitude taper, (Green) Triangular taper, (Red) Binomial taper 
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4.2.2 Planar Array 

If the individual elements are arranged in a rectangular form on a two dimensional plane, this 

arrangement is termed as planar array. A typical planar array on xy-plane is shown in Figure 4.4. 

As compared to linear array, planar arrays are complicated and have some more parameters to 

control the radiation pattern [1]. This array has a large aperture and can be employed in 

directional beam control by changing the phase of each element. 

Let us assume a planar array of patch antenna having 푀 elements and 푁 elements on x-axis and 

on y-axis respectively. Such an array is shown in Figure 4.5. The phase shift and the distances 

between elements on x-axis and y-axis are 훽 , 훽  and 푑 , 푑  respectively. 

 

 

 

 

 

Fig. 4.4: A planar array on xy-plane [1] 

 

 

 

 

 

 

 

Fig. 4.5: An M by N planar array of patch antenna [1] 
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The array factor on xy-plane is given as 

퐴퐹 = 퐼 퐼 푒 ( )( ) 푒 ( ) 													(4.11) 

where 퐼  and 퐼  are the excitation coefficients of 푀 elements on x-axis and 푁 elements on y-

axis respectively. If both of these coefficients are proportional to each other, the (푚, 푛)  

element in the array has the excitation amplitude of  

퐼 = 퐼 퐼 																																																																									(4.12) 

If the excitation of entire array is uniform then 퐼 = 퐼 .	 Equation (4.11) becomes 

퐴퐹 = 퐼 푒 ( )( ) 푒 ( ) 																			(4.13) 

The equation will be reduced in the normalized form as [1], [120] 

퐴퐹 (휃,휙) =
1
푀

sin 휓

sin

1
푁

sin 휓

sin
																																													(4.14) 

where    휓 = 푘푑 sin휃 cos휙 + 훽 																																																												(4.15) 

 휓 = 푘푑 sin 휃 sin휙 + 훽 																																																													(4.16) 

 

4.3 Mutual Coupling 

If two (or more) elements are placed near each other in an array, they transmit and receive 

energy to and from one another. Moreover, the portion of the incident energy on an element can 

be re-scattered towards different directions. This creates an ‘imaginary’ secondary transmitter. 

The phenomenon is known as mutual coupling. The amount of mutual coupling mainly depends 

on following things [1], [121]: 
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 Radiation pattern of each element 

 Separation between the element 

 Positioning of each element 

In order to understand the phenomenon of mutual coupling, consider two nearby elements 푚 and 

푛 in an array as shown in Figure 4.6. 

 

 

 

 

 

 

 

 

 

 

Fig. 4.6: Two ‘mutually coupled’ nearby elements in an array [1] 

 

If element 푛 is a radiating element, it produces energy numbered as (0). This energy is radiated 

through the antenna into the open space numbered as (1) and towards the nearby element 푚 

numbered as (2). This number (2) energy acts as incident energy for element 푚 and it produces 

excitation current in it. The excitation current re-scatters some energy in the space numbered as 

(3) and some into element 푚 numbered as (4). Some portion of re-scattered energy (3) goes back 
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to element 푛 numbered as (5). The process goes on and on infinitely. If both the elements are 

radiating then this process is much more complicated [5].  

Because of this mutual coupling, it is said that “the total contribution to the far-field pattern of a 

particular element in the array depends not only upon the excitation furnished by its own 

generator (the direct excitation) but upon the total parasitic excitation as well, which depends 

upon the couplings from and the excitation of the other generators” [5]. 

 

4.4 MIMO System 

In wireless communication, MIMO system means a communication architecture having multiple 

antennas at both end of the channel i.e. the transmitting side and the receiving side. These 

‘multiple antennas’ can be a spatial combination of different individual antennas or it may be an 

assembly of various radiating elements in an array. Depending on the number of transmit and 

receive antennas, this system can mainly be classified in following four categories. 

 

4.4.1 SISO: Single Input Single Output 

In an ideal communication link, one antenna (single input) transmits the information, or symbol, 

and another one (single output) receives the information and takes the decision about which was 

the symbol sent. SISO mode is the more conventional mode of communication. This mode is 

shown in Figure 4.7. This situation is reliable when the channel is only contaminated by noise. 

The channel coefficient is in general a complex number, defined by a module and a phase. 
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4.4.2 SIMO: Single Input Multiple Output 

In this situation, the transmit antenna sends the information to multiple receive antennas, which 

jointly take a decision about which was the symbol that was sent, combining previously the 

received signals. The scheme can be seen in Figure 4.7.  

There is space diversity in this scheme, due to the fact that the signal reaches the antennas 

through different paths, and therefore, some of them may have better quality than others, and that 

can make the receiver a more confident decision concerning the symbols sent. 

Diversity could be defined as the situation in which the receiver improves its decision by taking 

into account more (redundant) copies of the same information. The diversity is achieved in 

reception.  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4.7: SISO, MISO, SIMO and MIMO modes 
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4.4.3 MISO: Multiple Input Single Output 

In this scheme, the diversity is achieved in transmission, where several transmit antennas send 

the same information to only one receive antenna as shown in Figure 4.7. The receiver combines 

the received signal in order to take a decision about the sent symbol. This scheme is broadly used 

in many applications today, as for instance, mobile telephones, due to the fact that it is economic 

to deploy more than one antenna in the base station, but not in the mobile phone. 

 

4.4.4 MIMO: Multiple Input Multiple Output 

In this scheme, the diversity is achieved both in transmission and reception. It exceeds the 

performance of all of the above schemes. Many MIMO configurations are possible. In general, 

an 푁  by 푁  configuration means that 푁  number of antennas will be used to transmit the radio 

signal and 푁  number of antennas will be used to receive it. This scheme is able to transform 

multipath propagation into an advantage. MIMO scheme can be seen in Figure 4.7.  

All of the above schemes, except the SISO, have the advantage that they are able to improve the 

performance of the system, in bit error rate (BER) and/or data rate (channel capacity), without 

the increase in bandwidth used or without the increase in sending power; two of the most 

important restrictions for wireless applications. 

 

4.5 Mutual Coupling and Channel Capacity in MIMO System 

We know that in an array, the elements have spatial correletion and therefore they have mutual 

coupling among each other. In the same manner, MIMO system has some coupling within its 

system. Such coupling can be measured through scattering parameters of MIMO system. 

Numerous work in MIMO systems have been presented to indicate the mutual coupling problem 
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for peer to peer communication [122]-[127]. A successful attempt has been made to account for 

this problem [128]. 

Consider a MIMO system of 푀 transmit and 푁 receive antennas. On both sides of this MIMO 

system, there is an array of antenna. Both of these arrays have mutual coupling effect within it. 

As discussed in Section 2.3.8, the matrix of scattering parameters for transmitter and receiver can 

be written as: 

푺 =
푆 푆
푆 푆 																																																																						(4.17) 

푺 =
푆 푆
푆 푆 																																																																					(4.18) 

Now assume that a covariance matrix for a Rayleigh fading channel is 푯. In order to account for 

the mutual coupling a path based channel model [129] is briefly shown in Figure 4.8.  

 

 

 

 

 

 

 

 

Fig. 4.8: Network model for MIMO communication system [128] 
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It shows the scattering parameters of MIMO channel. 풂  and 풃  are the incoming and outgoing 

propagation wave vectors. 푺 	is the matrix which describes the exciation of the transmit array. 

It comprises of S-parameters for mutual and self coupling [130]. 푺  is the similar matrix for 

receiving side. 푺  and 푺  are the reverse and forward coupling matrices respectively. All the 

S-matrices can be expressed in terms of their respective impedance matrices [131], such as: 

풁 = (퐈 + 푺 )(퐈 − 푺 ) 푍 																																																									(4.19) 

where 푍  is the reference impedance, its typical value can be taken as 50	Ω. Using boundary 

conditions for far field the above equation (4.19) turns out as [123]  

풃 = 퐈 +
풁
푍

풁
푍

(퐈 − 푺 )풂 																																																			(4.20) 

where 풁  is the trans-impedance matrix calculated from the ratio of voltage at receive antenna 

to current at transmit antenna.  

Now suppose that 퐲 represents 푁 ⨯ 1 vector for output MIMO channel and 퐱 denotes 푀 ⨯ 1 

vector of input MIMO channel, then  

퐲 = 퐇퐱 + 퐯																																																																										(4.21) 

Where 퐯 is zero mean additive Gaussian noise vector. The channel matrix 퐇 is given by 

퐇 = 퐈 +
풁
푍

풁
푍

(퐈 − 푺 )																																																										(4.22) 

For no mutual coupling (ideal case), 푺 = 푺 = 0. The above channel matrix converts to 

conventional channel matrix as 

퐇 = 2 퐈 +
풁
푍 퐇(퐈 − 푺 )																																																											(4.23) 

And the ergodic channel capacity is calculated from [132] as 

퐶 = 퐸 log det 퐈 +
퐇 퐐퐇
휎 																																																											(4.24) 
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Where 퐐 is the covariance matrix of tranmitted symbols and 퐸 [∙] expected value taken over 

matix 퐇. 

Equation (4.24) is very important equation for estimating MIMO system channel capacity in 

presence of Rayleigh fading environment. It can be further proved that this capacity is directly 

proportional to channel SNR and the number of tranmitting and/or receiving antennas in MIMO 

system. 

It is therefore obvious that channel capacity of MIMO system is much bigger than channel 

capacity of SIMO/MISO systems. Figure 4.9 shows the comparison of channel capacities in 

MIMO and SIMO/MISO systems. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.9: Comparison of channel capacities of SIMO/MISO/MIMO systems 
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Chapter 5  Optimization Techniques 

5.1 Introduction 

Antennas were used to designed and developed on the basis of skills and experience of 

communication engineers (designers). However, this was not only time consuming job but at the 

same time the design process is costly and less precise. Designing of other systems which need 

to have ‘optimum’ solution(s), face the same problems; if designed through conventional 

approaches. 

In order to address such problems, it is required to have some sort of scientific solution finding 

‘techniques’ which are fast, less costly (in terms of computational overheads) and precise. These 

scientific computational ‘techniques’ are commonly known as optimization techniques. The 

optimization techniques are not antenna specific, rather these can be applied to any design 

problem which needs to have optimum solution by adjusting one or more of its parameters. 

Optimization can simply be defined as the computational process of evaluating maximum (or 

minimum) value of some mathematical function at some ‘appropriate’ values of single or multi 

variables (parameters). Single variable optimization can easily be solved by straight forward 

computational steps, however; multi variable optimization processes are much more complicated 

and require long process time. In such situations, modern optimization techniques are employed 

instead of classical techniques [133].  

The target of antenna optimization is to design advanced and competitive devices in terms of 

cost effectiveness, performance and serviceability. In most of the antenna optimization problems, 

we normally require various goals (constraints) to be satisfied simultaneously in order to achieve 

an optimal solution.  
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The radiation intensity, directivity, frequency, polarization and scattering parameters can be 

taken as objectives or constraints for antenna optimization problems.  

In practice, these objectives are often conflicting in nature causing to have multiple solutions for 

the same problem. These multiple solutions are not ‘ideal’ rather they are the ‘best’ possible 

tradeoffs amongst various conflicting objectives. It is the reason; antenna optimization is 

sometimes referred to as multidisciplinary engineering problem [4]. 

Moreover, many antenna optimization methods are robust but they have slow convergence rate. 

On the other hand, numerous approaches are very fast but they reach to the local optimum 

values, instead of global solutions. The selection of a suitable algorithm for any particular 

problem is therefore very significant [133]. 

Following sections briefly describe a few of classical and modern optimization techniques for 

ready reference.  

 

5.2 Classical Optimization Techniques 

There are many classical optimization approaches exist. Some of them are simple but useful for 

optimizing two to three objectives at a time, whereas some other techniques are good for solving 

number of objective simultaneously, however these are much more time consuming [134]. Few 

of the classical techniques are presented below: 

 

5.2.1 Monte Carlo Simulations 

It is a simplest computational algorithm based on large number of random sampling in order to 

obtain an optimum solution. It runs simulation for large number of iterations. The modified 

version of Monte Carlo Simulation was presented by Stanislaw Ulam in late 1940’s [135]. The 
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approach is suitable for optimization, sample generation for probability distribution and 

numerical integration. However, it is not effective for large and complex optimization problems 

[135]. The steps of solving a problem using this approach method may vary, however few typical 

steps are as follows: 

1. Defining the domain of all possible inputs 

2. Using probability distribution, generate random samples within the domain 

3. Perform computation on all the sampled inputs 

4. Aggregate the results 

 

5.2.2 Simulated Annealing 

The technique is the extension of Monte Carlo optimization and is presented by Kirkpatrick et al 

[135] in 1983. Initially the approach was developed to be applied on thermodynamics problems. 

And it is employed to develop the strongest possible solid of crystalline structure by gradually 

slowing down its temperature. However, later on the technique was applied in antenna 

performance optimization. Simulated Annealing is very simple optimization approach; however 

it normally reaches at local extremes (minima or maxima) instead of global extremes.  

 

5.2.3 Iterative Least Squares 

The iterative least square approach is presented by Gauss in 1795 [136]. It is the simplest tool 

employed in fitting models for minimizing the error. The technique is suitable for certain 

optimization problems having the following form of objective functions 

arg min 푊 (훽)|푦 − 푓 (훽)| 																																																								(5.1) 
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Each step iteratively solves weighted least square of the following form: 

훽( ) = arg min 푊 (훽( ))|푦 − 푓 (훽)| 																																											(5.2) 

The approach is suitable to evaluate the maximum likelihood for a generalized linear model. The 

application of this technique is in the areas of statistics, control and signal processing. The 

method essentially evaluates the least square by performing fit to a given function. Then 

iteratively it improves the fit by minimizing the error.  

The method has been used by Vaskelainen [137] for optimizing radiation pattern of antenna 

array. However, it has slow convergence and it requires ‘destination function’ to proceed.  

 

5.2.4 Projection Methods 

In addition to many other applications, these methods and approaches are also used to find 

minima (or maxima) fit for the required far field antenna power patterns [138]-[140]. After initial 

distribution, these techniques find the worst error (deviation) between the required and achieved 

far field patterns. Then they implement the least aperture adjustment in order to achieve the 

required level of far field pattern of antenna radiation. It repeats again and again until the 

convergence achieved.  

Guy et al [141] applied projection method for pattern synthesis of antenna array. He got some 

good results but he observed that the algorithm is prone to convergence on local optimum values 

and therefore it requires several iterations to achieve a good solution. 
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5.3 Modern Optimization Techniques 

Most of the above classical approaches are suitable for single objective optimization problems. 

