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ABSTRACT

The reconstruction of microwave images is generally considered as a nonlinear and 

ill-posed inverse scattering problem. Such problems are generally solved by the 

application of iterative numerical methods. However, the accuracy of images 

reconstructed by traditional methods is heavily dependent on the choice of the initial 

estimate used to solve the problem. Thus, with the aim to overcome this problem, 

this research work has reformulated inverse problems into global optimization 

problems and investigated the feasibility of solving such problems via the use of 

stochastic optimization techniques. A number of global inverse solvers have been 

implemented using different evolutionary strategies, namely the rivalry and 

cooperation strategies, and tested against a set of imaging problems involving 3-D 

lossless and lossy scatterers and different problem dimensions. Our simulation results 

have shown that the particle swarm optimization (PSO) technique is more effective 

for solving inverse problems than techniques such as the genetic algorithms (GA) 

and micro-genetic algorithms (pGA). In addition, we have investigated the impact of 

using different PSO neighborhood topologies and proposed a simple hybrid 

boundary condition to improve the robustness and consistency of the PSO technique. 

Furthermore, by examining the advantages and limitations of each optimization 

technique, we have proposed a novel optimization technique called the micro-particle 

swarm optimizer (pPSO). With the proposed pPSO, excellent optimization 

performances can be obtained especially for solving high dimensional optimization 

problems. In addition, the proposed pPSO requires only a small population size to 

outperform the standard PSO that uses a larger population size. Our simulation 

results have also shown that the pPSO can offer a very competitive performance for 

solving high dimensional microwave image reconstruction problems.
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CHAPTER 1

INTRODUCTION

SOME REAL PROBLEM FACTS ...

1. Around the world there are about 110 million active land mines have been 

deployed, and another 110 million are waiting to be planted. With this 

alarming figure of land mines, approximately 2000 people are killed or 

maimed by mine explosions every month. To clear these active mines 

completely, a monetary and time cost of 33 billion dollars and 1100 years 

would be required, respectively, provided that no additional mines are 

planted. Source: Land mine facts, the United Nations [1],

2. It has been reported that in the United States, breast cancer is the most 

common non-skin cancer found in women and second leading cause of female 

cancer mortality. From the figures provided by the American Cancer Society, 

an estimated 212920 and 61980 new cases of invasive and in situ breast 

cancers are expected in the year 2006, respectively. In addition, an estimated 

41430 breast cancer related deaths are also expected. Source: National 

Cancer Institute [2], and the American Cancer Society [3],

1.1 MOTIVATION AND OBJECTIVES

In this world, there exist many different types of complex problems that are affecting 

people’s life. While some of these problems are considered as life-threatening and 

some are less significant, the negative consequences can often be minimized or even 

rectified by having in place a problem detection mechanism. As an example
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Chapter 1 Introduction

highlighting the importance of problem detections, the American Cancer Society has 

reported that through the increased rate of breast cancer screening the death rate from 

1990 to 2002 has declined by an average of 2.3% per year in all women combined, 

and the 5-year survival rate is as high as 97.9% [3], [4].

With the aim to further improve existing detection methods and expand the scope of 

possible applications, numerous novel detection methods have been proposed and 

investigated by researchers around the world. This has seen a renewed interest in 

extending the use of microwaves from wireless communications to non-invasive 

imaging applications. Such microwave imaging methods are capable of revealing the 

spatial distribution of dielectric properties within a test object so that different media 

can easily be identified based on the contrast information produced. Furthermore, 

coupled with advantages such as the use of non-ionizing low-power radiation and 

relatively low cost for the system hardware, microwave imaging is considered as a 

very promising candidate for applications such as subsurface detection and 

biomedical diagnosis, etc.

However