Though these can be employed for multi objective problems, however the performance of the 

algorithms are very poor when applied on multi objective scenarios. These classical techniques 

are becoming less popular as more modern optimization techniques are appearing. These modern 

techniques are less time consuming, cost effective and precise as compared to classical 

approaches. 

We will now discuss some of the modern techniques which fall under the area of computational 

intelligence. Computational intelligence covers many different computing approaches and 

methodologies [134]. The main areas under the umbrella of computational intelligence are fuzzy 

logic, artificial neural networks and evolutionary algorithms as shown in Figure 5.1.  

 

 

 

 

 

 

 

Fig. 5.1: Broader classification of computational intelligence techniques 
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5.3.1 Fuzzy Logic 

In 1965, Lotfi A. Zadeh introduced the fuzzy logic [142], [143]. Basically fuzzy logic is not an 

optimization technique, rather it is a mapping (classification) method. However, it has been 

frequently employed in the area of antenna radiation pattern optimization [133] when the 

excitation set of the antenna is more certain [144]. 

It is a method of processing (and ‘purifying’) the noisy or uncertain data into hard control signal 

for decision making [144]. 

 

5.3.2 Artificial Neural Network 

In the field of computing, artificial neural networks (ANN) are the models which inspired by 

human nervous system. Like the fuzzy logic, these too are not the optimization tool rather these 

are the classifiers. ANNs are most commonly employed in pattern recognition and machine 

learning; however it has a limited application in antenna array pattern optimization [133].  

ANN is composed of a number of processing elements known as neurons. Neurons are 

interconnected and worked together to solve a specific task. It works in much same way as 

human brain and it learns through examples (training data set). A detail discussion on ANN will 

be presented in the next chapter. 

ANN is very popular model for identifying the trends and pattern in given data set [145] and 

limited examples of its application on antenna optimization are also available in the literature.  

Aboul Dahab et al [146] and Reza [147] used ANN in antenna array optimization to achieve 

required radiation pattern with reduction in side lobes using least number of radiating elements.  
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5.3.3 Evolutionary Algorithms 

Another major subset in the area of computational engineering is evolutionary algorithms (EA). 

EA covers a variety of heuristic computational algorithms such as genetic algorithms (GA), 

differential evolution (DE), particle swarm optimization (PSO) and ant colony optimization 

(ACO) etc. 

The common concept in all of these heuristic approaches is ‘evolution’ in the data set through 

selection, reproduction and mutation. The most commonly used EA variants are given in Figure 

5.2. Following sections introduce all the EA variants in brief. 

 

 

 

 

 

 

 

 

 

 

Fig. 5.2: Major EA variants [133] 
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A. Evolutionary Programming 

Though the idea of simulating evolution through computer in preliminary form was established 

in 1950s [148], however the model for evolutionary programming (EP) was initially presented by 

Lawrence J. Fogel in 1960s [149]. 

EP is very similar to genetic algorithm except the emphasis on the behavioral link between 

parents and its offspring. Unlike genetic approach, EP seeks to emulate specific genetic operators 

which are found in the nature. 

After generating all the offspring, EP merges current population of offspring with the newly 

generated population. A unique selection procedure is then adopted for the next iteration. EP 

however, does not employ ‘cross over’ procedure as genetic operator. It simply applies mutation 

according to the statistical distribution. Moreover, the degree of mutation is reduced as the global 

optimum is achieved.  

 

B. Differential Evolution 

Differential evolution (DE) is an optimizing algorithm that iteratively tries to improve the 

outcome of a problem with given degree of accuracy. It is based on producing trial parameter 

vectors. It picks two randomly selected solutions from the current population and evaluates the 

weighted difference between them. On the basis of this weighted difference, the algorithm then 

generates new randomly varied trial solution [150]. Like other meta heuristic algorithms, DE can 

search through a large population space, however it does not guarantee an optimum solution for 

all type of problems. However, it is equally applicable to those optimization problems which are 

non continuous and/or noisy in nature. 
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C. Genetic Programming 

Genetic programming (GP) is an optimization algorithm which is based on biological evolution. 

GP is basically comprised of a set of instructions with a fitness function. This fitness function is 

employed to measure the performance of computer executing a task. GP is a specialized genetic 

algorithm (GA) applies to the environment where each individual is nothing but a distinct 

computer program. Usually this technique does not require mutation operation [151]. 

 

D. Evolutionary Strategies 

Evolutionary strategies were initially developed by Rechenberg [152] in 1960s and further 

modified and presented by Schwefel [153], [154]. Similar to genetic algorithm (GA), 

evolutionary strategies (ES) are also based on natural evolution, however unlike GA, 

evolutionary strategies can be employed to the problems of continuous (non discrete) parameter 

optimization. 

Each variable of ES has its own adaptive mutation rate which is normally distributed and having 

zero expectancy. For the reason, when optimizing 푁 variables through evolutionary strategies, 푁 

further mutation variables are required. Because of this mutation scheme, ES algorithm evolves 

its own self adaptation strategy for mutation. ES is therefore termed to have a ‘self adaptation’ 

mechanism [155].  

 

E. Genetic Algorithm 

Genetic Algorithm (GA) is one of the algorithms on which this dissertation work is based. It is 

therefore necessary to explain it with some detail. 

Genetic algorithm (GA) is one of the most popular types of heuristic algorithms. It is based on 

natural evolution process like crossover, inheritance and mutation etc. The strings of population 
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(chromosomes) start the evolutionary process. The chromosomes have the optimized solutions 

for a problem. In each new iteration, the chromosomes increasingly go toward more optimized 

results. The optimized solutions are represented in binary pattern, however any other pattern can 

also be used. In each generation, the fitness of all individual chromosomes is examined. The 

chromosomes having high fitness values are selected for next iteration. Before going to next 

iteration, these selected chromosomes are being mutated and crossed over in order to achieve 

highest fitness values. The termination of the algorithm depends on the predefined number of 

iterations or threshold fitness value. A typical flow of the algorithm is shown in Figure 5.3 

below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.3: Flow chart of genetic algorithm 
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The GA flow can be described as under: 

1- Initialization: To randomly generate the string of population, we first initialize the 

variables. The population of chromosomes is related with the number of variables under 

consideration. The optimized solution of the problem must lie in population generated. 

2- Cost/Fitness Evaluation: Calculation of fitness (or cost) value by employing fitness (or 

cost) function for each of the chromosomes in the population. 

3- Selection: Now select the best chromosomes on the basis of maximum fitness (or 

minimum cost) in the population. These chromosomes are known as ‘parents’. 

4- Crossover: Crossover the parents by using probabilistic approach; to get new ‘offspring’. 

5- Mutation: To generate new population, select the individuals randomly from ‘offspring’. 

6- Examine: Finish the program on the basis of the predefined number of iterations or 

threshold fitness value. In case of no possibility of finishing the program, the control goes 

to step (3) again with updated population. 

Above process tries to find optimum solution, yet the best possible solution is not guaranteed. 

This is the major disadvantage of selection process [156]. 

 

F. Population Based Incremental Learning 

Population Based Incremental Learning (PBIL) is a type of genetic approach with the aim of 

machine learning optimization. It was presented in 1994 by Shumeet Baluja [157]. Unlike 

genetic algorithm, PBIL evolves genotype of entire population rather than an individual member 

of it [158]. Since this algorithm has guided search mechanism, it receives its directional 

information from the best solution of previous results.  
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Normally, binary code strings are used to encode the variables for optimization. Another real 

value string is generated which is termed as ‘prototype vector’. The prototype vector has the 

same length as the original binary string. Initially, all the prototype vectors are set to 0.5.  

In order to avoid local optima, the probability vector mutates by small increments at each 

iteration (generation). The amount of increments in probability vector is determined by some 

‘learning rate’. Small value of learning rate gives a wider search but the convergence will be 

slower. 

 

G. Particle Swarm Optimization 

Another algorithm on which this dissertation work is based is particle swarm optimization 

(PSO). A detail description of this algorithm is given as follows: 

PSO is another important heuristic optimization approach which is developed and presented by 

Dr. Kennedy and Eberhart in the mid of 1990s [159]. The algorithm was the inspiration from the 

group of animals like birds’ flocks and cattle’s herds. Inherently, all the groups of animals have 

the capability of information sharing (about the shortest and risk-free path towards the food 

source) within the members of a group [160]. 

The research was based on the study of social interaction and intelligence of swarm of birds. It 

has been observed that the birds fly in search of food as an individual or in a group. It is but 

natural that during searching of food, at least one bird who first finds the source of food. In other 

words, we may say that among the group of birds, at least one bird has the best information of 

the food or the location of the food. This bird shares his information to his fellow birds within 

the swarm and ultimately entire swarm will reach at the food source [161]. 

The PSO is very similar to swarm intelligence and it is very powerful algorithm to optimize 

complex problems with higher accuracy. In this algorithm, the swarm of solution is compared 
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with the swarm of birds. Also, the comparison is done between the development of solution 

swarm and the birds’ movement from one point to another point. Finding the location of the food 

by birds’ swarm is equivalent to optimized solution in PSO algorithm.  

PSO first generates random population termed as ‘particles’. The algorithm then propagates 

through these particles. Each particle of the swarm moves with some random velocity towards 

the targeted location (solution) within the designated problem space. Iteratively, all the particles 

(of entire swarm) will reach the target which is the best among all possible solutions [162].  

A standard PSO has following major three steps [163]: 

1- Initialization: In the first step, some random velocity 풗  and random position (location) 

풙  are assigned to all the particles of swarm. Where 푘 is the time instant and 푖 is the 

particle number. The particle is now allowed to change its position from one iteration to 

next iteration based on its new velocity value. Through this step, particles are randomly 

distributed in the entire designated problem space. Equations (5.3) and (5.4) show the 

initial random position and initial random velocity of 푖  particle with the lower and 

upper bounds of 풙  and 풙  respectively. 

 

풙 = 풙 + 푟푎푛푑(풙 − 풙 )																																																							(5.3) 

풗 =
푝표푠푖푡푖표푛
푡푖푚푒 =

풙 + 푟푎푛푑(풙 − 풙 )
Δ푡 																																													(5.4) 
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2- Velocity update: On the basis of the fitness value of particle’s current position, the update 

velocity 풗  is calculated for the 푖  particle at 푘 + 1 time instant. 

The value of the fitness function selects particle 푝  which has the best global position 

value among the current population. It also shows the best location of each particle	푝 . 

Equation (5.5) shows the update velocity time instant	푘 + 1. 

 

풗 = 푤풗 + 푐 푟푎푛푑
(풑 − 풙 )

Δ푡 + 푐 푟푎푛푑
(풑 − 풙 )

Δ푡 																															(5.5) 

Three terms are added together on the right side of equation (5.5). These are the current 

particle movement, the memory influence of particle, and the influence of the swarm. The 

constants w, c and	c  are the factor of inertia, self confidence of particle and confidence 

of swarm respectively. 

 

3- Position update: The final step is the calculation of particle’s update position at time 

instant	푘 + 1. Equation (5.6) shows update position of a particle. 

 

풙 = 풙 + 풗 Δ푡																																																																			(5.6) 

The typical flowchart of PSO is shown in Figure 5.4 below, whereas Figure 5.5 illustrates the 

update of position and velocity of a particle using PSO algorithm.  
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Fig. 5.4: Flow chart of PSO algorithm 

 

 

 

 

 

 

 

 

 

Fig. 5.5: Representation of position and velocity updates in PSO algorithm 
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H. Ant Colony Optimization 

The ant colony optimization (ACO) is a probabilistic algorithm used to solve computational 

problems in the area of operation research and computer science. It helps in finding good 

solution (path) through graphs. 

This novel optimization approach was first developed by Dorigo et al in 1991 [164]. The 

algorithm is a member of meta heuristic optimization approaches and is very similar to swarm 

intelligence. 

The ACO algorithm searches an optimal path based on ants’ behavior who seek the optimum 

path between two points i.e. their colony and the point where the food exists. 

Since it is a population based mythology therefore it can be viewed as similar to the GA. 

However, genetic algorithm has the population of the possible solutions whereas ACO has ants’ 

population. 

In the actual ants’ colony, each ant finds a specific solution (path) towards food and 

communicates with other ants with the hope that they will come up with better results (shortest 

possible path).  

When an ant moves, he leaves a track of pheromone. The pheromone is identified and noticed by 

other ants and in its response, they follow the same track. If an ant takes longer path towards 

food source, his pheromone track would be weaker than if he was to take a shorter path towards 

food source, because pheromone evaporates with the passage of time. Because of the strong 

pheromone signal in the shorter route, majority of the ants follow this path to reach at the source 

of food. A pictorial arrangement of various optimization algorithms along with their categories is 

shown in Figure 5.6. 
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Fig. 5.6: Summary of major optimization algorithms [165] 
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Chapter 6 Antenna Modeling through ANN 
 

6.1 Introduction 

Due to their very attractive features, microstrip patch antennas are widely used in various 

wireless applications as single radiating element and as antenna array. The requirement of 

current wireless communication era is to design patch antennas which are cost effective and of 

compact size but at the same time they must capable of high radiating efficiency with wide 

spectrum [1], [2]. 

This chapter describes the use of artificial neural network (ANN) in modeling, designing and 

calculating the physical and electrical parameters of a patch antenna in the light of existing work 

found in the literature. The chapter also includes various algorithm of ANN with their structure 

and the types of antenna modeling.  

 

6.2 Existing Antenna Modeling/Designing through ANN 

Much of the literature exists on modeling, designing and optimizing the performance of patch 

antenna through ANN. However, no significant work has been carried out for antenna arrays 

using this approach. 

R. Malmathanraj [22] designed a microstrip patch antenna for high bandwidth and optimum 

directivity using ANN. His results were promising; however the ANN model he presented was 

not suitable for calculating the return loss of the antenna. M. N. Moghaddasi et al. [23] 

developed an ANN model for synthesis and analysis of rectangular patch antenna resonant 

frequency. They used multilayer perceptron (MLP) using back-propagation algorithm. The 

model was applied only to predict the resonant frequency. A good work was presented by N. 
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Türker [24], he suggested a general procedure for patch antenna designing using ANN. He 

developed two models, one for physical designing via electrical parameters and the other for its 

validation. However, he too ignored the calculation of antenna losses. L. Merad [25] however 

worked on antenna arrays and described the application of back-propagation ANN for optimizing 

and synthesizing antenna arrays. His work was based on antenna array; however with his model 

he only optimized the side lobe level. V. V. Thakare [26] made a good attempt of predicting the 

dimensions of patch antenna using ANN model. He compared the ANN results with IE3D 

Electromagnetic Simulator. The results were promising; however this attempt was made on 

single element instead of complete array. T. Bose [27] made almost same attempt as discussed in 

[26], however the antenna used was aperture coupled patch.  

These are some of the important works in the existing literature. In all of the above models: 

 Lots of works have been presented for antenna modeling; however no significant work 

has been carried out for the array of the patch antenna through ANN. 

 Though few electrical parameters have been calculated via this approach, however no 

serious emphasis was found for the return loss of the antenna under discussion. 

 

6.3 Artificial Neural Network 

The architecture of artificial neural network (ANN) is inspired by real biological neurons. The 

ANN are the data processing models comprised of ‘nodes’ known as neurons and the 

‘connections’ between the nodes, termed as weights [166]. Weights are important in determining 

the final output of a neuron. The higher the weight of a link, the stronger effect of the input of 

that link will be applied to the neuron. One more important thing is the activation function. It is 

used to scale the output. The artificial neuron acts as a stimulator and sends some weighted 
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signal to its neighboring neuron in order activate it. Consequently, all the neurons take their 

decisions on the basis of some activation function. A typical neuron with the inputs, weight and 

output is shown in Figure 6.1.  

 

 

 

 

 

 

 

 

 

Fig. 6.1: An artificial neuron with inputs, weights and output 

 

The neurons are connected with each other to form a complex network, termed as artificial 

neural network. Depending on the type of weights, its adjustment methods are different. For a 

complex network of hundreds of neurons, weight update algorithms are employed. The process 

of weight adjustment is known as training.  

There are number of ANN models exist. The very first neural model was developed by 

McCulloch and Pitts [167]. Since then a variety of neural models have been developed. These 

models differ with each other with respect to activation function, training algorithm, topology 

etc. Two important types of artificial neural networks are presented here. 
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6.3.1 Multilayer Perceptron Network 

The multilayer perceptron (MLP) networks are the feed forward networks which can be trained 

using back-propagation algorithm [168]. The network consists of an input layer, one or more 

intermediate layers known as hidden layers and an output layer. The neurons at the input layer 

depend on the number of input parameters whereas the number of output layer neurons depends 

on the number of desired outputs. A multilayer network is shown in Figure 6.2.  

 

 

 

 

 

 

 

 

 

 

 

Fig. 6.2: A typical multilayer network 

 

Through back-propagation algorithm, the neurons send their signals forward but the errors flow 

backward to adjust the weights accordingly. When the overall errors approach at its minimum 

value the training phase is completed. The back-propagation algorithm is the supervised 
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algorithm and therefore requires some desired response to be obtained. This model is very 

popular in RF and microwave designing [169]. 

 

6.3.2 Radial Basis Function Network 

A single hidden layer feed forward neural network that uses radial basis function (RBF) for 

hidden layer activation is known as RBF network. The hidden layer comprised of kernel 

function. This layer compares each of its neurons with the vector which is coded in its weights 

[170], [171]. A typical RBF network is shown in Figure 6.3. Unlike MLP, RBF normally 

network does not suffer from local extreme (minima or maxima). The main disadvantage of RBF 

network is that it requires a big coverage of input space, because RBF centers are determined 

within the distribution of input data.  

 

 

 

 

 

 

 

 

Fig. 6.3: A typical RBF network 

 

The concept of RBF networks originates from function approximation theory. The main features 

of RBF are: 
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 These are single layer feed forward networks. 

 The nodes on the hidden layer have a radial basis function like Gaussian function. 

 The output node has summation function. 

 The weight update is from input to hidden and then from hidden to output layer. 

 This network is good for interpolation and its training is very fast.  

The interpolation of N data points with multi-dimensional space requires D dimensional input 

vectors 퐱  as  

퐱 = 푥 	; 																	푖 = 1,2, … … ,퐷 																																																								(6.1) 

These inputs are mapped onto the corresponding targeted outputs 푡 . The goal is to calculate 

function 푓(퐱) such that 

푓(퐱 ) = 푡 																				∀		푝 = 1,2, … … ,푁																																														(6.2) 

The RBF approach introduces 푁 basis functions for each data points. The functions take the form 

∅(‖퐱 − 퐱 ‖) where ∅(∙) is some non linear function. The mapping output is taken as  

푓(퐱) = 푤 ∅(‖퐱 − 퐱 ‖) 																																																																		(6.3) 

Now it is very easy to determine equation for weights by combining equation (6.2) and (6.3). 

푓(퐱 ) = 푤 ∅(‖퐱 − 퐱 ‖) = 푡 																																																						(6.4) 

To represent in matrix form, let = {푡 }, 퐰 = 푤  and 횽 = 훷 = ∅(‖퐱 − 퐱 ‖) . Then 

equation (6.4) becomes 

횽 퐰 = 퐭																																																																													(6.5) 
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6.3.3 Back Propagation Algorithm 

As discussed, MLP uses back-propagation algorithm in it. It is useful to briefly describe its basic 

steps of weight update. 

 The input signals, 푥 , 푥 ,푥 , … … … 푥  propagate through input neurons towards hidden 

and output layers in forward direction. 

 The error signals 푒 , 푒 , 푒 , … … … 푒  propagate from output towards input (back-

propagation). 

 The weight on the connection between 푖  neuron of input layer to the 푗  neuron of the 

hidden layer is denoted by 푤 . 

 Similarly the weight on the connection between 푗 neuron in the hidden layer to the 푘  

neuron in the output layer is denoted by 푤 . 

 The error signal at the 푘  neuron of output layer at iteration 푝 is defined by 

푒 (푝) = 푦 , (푝)− 푦 (푝)																																																													(6.6) 

where y (p) and y , (p) are the actual and desired output of neuron k at iteration	p. 

 The weight update rule at the output layer is 

푤 (푝 + 1) = 푤 (푝) + ∆푤 (푝)																																																							(6.7) 

where ∆푤 (푝) is the weight correction. 

 Weight correction in the multilayer is calculated as: 

∆푤 (푝) = 훼푦 (푝)훿 (푝)																																																																(6.8) 

where 훼 is the learning rate and 훿 (푝) is known as error gradient at 푘  neuron of output 

layer at iteration 푝. 
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 The error gradient can be estimated as the product of the rate of change of activation 

function and the error at the neuron output. Therefore the error gradient for 푘  neuron at 

iteration 푝 is given as  

훿 (푝) =
휕푦 (푝)
휕푋 (푝) 푒

(푝)																																																																	(6.9) 

where 푋 (푝) is the weighted input to 푘  neuron for iteration 푝.  

 The error gradient for sigmoid function is represented as follows: 

훿 (푝) =
휕

[ ( )]

휕푋 (푝) 푒 (푝) =
exp[−푋 (푝)]

{1 + exp[−푋 (푝)]} 푒 (푝)																						(6.10) 

Since 

푦 (푝) =
1

1 + 푒푥푝[−푋 (푝)] 																																																										(6.11) 

Therefore 

훿 (푝) = 푦 (푝)[1− 푦 (푝)]푒 (푝)																																																			(6.12) 

 The weight correction at hidden layer will be  

∆푤 (푝) = 훼푥 (푝)훿 (푝)																																																														(6.13) 

where 훿 (푝) is the error gradient of hidden layer at jth neuron. If 푛 and 푙 are the number of 

neurons in input and output layer respectively, then the value of error gradient is  

훿 (푝) = 푦 (푝) 1− 푦 (푝) 훿 (푝)푤 (푝)																																													(6.14) 

푦 (푝) =
1

1 + exp −푋 (푝)
																																																																	(6.15) 

푋 (푝) = 푥 (푝)푤 (푝)− 휃 																																																														(6.16) 
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6.3.4 Back Propagation Algorithm for Complex Data 

As discussed in previous section, the back-propagation algorithm for MLP uses the input change 

technique. Since the data in this case is complex, it is therefore required to derive a weight 

update equation for complex data. The basic steps for this approach are: 

 The input signals 푦 ,푦 , 푦 , … … …푦  propagate through input neurons towards hidden 

and output layers in forward direction. 

 The error signals 푒 , 푒 , 푒 , … … … 푒  propagate from output towards input generating the 

back-propagation concept. 

 The weight on the connection between 푘  neuron of input layer to the 푖  neuron of the 

hidden layer is denoted by 푤 . 

 Similarly the connection weight between 푖  neuron in the hidden layer to the 푗  neuron 

in the output layer is denoted by 푤 . 

 The error signal at the 푗  neuron of output layer at iteration 푛 is defined by 

푒 (푛) = 푑 (푛)− 푦 (푛)																																																																				(6.17) 

where 푑 (푛) and 푦 (푛) are the desired output and actual output of neuron 푗 at iteration 푛. 

 The weight update rule at the output layer is given as: 

푤 (푛 + 1) = 푤 (푛)− 훼훻 ( )휉 (푛)																																													(6.18) 

where 훻 ( )휉 (푛) is the sensitivity factor, 휉 (푛) is the average square error energy 

and α is the learning rate. 
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 The average square error energy in the multilayer is calculated as: 

휉 (푛) =
1
푁 푒 (푛) 																																																														(6.19) 

where 푁  is the total number of neurons in output layer. Now for 푗  neuron at any 

instant is given by 

휉(푛) =
1
2 푒 (푛) =

1
2 푒 (푛)푒∗(푛) 																																																	(6.20) 

The input to the activation function is taken as 푣 (푛) and calculated as: 

푣 (푛) = 푤 (푛)푦 (푛) 																																																													(6.21) 

Now after passing through activation function, 

푦 (푛) = 휙 푣 (푛) = 휙 푤 (푛)푦 (푛) 																																									(6.22) 

So sensitivity factor is derived as: 

휕휉(푛)
휕푤 (푛) =

휕푒 (푛)
휕푤 (푛) 푒

∗(푛) +
휕푒∗(푛)
휕푤 (푛) 푒

(푛)																																								(6.23) 

Note that 푤 (푛) = 푎 (푛) + 푗푏 (푛), therefore, 

 

휕휉(푛)
휕푤 (푛) =

휕푒 (푛)
휕푎 (푛)푒

∗(푛) +
휕푒∗(푛)
휕푎 (푛) 푒

(푛) +
휕푒 (푛)
휕푗푏 (푛) 푒

∗(푛) +
휕푒∗(푛)
휕푗푏 (푛) 푒

(푛)													(6.24) 

Using chain rule, evaluating first right side term of equation (6.24) we get 

 

휕푒 (푛)
휕푎 (푛)푒

∗(푛) =
휕휉 (푛)
휕푒 (푛) ⨯

휕푒 (푛)
휕푦 (푛)⨯

휕푦 (푛)
휕푣 (푛) ⨯

휕푣 (푛)
휕푎 (푛) 																																							(6.25) 
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휕푒 (푛)
휕푎 (푛)푒

∗(푛) = 푒∗(푛)⨯ (−1)⨯ 휙 푣 (푛) ⨯ 푦 (푛) 																																	(6.26) 

휕푒 (푛)
휕푎 (푛) 푒

∗(푛) = −푗푒∗(푛)	휙 푣 (푛) 	 푦 (푛) 																																												(6.27) 

Similarly 2nd, 3rd and 4th terms of equation (6.24) can be evaluated in the same manner, 

i.e., 

휕푒∗(푛)
휕푎 (푛) 푒

(푛) = −푒 (푛)	휙∗ 	 푣∗(푛) 	 푦∗(푛) 																																											(6.28) 

And 

휕푒 (푛)
휕푗푏 (푛) 푒

∗(푛) = −푒∗(푛)	휙 푣 (푛) 	 푦 (푛) 																																								(6.29) 

And 

휕푒∗(푛)
휕푗푏 (푛) 푒

(푛) = 푒 (푛)	휙∗ 	 푣∗(푛) 	 푦∗(푛) 																																									(6.30) 

Putting all the values from equations (6.27) to (6.30) in equation (6.24), we have 

 

휕휉(푛)
휕푤 (푛) = −2푒∗(푛)	휙 푣 (푛) 	 푦 (푛)																																																	(6.31) 

Thus the weight update equation (6.18) comes out to be 

푤 (푛 + 1) = 푤 (푛) + 훼푒∗(푛)	휙 푣 (푛) 	 푦 (푛) 																																			(6.32) 
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 The weight update equation for the hidden layer can be derived by changing the input to 

the activation function. This can be represented as: 

푣 (푛) = 푤 (푛)푦 (푛) 																																																												(6.33) 

 

After passing through the activation function, 

 

푦 (푛) = 휙 {푣 (푛)} = 휙 푤 (푛)푦 (푛) 																																						(6.34) 

The sensitivity factor for the hidden layer is calculated as: 

 

휕휉(푛)
휕푤 (푛) = −2푒∗(푛)	휙 푣 (푛) 	 푤 	휙 {푣 (푛)} 	 푦 (푛) 																					(6.35) 

The weight update equation turns out to be: 

 

푤 (푛 + 1) = 푤 (푛) + 훼푒∗(푛)	휙 푣 (푛) 	 푤 	휙 {푣 (푛)} 	 푦 (푛) 														(6.36) 
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6.4 The Work Undertaken by this Dissertation 

The antenna under consideration by this dissertation is a patch antenna. The justification of 

choosing this antenna is its portability and compact size. Today’s communication equipment and 

devices require to be as compact as possible. The detail advantages of using patch antenna are 

given in Table 3.1. For modeling and designing, we employed multilayer perceptron with back-

propagation algorithm. Unlike RBF, the MLP is the simplest and require less input space [172], 

[173]. Moreover, depending on the input parameters and data set of antenna design; MLP 

performs better as compared to RBF. 

 

6.4.1 Single Objective Design 

We have employed ANN as ‘single objective design model’ for optimizing several of its 

electrical parameters which can laboriously be calculated otherwise.  

 

A- Directivity 

Directivity of an antenna is an effective parameter of measuring its radiation intensity in a 

specific direction as discussed in Section 2.3.7. It is the relative comparasion of antenna radiation 

intensity with isotropic radiation intensity. The directivity 퐷 can be evaluated as  

퐷 =
푈
푈 =

4휋푈
푃 																																																																					(6.37) 

The maximum directivity is calculated as  

퐷 = 퐷 =
푈
푈 =

4휋푈
푃 																																																								(6.38) 
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where 푈,푈 , and 푃  are the radiation intensity of antenna, radiation intensity of isotropic 

element and radiated power by the antenna respectively. 

Patch antenna directivity depends on the substrate height ℎ, dielectric constant of the substrate 휖  

and the targeted resonance frequency 푓 .	However, estimation of directivity through 

mathematical relations is a laborious work, we have trained an ANN model to estimate the 

directivity as shown in Figure 6.4.  

 

 

 

 

 

Fig. 6.4: Block diagram of ANN model for directivity estimation 

 

The estimation model was based on ultra wide band (UWB) applications. The model has been 

trained for a range of substrate height and UWB frequency range and some discrete values of 

dielectric constant. Table 6.1 shows all model’s input parameters. 

 
Table 6.1: Values/range of basic training parameters 

 
 

 

 

 

  

Parameters Values or range of parameters 

ϵr 1, 2.2, 3.3, 4.4, 5.7, 6.15 

h 0.08 mm to 4.83 mm 

fr 3.1 GHz to 10.6 GHz 
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Figure 6.5 shows the estimated values of directivity. Here the calculated directivity represents 

the calculated value through HFSS. Moreover, in order to train the ANN, sigmoid or other 

similar functions can be employed as activation function. These functions usually operate within 

the range of 0 to 1 or –1 to 1. It is therefore the requirement to scale the directivity within this 

range. Hence the directivity drawn in Figure 6.5 is normalized and forced to central value at zero 

and therefore showing some negative points. The results are very promising. It is evident from 

the decreasing cost function (error function) shown in Figure 6.6. 

A cost function (or error function or loss function) is defined as a function that maps values or 

event of one or more variables on a real number indicating some “cost” (or “error” or “loss”) 

associated with that event. In any of the optimization problems, we require to minimize the cost 

function. Sometimes, negative of a cost function is used; which is known as an objective function 

(or reward function or utility function). The objective function of an optimization problem must 

be maximized. 

 

 

 

 

 

 

 

 

 

Fig. 6.5: Testing results of neural network for directivity estimation 
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Fig. 6.6: Decreasing trend in cost function for directivity 

 

B- Input Return Loss  

Any antenna can be treated as a two port network between the transmitting (or receiving) device 

and the free space. Its S-parameters (as discussed in Section 2.3.8) can be calculated as: 

푏 = 푆 푎 + 푆 푎 																																																																	(6.39) 
And 

푏 = 푆 푎 + 푆 푎 																																																																	(6.40) 
 

푆  is the input voltage reflection coefficient. The input return loss can be estimated using the 

ligarithmic value of 푆 , therefore the input return loss of an antenna is  

Input	Return	Loss = 20	 log |푆 |						(dB)																																					(6.41) 

The calculation of input return loss is also a laborious work. We trained a neural network model 

to estimate its values. The block diagram is given in Figure 6.7. Again the results are very 

promising. 
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Fig. 6.7: Block diagram of ANN model for the estimation of input return loss 

 

The testing pattern of the neural model is shown in Figure 6.8. Here also the results are very 

promising which can be proved by the decreasing cost (error) function trend in Figure 6.9. 

 

 

 

 

 

 

 

 

 

 

Fig. 6.8: Testing results of neural network for input return loss (S11) estimation 
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Fig. 6.9: Decreasing trend in cost function 

Fig. 6.9: Decreasing trend in cost function for S11 

 

6.4.2 Multi Objective Design 

In addition to single objective design model, we have also employed ANN as ‘multi objective 

design model’ for optimizing several of its electrical and physical parameters. 

 

A- Input Return Loss and Directivity 

We have also trained neural network to estimate jointly the input return loss (푆 ) and directivity 

by giving the input parameters of substrate height ℎ, resonant frequency 푓  and the dielectric 

constant 휖 . The mathematical computation of these two parameters is also very laborious work. 

The neural model is given in Figure 6.10.  

In the literature, multi objective design of neural network for the laborious electrical parameters 

is not presented.  
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Fig. 6.10: ANN model for the estimation of IRL and directivity 

 

Following graphs (Figures 6.11 and 6.12) show the testing results of input return loss (푆 ) and 

directivity respectively. Though results are not very attractive (specially the return loss), however 

as compared to the laborious work of HFSS, one can easily predict these values and design the 

antenna according to the requirement.  

The error function can also be seen in Figure 6.13. Its decreasing trend shows the promising 

design of the multi objective parameters. 

 

B- Efficiency, Gain and Input Impedance  

The antenna has various types of efficiencies such as reflection efficiency, conduction efficiency, 

dielectric efficiency etc. The total efficiency accounts for all the major types of losses in an 

antenna. There are many factors which are responsible for the losses in the antenna; however 

following two are the main reasons for the losses occurred in the antenna structure: 

 reflection loss because of the mismatch between antenna and transmission line 

 heat loss due to conduction and dielectric 
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The input impedance of antenna is symbolized by 푍  and 푍  is the characteristic impedance of 

the transmission line. Then the voltage reflection coefficient Γ is expressed as  

Γ =
푍 − 푍
푍 + 푍 																																																																											(6.42) 

 

 

 

 

 

 

 

 

Fig. 6.11: Testing results of neural network for input return loss (S11) estimation 

 

 

 

 

 

 

 

 

 

Fig. 6.12: Testing results of neural network for directivity estimation 
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Fig. 6.13: Decreasing trend in joint cost function 

 

Now the reflection efficiency 휂  is represented as  

휂 = (1− |Γ| )																																																																							(6.43) 

The conduction efficiency 휂  and dielectric efficiency 휂  cannot be directly calculated through 

mathematical expressions instead they can be estimated through experiments. Even through the 

experiments, they cannot be easily separated. It is therefore more convenient to use their product 

instead of their individual values. Hence 휂 = 휂 휂 , where 휂  is known as antenna radiating 

efficiency, which is the measure of gain and directivity. The overall efficiency 휂  is therefore 

written as  

휂 = 휂 휂 휂 = 휂 휂 = 휂 (1− |Γ| )																																														(6.44) 

Gain of the antenna is a collective measure of its efficiency and directional capabilities. It is 

defined as the ratio of antenna radiation intensity in particular direction to the radiation intensity 

of isotropic radiator in that direction. Thus gain is expressed as  

퐺 =
4휋푈(휃,휙)

푃 	(isotropic	source)																																																													(6.45) 
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Since total radiated power is related with the input power by 푃 = 휂 푃 , the above equation 

(6.45) becomes 

퐺(휃,휙) = 휂
4휋푈(휃,휙)

푃 																																																														(6.46) 

By inspecting equation (6.37), the above equation can be written as 

퐺(휃,휙) = 휂 퐷(휃,휙)																																																																			(6.47) 

This is an important expression which describes the relation between gain and directivity. The 

antenna input impedance is the impedance of an antenna at its input terminal. It is the important 

measure in order to match the antenna with the transmission line.  

We have developed a neural model for multi objective design of efficiency, gain and input 

impedance. All of these parameters are very difficult to determine mathematically. The input 

parameters for this model are antenna height ℎ, dielectric constant 휖 and resonant frequency 푓 . 

The block diagram of this model is given in Figure 6.14. 

 

 

 

 

 

Fig. 6.14: ANN model for estimation of efficiency, gain and input impedance 

 

The estimated values of neural network model as compared to HFSS are given in following 

figures. Figures 6.15, 6.16, 6.17 show the graphical plots of efficiency, gain and input impedance 

respectively. Figure 6.18 shows the decreasing trend in the cost function of this multi objective 

model. The graphs have been plotted for multiple epochs. An epoch is defined as a single 
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permutational step during training of a neural network. Usually, the training process consists of 

more than an epochs. 

 

 

 

 

 

 

 

 

 

Fig. 6.15: Testing results of neural network for efficiency estimation 

 

 

 

 

 

 

 

 

 

Fig. 6.16: Testing results of neural network for gain estimation 
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Fig. 6.17: Testing results of neural network for input impedance estimation 

 

 

 

 

 

 

 

 

 

Fig. 6.18: Decreasing trend in multi objective cost function 
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6.4.3 Multi Objective Array Modeling 

Now we are going to model the response of a microstrip patch antenna array through neural 

network. Consider a planar array of 2푥2 microstrip patch antennas with all the geometrical 

dimensions is shown in Figure 6.19. 

 

 

 

 

 

 

 

 

Fig. 6.19: A 2x2 microstrip patch antenna array 

where  

Ws = Substrate width 

Ls = Substrate Length 

Wp = Patch width 

Lp = Patch Length 

Wf = Feed line width 

Lf = Feed line Length 

s = Width wise spacing between patches 

d = Length wise spacing between patches 

 

The overall electrical parameters of this patch antenna array can be calculated by employing 

specialized software ‘Ansoft HFSS’.  
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Figure 6.20 shows the computational block and HFSS block to calculate the above dimensions of 

the patch array with the estimated input return loss (S11) at a range of frequencies. The inputs 

given to the computational block are the size of the array	푀, the resonance frequency	푓 , the 

substrate dielectric constant	휀  and the frequency interval 푝. 

Calculations from the above model are very laborious and sometimes it takes few hours to 

estimate all the parameters.  

We have developed a neural model for this array on the basis back propagation algorithm for 

complex data as derived in Section 6.3.4.  

The training structure of this model is shown in Figure 6.21. The testing outcome for input return 

loss is given in Figure 6.22 at the targeted frequency of 10 GHz (the higher end frequency of 

UWB band).  

 

 

 

 

 

 

 

 

 

Fig. 6.20: Simulation for antenna dimension 
A computational module and HFSS for calculating physical dimensions of patch planar array and input return loss 

(S11) at range of frequencies 
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Fig. 6.21: Neural network training block with HFSS 

Neural network training block diagram for calculating electrical parameters of microstrip patch antenna array 
 

 

 

 

 

 

 

 

 

 

Fig. 6.22: Testing results of array model for the estimation of input return loss (S11) 
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6.4.4 MIMO Channel Capacity Modeling 

Now we are placing two multi element arrays on both sides of a Rayleigh channel i.e. on 

transmit and receive side. Both the arrays are made up of microstrip patch antennas as shown in 

Figure 6.19. The radiating elements of these arrays act as an individual antenna; hence there are 

‘multi’ antennas on input and output side of the channel. These multi antennas on both sides 

including the channel make a MIMO system. A typical MIMO system is shown in Figure 6.23. 

The input and output arrays are first modeled through ANN in a similar manner as shown in 

Figure 6.21. 

By giving the array size 푀, resonance frequency 푓  and dielectric constant 휖 , we calculate the 

values of mutual coupling at input array (푆 ) and mutual coupling at output array (푆 ). The 

coupling parameters for MIMO system are given in Section 4.5. The value of channel SNR 

depends on these coupling parameters. Hence, by changing the input electrical parameters of 

arrays, we can change the coupling parameters, these in turn change the value of channel SNR. 

At any given SNR, we can have a specific channel capacity for a range of frequency. The 

channel capacity for a MIMO system has been discussed in detail in Section 4.5. 

 

 

 

 

 

 

Fig. 6.23: A typical MIMO system of patch antenna array 
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Figure 6.24 shows channel capacity for a range of frequency at different SNR values. This 

capacity has been estimated through artificial neural network. The maximum value of capacity is 

observed at 7 GHz (as it was in Figure 6.22). 

The results obtained from neural network (as shown in Figure 6.24) are compared with the 

computing software Ansoft HFSS. It has been observed that these results are very compatible 

with the actual results of computing software.  

In order to prove the accuracy and effectiveness of neural model, we have shown a comparative 

graph of channel capacity obtained from HFSS and ANN at the SNR value of 10 dB. The graph 

is shown in Figure 6.25. One more graph in Figure 6.26 shows the comparative channel capacity 

for a range of SNR at the frequency of 7 GHz. Both of these graphs prove the effectiveness of 

neural model. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6.24: Channel capacity estimation for a range of frequency at different SNR 
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Fig. 6.25: Channel capacity estimation comparison at SNR value of 10dB 
 

 

 

 

 

 

 

 

 

 

 

Fig. 6.26: Channel capacity estimation comparison at 7 GHz frequency 
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By this framework, we may have required channel capacity for any specific antenna. As a future 

work, any optimization algorithm can be applied on MIMO system to optimize the design of an 

array in order to achieve maximum channel capacity with the given input constraints.  

 

6.5 Discussion on Results 

In this chapter we have presented the neural modeling of a patch antenna for the calculation of 

single and multi objective parameters. In addition, we have developed the neural model for an 

array of patch antenna. All the results are compared with the numerical computational software 

Ansoft HFSS. The novelties of the work are: 

 We have simplified the laborious work of antenna parameters’ calculation using the 

neural model. 

 The existing literature shows no significant work carried using this approach for the 

calculation of antenna’s electrical parameters (literature review can be seen in Section 

1.2). We have made a successful attempt of modeling the neural structure for the 

electrical parameters of an antenna both as single and multi objective requirement. 

 The input impedance and efficiency of the antenna were also measured through this 

attempt. The impedance is very important for the matching of the antenna to minimize 

the reflection losses. 

 Back propagation algorithm for the complex data set has never been applied for such type 

of modeling. We have derived the weight update equation of this algorithm for the 

complex data set and applied to the modeling of neural network especially in the array 

modeling. 
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 Neural modeling for the return loss of patch antenna array has never been presented in 

the literature. We have not only developed it, but got the promising results. 

 MIMO channel capacity enhancement is achieved for a Rayleigh channel using neural 

modeling antenna arrays. For complex data, it is absolutely a new task and never 

presented anywhere in the literature.  
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Chapter 7 Antenna Optimization via Heuristic 
Algorithms 

 
7.1 Introduction 

As discussed in previous chapters that microstrip patch antennas are widely used in various 

wireless applications as a single radiating element and in the assembly of an array. These 

antennas are very popular now days because of their compactness. In addition to antenna 

selection, with the increasing need of compact, light weight and portable communication 

devices; the need of efficient designing of antennas are also increasing [174]. Numerous methods 

are employed to increase the efficiency, bandwidth and effectiveness of an antenna (or an array 

of antennas) such as variation in substrate height, dielectric constant, feeding approaches, shapes 

and geometry of an array etc. However, some of the antenna parameters are mutually 

‘conflicting’, i.e. improvement in one parameter results in degradation of the other [50].  

In order to deal with such conflicting characteristics, it is important to make a trade-off between 

the two (or in some cases, among the many). However, making a trade-off among many 

characteristics and getting an ‘optimum’ solution is a complicated task especially in antenna 

designing. Such types of ‘trade-off’ problems can be solved by employing optimization 

algorithms. There are numerous optimization algorithms exist, for detail see Chapter 5. Among 

these algorithms, evolutionary algorithms (such as GA and PSO) are most efficient and effective 

in solving the problems of antenna and electromagnetics [5]-[14], [16]-[20].  

This chapter describes microstrip patch antenna optimization via heuristic algorithms by 

employing weighted and constrained optimization approaches. In addition, channel capacity 

enhancement is also presented by varying the input parameters of the antenna. 
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Further, a new heuristic algorithm is proposed and it has been applied on various optimization 

problems. The results are compared with GA and PSO. The algorithm is named as “Wildebeest 

Herd Optimization (WHO) algorithm”. 

 

7.2 Existing Work on Antenna Optimization 

In order to have effective and efficient antenna design, many optimization techniques have been 

employed and presented in the literature. Among various techniques, evolutionary algorithms are 

much more powerful and popular optimization techniques in the field of electromagnetics.  

Ansell [32] presented a comparative study on usage of various evolutionary algorithms on 

antenna optimization and mentioned that around 90% of the antenna optimization problems are 

being solved only through genetic algorithm and particle swarm optimization algorithm. Fogel 

[33] stated many good reasons to use evolutionary algorithms in such computational problems. 

Fogel reasoning includes flexibility, simplicity, self adaptation ability, speed and convergence 

trends in evolutionary algorithms.  

The earliest example of the application of genetic algorithms to antenna array optimization found 

was by Haupt et al [6] in 1993. Haupt used a GA to thin a 50 linear array of isotropic elements. 

A single fitness measure was used equal to the highest calculated side lobe level. The GA 

provided a single solution to the problem (i.e. converged to a single point on the cost function). 

This work stood as an important first step and over the next decade, many researchers followed 

and advanced Haupt’s work by optimizing other types of arrays and different operating variables. 

The chromosomes used in Haupt’s paper simply switched elements on or off. Later work by both 

Haupt and many other researchers optimized amplitude weightings, phase control and some 

aspects of array geometry. 
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Shimizu [38] used GAs to optimize the performance of an eight element linear array with each 

element controlled by a four bit phase shifter. Shimizu used a uniform amplitude distribution and 

optimized the phase values. In 1997 Johnson and Rahmat [39] summarized the use of GAs in 

electromagnetic optimization problems and proposed the use of them on large planar array 

antennas. The paper is recommended as a basic introduction to GA techniques in 

electromagnetics. 

All the early GA work cited above concentrated on forming and optimizing a single main lobe, 

formed using a linear array. Marcano et al [40] optimized multiple beam linear antenna arrays 

using GAs. A GA was used to determine the weights that would result in a radiation pattern with 

two main lobes and low side lobes. The arrays were small containing just 20 elements so the 

search space was not particularly large. Later the same year, the authors furthered their work by 

optimizing patterns with three main lobes [175]. Alphones and Passoupathi [41] looked at 

element positions rather than weights. They used a GA to vary the spacing between elements on 

a linear array antenna. The objective was to produce nulls in the radiation pattern at desired 

positions. Again the GA performed well as the array size and search-space were small. 

All the work so far cited relied on one or two measures of fitness to guide the GA to 

convergence. In most cases a single objective measure was used but occasionally weighted sums 

of objectives were used. Some authors stated that the fine-tuning of the weights or particular 

method for combining objective values strongly influenced the success of the optimization 

exercise. 

Particle Swarm Optimization has been used by Boeringer and Werner who compared the 

performance of PSO with that of a GA on a linear array problem [37]. A mask was used to 

enable a simple objective function calculation and it was shown that the GA outperformed the 
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PSO. The application of Genetic Algorithms has received far more attention in array 

performance optimization, and it has been practiced since the early 1990's [32]. 

Ant algorithms have been used by Karaboga et al [34] in linear antenna arrays to perform null 

steering. The authors use Ant Colony Optimization to vary element positions in the array in order 

to introduce nulls in the radiation pattern. Varying element positions is not practical in real arrays 

as they are fixed during manufacture, and one of the advantages of active array technology is the 

fact that there are no mechanically moving parts required to produce or steer the beam. 

Evolutionary Programming is easier to apply to array pattern optimization problems as the 

chromosome can directly contain the excitation set. The most recent work was a paper by 

Hoorfar [35], who used a hybrid EP-GA technique to optimize the gain of a six-element yagi 

array. The method converges to provide a single solution and worked by varying the distances 

between elements which is only practical if one radiation pattern is required. 

Differential Evolution has been applied to linear array antenna optimization problems by Kurup 

et al [36]. Kurup varied element positions and compared the results to the variation of element 

phase values in order to reduce side lobe levels in the pattern. A cost function was used that 

combined the side lobe measure and the value of main lobe gain. The work concludes that joint 

optimization of the element positions and phases are better than phase only optimization. This 

technique would limit the final array to a smaller range of patterns due to the optimized element 

positions. The algorithm converges to provide a single solution. 

The literature review shows that the GA gives good performance in antenna (and array) 

optimization. In some situations, PSO acts as a good alternative option. The area of multi-

objective optimization appears to show great promise and is worthy of further research. 
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7.3 Optimization Work Undertaken by this Dissertation 

Optimization techniques can be employed to optimize a single antenna or to optimize multiple 

antennas (jointly) at the same time. Further, these can be optimized for the single objective or 

multiple objectives. In addition, the optimization procedure can be weighted or constraint based. 

The dissertation focuses on multi-objective joint optimization of microstrip patch antenna using 

two heuristic algorithms namely genetic algorithm and particle swarm optimization. Both the 

weighted and constraint approaches are used for both the algorithms. 

Additionally, one new algorithm “Wildebeest Herd Optimization (WHO)”. has been proposed 

and applied in various optimization problems. The optimization results for microstrip patch 

antenna have been compared with GA and PSO. 

 

7.4 Justification of using GA and PSO for Proposed Work 

As discussed in Chapter 5 that there are numerous optimization algorithms exist, however among 

these algorithms, evolutionary algorithms are very popular for solving complex problems such as 

the problem of antenna design and electromagnetics [5]-[20], [32]. 

Ansell [32] presented a comparative study on the usage of various evolutionary algorithms on 

antenna optimization and mentioned that around 90% of the antenna optimization problems are 

being solved only through genetic algorithm and particle swarm optimization algorithm. 

Literature shows numerous features of genetic algorithm. Goldberg [176] describes that: 

 GA optimizes both continuous and discrete variables  

 It does not need to have derivative information 

 It can search from a wide sample of cost function surface 

 It deals with large number of variables 
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 GA is a good choice for parallel computing 

 It can optimize variables with high complexity 

 It may provide a list of many optimum variables, not just one variable 

 GA can work with numerical or experimental data or with analytical function 

Particle swarm optimization on the other hand has following characteristics [177]-[179]: 

 It is based on natural intelligence 

 It can be applied for scientific research and engineering applications  

 It has fast search speed and simple calculation 

Based on the above discussion, it has been evident that GA and PSO are the most promising 

algorithms among all the heuristic approaches. However selection between these two algorithms 

is mostly related with the type of electromagnetic problem we face, execution time we have, 

accuracy we need or simplicity we want to achieve. But normally we reach to good results 

through PSO and fast convergence through GA [179]. 

 

7.5 Wildebeest Herd Optimization Algorithm 

Wildebeest Herd Optimization (WHO) is a computational algorithm to optimize a problem by 

iteratively reaching to a converging point. It is inspired by the living, food/water searching and 

migration of the herd of wildebeests.  

Wildebeests are the wild antelope mammals who live in the form of herd. Among all the animals 

in the herd, the strongest member becomes the leader or the guide of the herd. Sometimes there 

are more than one guide in a herd. The wildebeests in a herd normally spread around in a grass 

field. They migrate from one point to another for various reasons. These include food abundance, 

water reservoir, phosphorous content in grass and the attacks of the predators.  
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During the migration, the wildebeests follow their guide(s) or leader(s). The concept of WHO 

inspired from wildebeest is given in Figure 7.1. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.1: The nature of Wildebeest Herd 

 

The WHO algorithm starts with the formation of herd (assembling of wildebeests). The strength 

(fitness) of each wildebeest is then calculated. On the basis of the fitness, a leader or a guide of 

the herd is selected. Some animals are dead because of natural death and predators attacks and 

some other are inducted in the herd in the form of new born (calf) and as refugees. The iteration 

run again for the selection of new leader. The cycle goes on again and again until an optimized 

target is reached. The flow chart of WHO algorithm is shown in Figure 7.2. The update 

equations for WHO are given as follows: 
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Location of individual Wildebeest inspired by the effect of Co-Leaders, updated as: 

푤 = 푤 + 푝 																																																														(7.1) 

with momentum of individual Wildebeest inspired by the effect of Co-Leaders, calculated as: 

푝 = 푝 + 푐 푟 ℎ − 푤 + 푐 푟 퐶퐿 − 푤 																																			(7.2) 

Location of individual Wildebeest inspired by the effect of Leaders, updated as: 

푤 = 푤 + 푝 																																																													(7.3) 

with momentum of individual Wildebeest inspired by the effect of Leaders, calculated as: 

푝 = 푝 + 푐 푟 ℎ − 푤 + 푐 푟 퐿 − 푤 																																				(7.4) 

where 

푝 =  ith Wildebeest’s Momentum for mth Migration 

푤 =  ith Wildebeest’s Location for mth Migration 

ℎ =  ith Best Enthusiastic Wildebeest’s Location for mth Migration 

퐶퐿 =  Best Eager Co-Leader “remembered” for mth Migration 

퐿 =  Best Strongest Leader “remembered” for mth Migration 

푐 , 푐 = Cognitive and Social parameters 

푟 , 푟 = Random numbers between 0 and 1. 
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Fig. 7.2: Flow chart of WHO algorithm 
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Figure 7.3 illustrates the update of location and momentum of a wildebeest using WHO 

algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.3: Illustration of location and momentum updates using WHO algorithm 

 

7.6 Multi Objective Joint Optimization 

There are various types and shapes of printed monopole microstrip patch antennas exist. Some of 

the printed monopole antennas (PMA) are shown in Figure 3.1. We have employed GA and PSO 

for the optimization of printed monopole antennas specially used in ultra wide band (UWB) 

spectrum of frequencies. According to Federal Communication Commission (FCC), the allocated 

UWB bandwidth is 7.5 GHz (from 3.1 GHz to 10.6 GHz) to avoid interference [180]. 
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UWB communication is employed for exceptionally higher data rates because it transmits short 

pulses. The data security in this system is therefore very high. Moreover, UWB systems have 

quite low power consumption [58], [181].  

Among various geometrical shapes of PMA, we have selected three basic structures for our 

work. These three structures are printed square monopole antenna (PSMA), printed circular 

monopole antenna (PCMA) and printed hexagonal monopole antenna (PHMA). The shapes and 

dimensions of PSMA, PCMA and PHMA are shown in Figure 7.4. 

 

 

 

 

 

 

 

Fig. 7.4: Geometrical shape and dimensions of PSMA, PCMA and PHMA 

 

The above three PMAs can jointly be optimized to have the identical electrical parameters 

despite their different geometrical shapes. The electrical parameters to be optimized are lower 

band edge frequency 푓 , quality factor 푄, and bandwidth 퐵푊. The quality factor and the 

bandwidth are the ‘conflicting’ factors with each other. Improvement in one factor degrades the 

other.  

For UWB antenna, the most decisive factors are lower frequency and (or) bandwidth. The 

maximum height of PMA and its matching impedance with the feed line are also related with 

these two parameters [182].  
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A generalized expression for the lower edge frequency of PMA is given in [105], [182], [183] as 

푓 =
7.2

[(퐿 + 푟 + 푝) × 푘] 																		퐺퐻푧																																																			(7.5) 

Here 퐿 is the length of monopole antenna, 푟 is the effective value of patch radius and 푝 is the 

length of 50	훺 feed line connected to the metallic patch. The parameter 푘 is an empirical 

constant. Its value depends on the characteristics of substrate. A common substrate FR4 has the 

value of 푘 = 1.15. It has the dielectric constant 휖 = 4.4 and the height ℎ = 0.159 cm.  

Equation (7.5) is the generic equation of PMA. If we consider Figure 7.4, the values of length 퐿 

and radius 푟 for PSMA can be found as [105]: 

퐿 = 푊(width)																													cm																																																		(7.6) 

푟 =
퐿

2휋 																																									cm																																																		(7.7) 

By using the above relations, the generic equation (7.5) can be changed for PSMA as 

푓 =
14.4휋

[퐿(2휋 + 1) + 2휋푝]푘 																								GHz																																																		(7.8) 

In similar manner, considering Figure 7.4, the relation for length 퐿 and radius 푟 for PCMA can 

be expressed as [105] 

퐿 = 2퐴																																												cm																																												(7.9) 

푟 =
퐴
4 																																														cm																																									(7.10) 

By using the above relations, the generic equation (7.5) can be changed for PCMA as 

푓 =
28.8

[9퐴+ 4푝]푘 																																			GHz																																								(7.11) 

where 퐴 is the circular monopole antenna radius as shown in Figure 7.4. 

Similarly, the relation for the length 퐿 and radius 푟 for PHMA by considering Figure 7.4 can be 

found as [105]:  
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퐿 = √3	퐻																																								cm																																											(7.12) 

푟 =
3퐻
4휋 																																										cm																																											(7.13) 

Where the hexagone side is 퐻 as shown in Figure 7.4. Using the above relations, the generic 

equation (7.5) can be changed for PHMA as 

푓 =
28.8휋

[24.76559237퐻 + 4휋푝]푘 																									GHz																																									(7.14) 

Now the quality factor can be calculated using the central frequency of UWB spectrum. The 

geometric mean of lower and upper frequencies is central frequency 푓  [184]-[186]. 

푓 = 푓 푓 																																																				GHz																							(7.15) 

퐵푊 = 푓 − 푓 																																															GHz																							(7.16) 

푄 =
푓
퐵푊 =

푓 푓
푓 − 푓 																																															GHz																							(7.17) 

The optimization of multiple antennas simultaneously is known as joint optimization. Broadly 

classified, the joint optimization is divided into two categories namely weighted approach and 

constraint approach. Both of these approaches are described below. 

The quality factor of an antenna is a measure of its frequency range. It will be a narrowband 

antenna if it has a high value of Q factor and wideband antenna if the Q factor is low. The input 

impedance of an antenna is much more sensitive to small frequency changes if it has a higher 

value of Q factor. The quality factor is therefore an important parameter to consider while 

designing an antenna. 
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7.6.1 Weighted Approach 

If the weights in the equation of joint cost function are adjusted according to the priority of the 

parameter to be optimized, this approach is known as weighted optimization approach. 

The joint cost function (error function) of weighted approach can be derived as 

퐸푟푟표푟 = 푒 = 푓 	 − 푓 	 																								GHz																		(7.18) 

퐸푟푟표푟 = 푒 = 퐵푊 − 퐵푊 																		GHz																		(7.19) 

퐸푟푟표푟 = 푒 = 푄 − 푄 																																																							(7.20) 

where 푓 	 , 퐵푊  and 푄  are the targeted lower frequency, bandwidth and quality 

factor respectively. On the other hand 푓 	 , 퐵푊  and 푄  are the values 

of lower band edge frequency, bandwidth and quality factor obtained through optimization 

algorithm respectively. 

The mean square errors (MSE) for the three antennas are 

푀푆퐸 = 푤 푒 	( ) 																																																													(7.21) 

푀푆퐸 = 푤 푒 	( ) 																																																													(7.22) 

푀푆퐸 = 푤 푒 	( ) 																																																												(7.23) 

Here 푤  is weight for the errors selected randomly. For simplicity, we have considered the values 

of weights 0.3, 0.3 and 0.4 for lower frequency, bandwidth and quality factor respectively 

making the total equal to 1.0. Whereas 푒  gives three different error values (separately for 

PCMA, PHMA and PSMA) as calculated using equations (7.18) to (7.20). 
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A- Genetic Algorithm 

By employing genetic algorithm (as described in Section 5.3.3) we have jointly optimized PSMA 

and PHMA. Using the values of mean square errors of both the antennas from equation (7.21) 

and equation (7.23), the joint cost function can be calculated as: 

퐶표푠푡	퐹푢푛푐푡푖표푛 =
(푀푆퐸 + 푀푆퐸 )

2 																																																		(7.24) 

By minimizing the cost function, we have achieved optimized values of geometric dimensions 

for both the antennas at the same targeted lower edge frequency (푓 ), bandwidth (퐵푊) and 

quality factor (푄). 

For PSMA, the geometric dimensions are the monopole length 퐿 and the Feed line length 푝. For 

PHMA, the dimensions are the length of a side of regular hexagon 퐻 and the feed line length 푝. 

Tables 7.1 and 7.2 state the optimized values of geometric dimensions of PSMA and PHMA 

respectively.  

Throughout the UWB range, numerous sets of lower edge frequency, bandwidth and quality 

factor have been recorded for PSMA and PHMA. Few of those sets (on lower side of UWB 

spectrum) are given in Table 7.1 and Table 7.2 for both the antennas. Against each set of 

frequency, jointly optimized geometric parameters are also recorded for both the antennas. 

Genetic algorithm optimization results are shown in Figures 7.5, 7.6 and 7.7 for lower edge 

frequency, bandwidth and quality factor respectively. Among the various sets of observations, 

only one set of observation is plotted against number of iterations. The decreasing trend in the 

cost function can be seen in Figure 7.8. 

The results show successful implementation of the multi-objective joint optimization of the two 

antennas through GA. Now both the antennas have same electrical characteristics despite 

different geometrical shapes.  
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Table 7.1: GA optimized geometric dimensions for PSMA 
                        at different lower edge frequencies (lower side) 

 
 
 

 

 

 

 

 

 

 

 

 

Table 7.2: GA optimized geometric dimensions for PHMA 
                     at different lower edge frequencies (lower side) 

 
 
 

 

 

 

 

 

 

 

  

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 4 3.99856087 

0.863941516 0.564338654 Bandwidth (GHz) 6.6 6.60143913 
Quality Factor 0.99 0.98620265 

2 
Frequency (GHz) 3.5 3.49672635 

1.10877562 0.505251839 Bandwidth (GHz) 7.1 7.10327366 
Quality Factor 0.86 0.85708759 

3 
Frequency (GHz) 3.1 3.1055353 

1.451600616 0.333405523 Bandwidth (GHz) 7.5 7.49446471 
Quality Factor 0.76 0.76556232 

4 
Frequency (GHz) 2.5 2.50299447 

1.789385446 0.427176755 Bandwidth (GHz) 8.1 8.09700553 
Quality Factor 0.64 0.6361484 

5 
Frequency (GHz) 2 2.00175228 

2.296423936 0.465783334 Bandwidth (GHz) 8.6 8.59824772 
Quality Factor 0.54 0.53573269 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 4 4.002577856 

0.576406813 0.758967903 Bandwidth (GHz) 6.6 6.597422144 
Quality Factor 0.99 0.987298672 

2 
Frequency (GHz) 3.5 3.504342688 

0.658358315 0.783274445 Bandwidth (GHz) 7.1 7.095657312 
Quality Factor 0.86 0.858941496 

3 
Frequency (GHz) 3.1 3.100251381 

0.744169702 0.415233728 Bandwidth (GHz) 7.5 7.499748619 
Quality Factor 0.76 0.764371843 

4 
Frequency (GHz) 2.5 2.499883008 

0.922888447 0.990115603 Bandwidth (GHz) 8.1 8.100116992 
Quality Factor 0.64 0.635508675 

5 
Frequency (GHz) 2 2.002270027 

1.152248756 0.894193896 Bandwidth (GHz) 8.6 8.597729973 
Quality Factor 0.54 0.535834231 
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Fig. 7.5: Comparison of PHMA and PSMA Lower Frequency with desired value 

 

 

 

 

 

 

 

 

 

 

Fig. 7.6: Comparison of PHMA and PSMA Bandwidth with desired value 
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Fig. 7.7: Comparison of PHMA and PSMA Quality Factor with desired value 

 

 

 

 

 

 

 

 

 

 

Fig. 7.8: Joint cost function of PHMA and PSMA optimization 
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B- Particle Swarm Optimization 

In addition to GA, we have employed particle swarm optimization (as discussed in Section 5.3.3) 

to jointly optimized three different shape antennas. The antennas are PSMA, PCMA and PHMA 

as shown in Figure 7.4. The joint cost function for all three antennas can be calculated using 

equations (7.21) to (7.23) as 

퐶표푠푡	퐹푢푛푐푡푖표푛 =
(푀푆퐸 + 푀푆퐸 + 푀푆퐸 )

3 																																				(7.25) 

In this case, we have achieved optimized values of geometric dimensions for all three the 

antennas of Figure 7.4 at the same targeted lower edge frequency (푓 ), bandwidth (퐵푊) and 

quality factor (푄). 

For PSMA, the geometric dimensions are the monopole length 퐿 and the Feed line length 푝. For 

PCMA, the dimensions are radius 퐴 of the metallic patch and the feed length 푝. And for PHMA, 

the dimensions are the length of a side of regular hexagon 퐻 and the feed length 푝. Tables 7.3 to 

7.5 state the optimized values of geometric dimensions of PSMA, PCMA and PHMA 

respectively. 

Throughout the UWB range, numerous sets of lower edge frequency, bandwidth and quality 

factor have been recorded for PSMA, PCMA and PHMA. Few of those sets (for complete UWB 

range) are given in Table 7.3 to Table 7.5 for all the three antennas. Against each set of 

frequency, jointly optimized geometric parameters are also recorded for these antennas. Particle 

swarm optimization results are shown in Figures 7.9, 7.10 and 7.11 for lower edge frequency, 

bandwidth and quality factor respectively. Among the various sets of observations, only one set 

of observation is plotted against number of iterations. The decreasing trend in the cost function 

can be seen in Figure 7.12. 
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Table 7.3: PSO optimized geometric dimensions for PSMA 
                   at different lower edge frequencies (complete range) 

 
 
 

 

 

 

 

 

 

 

 
 
 

 
Table 7.4: PSO optimized geometric dimensions for PCMA 

                     at different lower edge frequencies (complete range) 
 
 
 

 

 

 

 

 

 

 

 

T

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.099522903 

1.159845629 0.682043476 Bandwidth (GHz) 7.5 7.510477097 
Quality Factor 0.76 0.761958146 

2 
Frequency (GHz) 3.5 3.585146487 

0.821043165 0.794619531 Bandwidth (GHz) 7.1 7.014853513 
Quality Factor 0.86 0.878795408 

3 
Frequency (GHz) 4 4.017793121 

0.847503084 0.575898358 Bandwidth (GHz) 6.6 6.582207002 
Quality Factor 0.99 0.99145995 

4 
Frequency (GHz) 4.8 4.800982534 

0.597733983 0.605804566 Bandwidth (GHz) 5.8 5.799017466 
Quality Factor 1.23 1.236991469 

5 
Frequency (GHz) 7.4 7.402219779 

0.377047302 0.408068462 Bandwidth (GHz) 3.2 3.198780221 
Quality Factor 2.77 2.776367057 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
A (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.09912946 

1.113653073 0.830078783 Bandwidth (GHz) 7.5 7.51287054 
Quality Factor 0.76 0.773128898 

2 
Frequency (GHz) 3.5 3.38958713 

2.481060946 0.52544955 Bandwidth (GHz) 7.1 7.21041287 
Quality Factor 0.86 0.831316117 

3 
Frequency (GHz) 4 3.737093365 

3.351014429 0.746298618 Bandwidth (GHz) 6.6 6.862906635 
Quality Factor 0.99 0.917089701 

4 
Frequency (GHz) 4.8 4.798244915 

0.894574369 0.631623825 Bandwidth (GHz) 5.8 5.871755085 
Quality Factor 1.23 1.266451419 

5 
Frequency (GHz) 7.4 7.379833139 

2.827968575 0.30935327 Bandwidth (GHz) 3.2 3.209668615 
Quality Factor 2.77 2.652668673 
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able 7.5: PSO optimized geometric dimensions for PHMA 
                  at different lower edge frequencies (complete range) 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.9: Comparison of PCMA, PSMA and PHMA Lower Frequency with desired value 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.101416659 

0.511759365 0.931935721 Bandwidth (GHz) 7.5 7.513583341 
Quality Factor 0.76 0.79311208 

2 
Frequency (GHz) 3.5 3.645457109 

0.533963442 0.802378055 Bandwidth (GHz) 7.1 6.954542891 
Quality Factor 0.86 0.893841139 

3 
Frequency (GHz) 4 3.971552194 

0.407345905 0.878350203 Bandwidth (GHz) 6.6 6.628447806 
Quality Factor 0.99 0.978861458 

4 
Frequency (GHz) 4.8 4.812380337 

0.267555702 0.756623112 Bandwidth (GHz) 5.8 5.793619663 
Quality Factor 1.23 1.256119482 

5 
Frequency (GHz) 7.4 7.429916694 

0.232594737 0.36217473 Bandwidth (GHz) 3.2 3.170083306 
Quality Factor 2.77 2.961862883 
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Fig. 7.10: Comparison of PCMA, PSMA and PHMA Bandwidth with desired value 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.11: Comparison of PCMA, PSMA and PHMA Quality Factor with desired value 
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Fig. 7.12: Joint cost function of PCMA, PSMA and PHMA optimization 

 

Designing of antenna for UWB application has always been a challenging job. Furthermore, it is 

always appreciated having more freedom by designing various shaped antennas with similar 

electrical and radiation characteristics. Having this freedom, these antennas can be employed in 

either side (transmit or receive) depending on their physical constraints such as area. 

 

C- Wildebeest Herd Optimization 

The newly developed WHO has been employed in joint optimization of three different shaped 

microstrip patch antennas. The antennas are PSMA, PCMA and PHMA as shown in Figure 7.4. 

The joint cost function for all three antennas can be calculated using equation (7.25). 

In this case, we have achieved optimized values of geometric dimensions for all three antennas 

of Figure 7.4 at the same targeted lower edge frequency (fL), bandwidth (BW) and quality factor 
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(Q). For PSMA, the geometric dimensions are the monopole length 퐿 and the Feed line length 푝. 

For PCMA, the dimensions are radius A of the metallic patch and the feed length p. And for 

PHMA, the dimensions are the length of a side of regular hexagon H and the feed length p. 

Tables 7.6 to 7.8 state the optimized values of geometric dimensions of PSMA, PCMA and 

PHMA respectively. 

 

Table 7.6: WHO optimized geometric dimensions for PSMA 
                     at different lower edge frequencies (complete range) 

 

 

 

 

 

 

 

 

 

 

 
 
  

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.101416659 

1.158957491 0.681241476 Bandwidth (GHz) 7.5 7.513583341 
Quality Factor 0.76 0.79311208 

2 
Frequency (GHz) 3.5 3.645457109 

0.821256843 0.795419531 Bandwidth (GHz) 7.1 6.954542891 
Quality Factor 0.86 0.893841139 

3 
Frequency (GHz) 4 3.971552194 

0.847521452 0.575225479 Bandwidth (GHz) 6.6 6.628447806 
Quality Factor 0.99 0.978861458 

4 
Frequency (GHz) 4.8 4.812380337 

0.597625315 0.605758695 Bandwidth (GHz) 5.8 5.793619663 
Quality Factor 1.23 1.256119482 

5 
Frequency (GHz) 7.4 7.429916694 

0.376253658 0.408125365 Bandwidth (GHz) 3.2 3.170083306 
Quality Factor 2.77 2.961862883 
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Table 7.7: WHO optimized geometric dimensions for PCMA 
                     at different lower edge frequencies (complete range) 

 
 

 

 

 

 

 

 

 

 

 

T
able 7.8: WHO optimized geometric dimensions for PHMA 

                     at different lower edge frequencies (complete range) 
 

 

 

 

 

 

 

 

 

 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
A (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.098542153 

1.113653073 0.830078783 Bandwidth (GHz) 7.5 7.510325699 
Quality Factor 0.76 0.762125215 

2 
Frequency (GHz) 3.5 3.584256985 

2.481060946 0.52544955 Bandwidth (GHz) 7.1 7.015121425 
Quality Factor 0.86 0.869854752 

3 
Frequency (GHz) 4 4.017656854 

3.351014429 0.746298618 Bandwidth (GHz) 6.6 6.582325459 
Quality Factor 0.99 0.991125221 

4 
Frequency (GHz) 4.8 4.801021459 

0.894574369 0.631623825 Bandwidth (GHz) 5.8 5.798214237 
Quality Factor 1.23 1.237212145 

5 
Frequency (GHz) 7.4 7.402232143 

2.827968575 0.30935327 Bandwidth (GHz) 3.2 3.197521224 
Quality Factor 2.77 2.756325625 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 3.1 3.09912946 

0.511759365 0.931935721 Bandwidth (GHz) 7.5 7.51287054 
Quality Factor 0.76 0.773128898 

2 
Frequency (GHz) 3.5 3.38958713 

0.533963442 0.802378055 Bandwidth (GHz) 7.1 7.21041287 
Quality Factor 0.86 0.831316117 

3 
Frequency (GHz) 4 3.737093365 

0.407345905 0.878350203 Bandwidth (GHz) 6.6 6.862906635 
Quality Factor 0.99 0.917089701 

4 
Frequency (GHz) 4.8 4.798244915 

0.267555702 0.756623112 Bandwidth (GHz) 5.8 5.871755085 
Quality Factor 1.23 1.266451419 

5 
Frequency (GHz) 7.4 7.379833139 

0.232594737 0.36217473 Bandwidth (GHz) 3.2 3.209668615 
Quality Factor 2.77 2.652668673 
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Throughout the UWB range, numerous sets of lower edge frequency, bandwidth and quality 

factor have been recorded for PSMA, PCMA and PHMA. Few of those sets (for complete UWB 

range) are given in Table 7.6 to Table 7.8 for all the three antennas. 

Against each set of frequency, jointly optimized geometric parameters are also recorded for these 

antennas. WHO results are shown in Figures 7.13, 7.14 and 7.15 for lower edge frequency, 

bandwidth and quality factor respectively. Among the various sets of observations, only one set 

of observation is plotted against number of iterations. The decreasing trend in the cost function 

can be seen in Figure 7.16. 

 

Fig. 7.13: Comparison of PCMA, PSMA and PHMA Lower Frequency with desired value 
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Fig. 7.14: Comparison of PCMA, PSMA and PHMA Bandwidth with desired value 

Fig. 7.15: Comparison of PCMA, PSMA and PHMA Quality Factor with desired value 
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Fig. 7.16: Joint cost function of PCMA, PSMA and PHMA optimization 

 

7.6.2 Constraint Approach 

Unlike weighted optimization, constraint optimization approach is based on applying some 

restriction on the value of certain parameter(s). Sometimes it is desirable to jointly optimize 

different antennas on same electrical parameters having same antenna area despite their different 

geometrical shapes.  

With this approach, we evaluate appropriate values of geometric dimensions for PSMA and 

PHMA to be tuned on same lower edge frequency, bandwidth and quality factor. The constraint 

is to keep the area of both the antenna same. We employ two heuristic approaches (GA and PSO) 

for this constraint optimization.  
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A- Genetic Algorithm 

By employing genetic algorithm we have jointly optimized PSMA and PHMA. The optimized 

geometrical dimensions have been achieved for both the antennas on some targeted electrical 

characteristics keeping their area equal (constraint). The joint cost function is similar as given in 

equation (7.24), however it is subjected to the area constraint. 

퐶표푠푡	퐹푢푛푐푡푖표푛 =
(푀푆퐸 + 푀푆퐸 )

2 										푠. 푡.							퐴푟푒푎	퐶표푛푠푡푟푎푖푛푡																											(7.26) 

We have recorded numerous values of geometric dimensions on different sets of desired 

electrical characteristics. These sets have been observed on four different random values of area 

(constraint) i.e. 0.15, 0.902, 1.15 and 1.902. Tables 7.9 and 7.10 state the optimized values of 

geometric dimensions of PSMA and PHMA respectively for few desired sets of electrical 

characteristics. 

Table 7.9: GA optimized geometric dimensions for PSMA 
                     at different lower edge frequencies (Area constraint) 

 
 

 

 

 

 

 

 

 

 

 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.508515516 

1.630640414 0.897220915 Bandwidth (GHz) 8.1 8.091484484 
Quality Factor 0.64 0.637284158 

2 
Frequency (GHz) 3.1 3.095012002 

1.298282183 0.424264695 Bandwidth (GHz) 7.5 7.504987998 
Quality Factor 0.76 0.76319251 

3 
Frequency (GHz) 3.5 3.51071247 

7.390767104 0.184735988 Bandwidth (GHz) 7.1 7.08928753 
Quality Factor 0.86 0.86049425 

4 
Frequency (GHz) 4 4.002488294 

6.808361816 0.463352203 Bandwidth (GHz) 6.6 6.597511706 
Quality Factor 0.99 0.987274224 

5 
Frequency (GHz) 4.8 4.838489841 

2.993897734 0.050916641 Bandwidth (GHz) 5.8 5.761510159 
Quality Factor 1.23 1.243001113 
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Table 7.10: GA optimized geometric dimensions for PHMA 
                       at different lower edge frequencies (Area constraint) 

 

 

 

 

 

 

 

 

 

 

 

 

The optimization results are shown in Figures 7.17, 7.18 and 7.19 for lower edge frequency, 

bandwidth and quality factor respectively. Among the various sets of observations, only one set 

is plotted against number of iterations. 

Figure 7.20 shows the desired and calculated area for both the antenna. Since the area was given 

as a constraint, this is exactly equal to the desired value for both the antennas. The decreasing 

trend in the joint cost function can be seen in Figure 7.21. 

The results show successful implementation of the multi-objective joint optimization of the two 

antennas through constraint GA approach. 

  

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.497340126 

1.833599948 0.820779892 Bandwidth (GHz) 8.1 8.102659874 
Quality Factor 0.64 0.634986031 

2 
Frequency (GHz) 3.1 3.09484731 

1.517914768 0.336762614 Bandwidth (GHz) 7.5 7.50515269 
Quality Factor 0.76 0.763155457 

3 
Frequency (GHz) 3.5 3.491741714 

2.982559884 0.106815325 Bandwidth (GHz) 7.1 7.108258286 
Quality Factor 0.86 0.855875882 

4 
Frequency (GHz) 4 3.999711833 

4.165289307 0.404105682 Bandwidth (GHz) 6.6 6.600288167 
Quality Factor 0.99 0.986516576 

5 
Frequency (GHz) 4.8 4.722721308 

0.505821304 0.014512549 Bandwidth (GHz) 5.8 5.877278692 
Quality Factor 1.23 1.203851192 
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Fig. 7.17: Calculated 푓  for PSMA and PHMA using constraint GA 

 

 

 

 

 

 

 

 

 

 

Fig. 7.18: Calculated 퐵푊 for PSMA and PHMA using constraint GA 

  



 

133 
 

 

 

 

 

 

 

 

 

 

 

Fig. 7.19: Calculated 푄 for PSMA and PHMA using constraint GA 

 

 

 

 

 

 

 

 

 

 

Fig. 7.20: Area as constraint for joint optimization of PSMA and PHMA using GA 
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Fig. 7.21: Joint cost function for PSMA and PHMA using constraint GA 

 

B- Particle Swarm Optimization 

Now using PSO algorithm we have jointly optimized PSMA and PHMA. The optimized 

geometrical dimensions have been achieved for both the antennas on some targeted electrical 

characteristics keeping their area equal (constraint). The joint cost function is similar as given in 

equation (7.26). 

We have recorded numerous values of geometric dimensions on different sets of desired 

electrical characteristics. These sets have been observed on four different random values of area 

(constraint) i.e. 0.15, 0.902, 1.15 and 1.902.  

Tables 7.11 and 7.12 state the optimized values of geometric dimensions of PSMA and PHMA 

respectively for few desired sets of electrical characteristics.  
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Table 7.11: PSO optimized geometric dimensions for PSMA 
                         at different lower edge frequencies (Area constraint) 

 

 

 

 

 

 

 

 

 

 
 
 
 

Table 7.12: PSO optimized geometric dimensions for PHMA 
                     at different lower edge frequencies (Area constraint) 

 

 

 

 

 

 

 

 

 

 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.503042233 

9.743338322 0.902678463 Bandwidth (GHz) 8.1 8.096957767 
Quality Factor 0.64 0.636158226 

2 
Frequency (GHz) 3.1 3.094612071 

2.831707921 0.424526122 Bandwidth (GHz) 7.5 7.505387929 
Quality Factor 0.76 0.763102534 

3 
Frequency (GHz) 3.5 3.503470684 

0.859432159 0.188422254 Bandwidth (GHz) 7.1 7.096529316 
Quality Factor 0.86 0.85872909 

4 
Frequency (GHz) 4 3.89116248 

0.010371665 0.010371665 Bandwidth (GHz) 6.6 6.70883752 
Quality Factor 0.99 0.95729401 

5 
Frequency (GHz) 4.8 4.812640021 

0.187822644 0.057866867 Bandwidth (GHz) 5.8 5.787359979 
Quality Factor 1.23 1.234139137 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.496766102 

3.376233939 0.821356272 Bandwidth (GHz) 8.1 8.103233898 
Quality Factor 0.64 0.634868073 

2 
Frequency (GHz) 3.1 3.105376854 

1.306567838 0.329903142 Bandwidth (GHz) 7.5 7.494623146 
Quality Factor 0.76 0.765526605 

3 
Frequency (GHz) 3.5 3.523102946 

1.407704296 0.090854317 Bandwidth (GHz) 7.1 7.076897054 
Quality Factor 0.86 0.863520638 

4 
Frequency (GHz) 4 3.690229852 

0.010371665 0.010371665 Bandwidth (GHz) 6.6 6.909770148 
Quality Factor 0.99 0.90514059 

5 
Frequency (GHz) 4.8 4.715527807 

1.910255365 0.01653488 Bandwidth (GHz) 5.8 5.884472193 
Quality Factor 1.23 1.201463476 
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The optimization results are shown in Figures 7.22, 7.23 and 7.24 for lower edge frequency, 

bandwidth and quality factor respectively. Among the various sets of observations, only one set 

is plotted against number of iterations. 

Figure 7.25 shows the desired and calculated area for both the antenna. Since the area was given 

as a constraint, this is exactly equal to the desired value for both the antennas. The decreasing 

trend in the joint cost function can be seen in Figure 7.26. 

The results show successful implementation of the multi-objective joint optimization of the two 

antennas through constraint PSO approach. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.22: Calculated 푓  for PSMA and PHMA using constraint PSO 
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Fig. 7.23: Calculated 퐵푊 for PSMA and PHMA using constraint PSO 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.24: Calculated 푄 for PSMA and PHMA using constraint PSO 
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Fig. 7.25: Area as constraint for joint optimization of PSMA and PHMA using PSO 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.26: Joint cost function for PSMA and PHMA using constraint PSO 
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C- Wildebeest Herd Optimization 

Using WHO algorithm we have jointly optimized PSMA and PHMA. The optimized geometrical 

dimensions have been achieved for both the antennas on some targeted electrical characteristics 

keeping their area equal (constraint). The joint cost function is similar as given in equation 

(7.26). We have recorded numerous values of geometric dimensions on different sets of desired 

electrical characteristics. These sets have been observed on four different random values of area 

(constraint) i.e. 0.15, 0.902, 1.15 and 1.902. 

 

Table 7.13: WHO optimized geometric dimensions for PSMA 
                      at different lower edge frequencies (Area constraint) 

 
 

 

 

 

 

 

 

 

 
 
 
 
 
  

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.496766102 

9.743338322 0.902678463 Bandwidth (GHz) 8.1 8.103233898 
Quality Factor 0.64 0.634868073 

2 
Frequency (GHz) 3.1 3.105376854 

2.831707921 0.424526122 Bandwidth (GHz) 7.5 7.494623146 
Quality Factor 0.76 0.765526605 

3 
Frequency (GHz) 3.5 3.523102946 

0.859432159 0.188422254 Bandwidth (GHz) 7.1 7.076897054 
Quality Factor 0.86 0.863520638 

4 
Frequency (GHz) 4 3.690229852 

0.010371665 0.010371665 Bandwidth (GHz) 6.6 6.909770148 
Quality Factor 0.99 0.90514059 

5 
Frequency (GHz) 4.8 4.715527807 

0.187822644 0.057866867 Bandwidth (GHz) 5.8 5.884472193 
Quality Factor 1.23 1.201463476 
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Table 7.14: WHO optimized geometric dimensions for PHMA 
                       at different lower edge frequencies (Area constraint) 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.27: Calculated fL for PSMA and PHMA using constraint WHO 

Sr. 
No. 

Observed 
Parameters Desired Calculated 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.503042233 

3.376233939 0.821356272 Bandwidth (GHz) 8.1 8.096957767 
Quality Factor 0.64 0.636158226 

2 
Frequency (GHz) 3.1 3.094612071 

1.306567838 0.329903142 Bandwidth (GHz) 7.5 7.505387929 
Quality Factor 0.76 0.763102534 

3 
Frequency (GHz) 3.5 3.503470684 

1.407704296 0.090854317 Bandwidth (GHz) 7.1 7.096529316 
Quality Factor 0.86 0.85872909 

4 
Frequency (GHz) 4 3.89116248 

0.010371665 0.010371665 Bandwidth (GHz) 6.6 6.70883752 
Quality Factor 0.99 0.95729401 

5 
Frequency (GHz) 4.8 4.812640021 

1.910255365 0.01653488 Bandwidth (GHz) 5.8 5.787359979 
Quality Factor 1.23 1.234139137 
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Fig. 7.28: Calculated BW for PSMA and PHMA using constraint WHO 

 

 

 

 

 

 

 

 

 

 

Fig. 7.29: Calculated Q for PSMA and PHMA using constraint WHO 
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Fig. 7.30: Area as constraint for joint optimization of PSMA and PHMA using WHO 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7.31: Joint cost function for PSMA and PHMA using constraint WHO 
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Tables 7.13 and 7.14 state the optimized values of geometric dimensions of PSMA and PHMA 

respectively for few desired sets of electrical characteristics. The optimization results are shown 

in Figures 7.27, 7.28 and 7.29 for lower edge frequency, bandwidth and quality factor 

respectively. Among the various sets of observations, only one set is plotted against number of 

iterations. Figure 7.30 shows the desired and calculated area for both the antenna. Since the area 

was given as a constraint, this is exactly equal to the desired value for both the antennas. The 

decreasing trend in the joint cost function can be seen in Figure 7.31.  

 

7.7 Computational Cost of Implemented Algorithms 

The computational cost for real valued data can be obtained as follows: 

 For error computational cost each error required one real addition. 

 Now for the error square one real multiplication is required. 

 Next is the inner product of weight and error square which need another real 

multiplication. 

 Finally the evaluation for ∑ (푤 푒 )  required two real addition 

For Genetic Algorithm cost function required one real addition and one real multiplication. Thus 

in totality 4 real additions and 3 multiplications are needed per iteration per population sample. 

And for PSO Algorithm cost function required two real additions and one real multiplication. 

Thus in totality 5 real additions and 3 multiplications are needed per iteration per particle swarm. 

And for WHO Algorithm cost function required two real additions and one real multiplication. 

Thus in totality 5 real additions and 3 multiplications are needed per iteration per wildebeest. 
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7.8 Comparison of WHO with GA and PSO 

The optimization design problem of all the three patch antennas have been solved through two 

existing algorithms namely GA and PSO. In addition, the same problem has been evaluated 

through our proposed WHO algorithm. The comparative analysis of the mean square error and 

the rate of convergence for above three algorithms is given in Figure 7.32. The result shows that 

the proposed WHO algorithm has better performance as compared to GA and PSO with respect 

to both MSE and rate of convergence. 

 

 

 

 

 

 

 

 

Fig. 7.32: Comparative analysis of GA, PSO and WHO 

 

7.9 WHO Performance on Benchmark Test Functions  

In order to validate the performance of any heuristic algorithm, there is a number of Benchmark 

Test Functions described in the literature [187]. All of the described test functions have diverse 

properties and different domain & range boundary values. All of these functions are very useful 

to evaluate the performance of new algorithm in an unbiased way. Before proceeding any 

further, we must first understand the characteristics of benchmark test functions. 
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7.9.1 Characteristics of Test Functions 

On the basis of various features; the benchmark functions can be classified. Such features are 

valleys, basins, modality, dimensionality and separability etc [188]. 

 

A- Valleys 

Any narrow region of minor change surrounded by the regions of steep descent is termed as 

valley [189]. The algorithm progress might be slower on the floor of a valley. 

 

B- Basins 

Any relatively steeper decline region which surrounds a large region is called a basin [189]. 

Basins are the regions of attraction for optimization algorithms.  

 

C- Modality 

The function modality can be defined as the number of ambiguous peaks present in the function 

landscape [189]. The peaks sometimes trap the function during search process.  

 

D- Dimensionality 

In simple terms, dimensionality can be defined as the number of parameters (or variables) in a 

function. The degree of difficulty of a problem is generally directly proportional with the 

increasing dimensionality [190].  
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E- Separability 

The separability is the measurement of degree of difficulty of different benchmark functions. 

Generally, the ease of solving a function depends on its separability characteristic. A function is 

said to be relatively easy if it is separable [191].  

 

7.9.2 Benchmark Test Functions for Validating WHO 

The following three benchmark functions have been used to validate the performance of WHO in 

comparison with PSO. These functions have different parameters mentioned as under: 

 

A- Ackley Function 

This function has the characteristics of continuity, differentiability, non-separabilty, scalability 

and multimodality [192]. The mathematical expression of the function is  

푓(푥) = −20푒 . ∑ − 푒 ∑ ( ) + 20 + 푒																																(7.27) 

The search range is −35 ≤ 푥 ≤ 35. The global minima exists at multimodal origin, and the 

value of minima is 푓(푥) = 0. Test results of PSO and WHO are as follows: 

 

푃푆푂:									푓(푥) = 0.0060																		at	best	particles:			 − 0.0020								and										0.0005 

푊퐻푂:						푓(푥) = 2.0319 × 10 				at	best	beest:												1 × 10 							and					 − 0.0003 
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B- Leon Function 

This function has the characteristics of continuity, differentiability, non-separabilty, non-

scalability and unimodality [193]. The mathematical expression of the function is  

푓(푥) = 100(푥 − 푥 ) + (1− 푥 ) 																																																										(7.28) 

The search range is −1.2 ≤ 푥 ≤ 1.2. The global minima exists at (1, 1), and the value of 

minima is 푓(푥) = 0. Test results of PSO and WHO are as follows: 

 

푃푆푂:									푓(푥) = 0.0028																		at	best	particles:					0.9798								and										0.9552 

푊퐻푂:						푓(푥) = 1.3717 × 10 				at	best	beest:												0.9883							and										0.9767 

 

C- Egg Crate Function 

This function has the characteristics of continuity, separabilty and non-scalability. The 

mathematical expression of the function is  

푓(푥) = 푥 + 푥 + 25[sin (푥 ) + sin (푥 )]																																																			(7.29) 

The search range is −2휋 ≤ 푥 ≤ 2휋. The global minima exists at (0, 0), and the value of minima 

is 푓(푥) = 0. Test results of PSO and WHO are as follows: 

 

푃푆푂:						푓(푥) = 1.8594 × 10 					at	best	particles:					0.0017																and										0.0021 

푊퐻푂:			푓(푥) = 2.5847 × 10 			at	best	beest:	 − 0.1931 × 10 							and										0.2492 × 10  
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7.10 Validation of Optimized Results through HFSS 

In the light of above discussions and results, we may say that various types of microstrip patch 

antennas can be jointly optimized with great success. This successful optimization is equally 

valid for constraint and non-constraint design. However, we have made an attempt to validate 

our optimized results by comparing them with the results through HFSS. For this purpose, we 

have selected area constraint design problems of PSMA and PHMA at different lower edge 

frequencies and optimized their desired parameters by employing WHO. The outcome of WHO 

is then validated through HFSS on for the same desired parameters. The comparison can be seen 

in Table 7.15 and Table 7.16. These comparative analysis show that the optimization algorithms 

are successful in designing joint optimized constraint problems. 

 

Table 7.15: Validation of WHO optimized results with HFSS 
for PSMA at different lower edge frequencies (Area constraint) 

Sr. 
No. 

Observed 
Parameters Desired Optimized HFSS 

Geometric Dimensions 
L (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.508515516 2.54 

1.630640414 0.897220915 Bandwidth (GHz) 8.1 8.091484484 8.1 
Quality Factor 0.64 0.637284158 0.64 

2 
Frequency (GHz) 3.1 3.095012002 3.13 

1.298282183 0.424264695 Bandwidth (GHz) 7.5 7.504987998 7.51 
Quality Factor 0.76 0.763192511 0.76 

3 
Frequency (GHz) 3.5 3.51071247 3.51 

7.390767104 0.184735988 Bandwidth (GHz) 7.1 7.08928753 7.17 
Quality Factor 0.86 0.86049425 0.86 

4 
Frequency (GHz) 4 4.002488294 4.11 

6.808361816 0.463352203 Bandwidth (GHz) 6.6 6.597511706 6.61 
Quality Factor 0.99 0.987274224 0.98 

5 
Frequency (GHz) 4.8 4.838489841 4.84 

2.993897734 0.050916641 Bandwidth (GHz) 5.8 5.761510159 5.77 
Quality Factor 1.23 1.243001113 1.24 
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Table 7.16: Validation of WHO optimized results with HFSS 
for PHMA at different lower edge frequencies (Area constraint) 

Sr. 
No. 

Observed 
Parameters Desired Optimized HFSS 

Geometric Dimensions 
H (cm) p (cm) 

1 
Frequency (GHz) 2.5 2.497340126 2.48 

1.833599948 0.820779892 Bandwidth (GHz) 8.1 8.102659874 8.13 
Quality Factor 0.64 0.634986031 0.62 

2 
Frequency (GHz) 3.1 3.09484731 2.94 

1.517914768 0.336762614 Bandwidth (GHz) 7.5 7.50515269 7.57 
Quality Factor 0.76 0.763155457 0.77 

3 
Frequency (GHz) 3.5 3.491741714 3.51 

2.982559884 0.106815325 Bandwidth (GHz) 7.1 7.108258286 7.19 
Quality Factor 0.86 0.855875882 0.86 

4 
Frequency (GHz) 4 3.999711833 3.97 

4.165289307 0.404105682 Bandwidth (GHz) 6.6 6.600288167 6.47 
Quality Factor 0.99 0.986516576 0.96 

5 
Frequency (GHz) 4.8 4.722721308 4.72 

0.505821304 0.014512549 Bandwidth (GHz) 5.8 5.877278692 5.75 
Quality Factor 1.23 1.203851192 1.21 

 

7.11 Discussion on Results 

We have jointly optimized three different shaped printed monopole microstrip patch antennas 

namely printed square monopole antenna (PSMA), printed circular monopole antenna (PCMA) 

and printed hexagonal monopole antenna (PHMA) for the ultra wide band frequency range. GA 

and PSO have been successfully used for weighted and constraint optimization approach.  

The novelties of the work are: 

 Unlike numerous individual and single objective optimization works in the literature 

[194]-[196], we have successfully applied joint multi-objective optimization to design 

three different shaped antennas using heuristic algorithms. Heuristic approach, especially 

PSO has never been applied for such problems. 
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 We have also developed a new heuristic algorithm namely Wildebeest Herd Optimization 

(WHO) algorithm. It is based on the living wildebeest in their herd and migrating from 

one point to another for food and water. All the multi-geometrical antennas have been 

designed and optimized on WHO in addition to GA and PSO. The comparative analysis 

show that the developed algorithm is much better than the existing algorithms. 

 The ultra wide band systems are the most suitable systems having low power 

consumption along with high data rate transmission. However, designing of antenna for 

UWB application has always been a challenging job. Furthermore, it is always desirable 

to have more freedom by designing various shaped antennas with similar electrical 

characteristics. Having this freedom, these antennas can be used in either side (transmit 

or receive) depending on their physical constraint such as area [58]. We have successfully 

designed such type of identical antennas with different shapes. 

 Moreover, this work provides a novel framework that can further be used as future work 

for designing different shaped antennas for various frequency spectrums. 
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Chapter 8 Conclusion and Future 
Recommendations 

 

8.1 Conclusion 

A numerous high performance communication hardware are designed in such a way that they 

occupy low volume and have as reduced weight as possible for the ease of mobility and 

portability. The examples of such high performance hardware are satellites, radars, spacecrafts, 

rockets, missiles, mobile hand sets, and many other portable wireless products. These specialized 

hardware require a dedicated antenna for communication purposes. 

The antenna used in these communication hardware must have some distinctive features. For 

example, the antenna must have reduced weight and volume (size), it must be easily designed 

and installed. And on top of all, it must be cost effective without compromising its performance. 

Microstrip patch antenna has all such characteristics, and it is most widely used for 

communication in the above high performance hardware.  

On the other hand UWB communication is employed for extremely high data rates because of 

short pulse transmission. The data security in this system is therefore very high. Moreover, UWB 

systems has quite low power consumption. 

The most appropriate compact size antenna for UWB applications is microstrip patch antenna. 

However, designing of an antenna for UWB application has always been a challenging job. 

Furthermore, it is always appreciable having more freedom by designing various shaped 

antennas with similar electrical characteristics. Having this freedom, these antennas can be used 

in either side (transmit or receive) depending on their physical constraint such as area. 
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But in order to ‘tune’ various shape antennas at same electrical and/or physical characteristics, 

joint optimization must be employed. 

Joint optimization is a complex computational task which cannot be solved through classical 

optimization approaches, rather it needs heuristic approaches. It is a well known fact that two 

heuristic approaches are most effective in the areas of antenna and electromagnetics. These are 

genetic algorithm and particle swarm optimization. 

In this dissertation, three different shaped microstrip printed monopole patch antennas have been 

jointly optimized via genetic algorithm and particle swarm optimizations. Moreover a new 

optimization algorithm (WHO) has been proposed and employed on the same optimization 

design problems. The comparative analysis for antenna optimization problems shows that the 

proposed algorithm performs much better as compared to both the existing algorithms. In 

addition to joint optimization, these antennas are optimized for multi electrical parameters 

(multi-objective) on weighted and constrained approaches. These results have been validated 

through HFSS. 

Besides the heuristic optimization, we have presented the neural modeling of a patch antenna for 

the calculation of single and multi objective parameters. We have also developed the neural 

model for an array of patch antenna. All of its results have been compared with the numerical 

computational software Ansoft HFSS. A MIMO system can be formed using this array on both 

sides of a Rayleigh channel. By employing the neural model, we have made an attempt to 

increase the channel capacity. 

Finally, in the last two chapters (Chapter 6 and Chapter 7); some of the graphical representations 

of various simulated results show the ripple effect. This is because of the stochastic nature of 

optimized design problems. 
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8.2 Future Recommendations 

The work undertaken by this dissertation opens numerous avenues for further research in this 

area. A few of ideas derived from this work are as under: 

1- The work has been undertaken for microstrip patch antenna and its arrays. However, the 

research can be extended for various other types of antennas and their arrays such as 

dipole antennas, aperture antennas etc. 

2- A planar patch array has been modeled through ANN. Different other orientations can be 

implemented such as circular and hybrid arrays. 

3- The dissertation shows the optimization of antenna on ultra wide band spectrum. 

However, optimization on other spectrums can also be taken as a different task. 

4- We have jointly optimized different patch antennas with their area as ‘constraint’. Other 

physical parameters can also be taken as constraints. Moreover, multi-constraints 

optimization can be considered as future work. 

5- We have derived back-propagation weight update equation for complex data and 

presented the work on channel capacity enhancement. However, using some suitable 

heuristic approaches, the channel capacity can be optimized. 

6- We have used Raleigh channel for the channel capacity enhancement model. Any other 

channel can also be taken as future work such as Rician channel. 
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List of Symbols 

퐷   Antenna dimension 
퐺   Antenna gain 
휆   Operating wavelength 
휆    Free space wavelength 
푅   Antenna field region distance 
풲   Instantaneous value of pointing vector 
푊    Radiation density 
ℰ   Electric field intensity 
ℋ   Magnetic field intensity 
퐄   Electric field vector 
퐇   Covariance matrix for Rayleigh fading channel 
퐐   Covariance matrix of transmitted symbols 
퐶   Ergodic channel capacity 
풫   Total instantaneous power 
푃    Antenna average radiated power 
푛   Normal unit vector 
푈   Radiation intensity 
푈    Isotropic radiation intensity 
푈    Maximum radiation intensity 
퐷    Maximum directivity 
푆    Input voltage reflection coefficient 
푆    Reverse voltage gain 
푆    Forward voltage gain 
푆    Output reflection coefficient 
푺    Transmitter scattering parameter matrix 
푺    Receiver scattering parameter matrix 
푺    Reverse coupling matrix 
푺    Forward coupling matrix 
푀   No. of transmit antenna in MIMO system 
푁   No. of receive antenna in MIMO system 
퐿   Length of the metallic patch 
푡   Thickness of the metallic patch 
ℎ   Thickness of substrate 
휖    Dielectric constant of substrate 
휖    Permittivity of free space 
휖    Effective dielectric constant 
휇    Relative permeability 
휇    Permeability of free space 
푊    Substrate width 
푊    Patch width 
푊    Feed line width 
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퐿    Substrate length 
퐿    Patch length 
퐿    Feed line length 
퐿    Effective length of patch 
Δ퐿   Differential length of patch 
푠   Width wise spacing between patches 
푑   Length wise spacing between patches 
푓    Resonant frequency 
푓    Central frequency 
푓    Lower edge frequency 
푓    Higher/upper edge frequency 
푄   Quality factor 
휂   Intrinsic impedance 
휂    Reflection efficiency 
휂    Conduction efficiency 
휂    Dielectric efficiency 
휂    Radiating efficiency 
푍    Reference impedance of patch 
푍    Antenna input impedance 
퐙    Transmitter impedance matrix 
퐙    Receiver impedance matrix 
퐙    Transfer impedance matrix 
푎    Incoming propagation wave vector 
푏    Outgoing propagation wave vector 
Γ   Voltage reflection coefficient 
푣   Particle velocity used in PSO 
푥   Particle position used in PSO 
휔   Inertia factor used in PSO 
푐    Self confidence used in PSO 
푐    Confidence of swarm used in PSO 
훿   Error gradient of back propagation algorithm 
훼   Learning rate 
휉    Average square error energy 
푘   Wave number 
훽   Excitation phase difference 
푝   Wildebeest momentum 
푤   Wildebeest location 
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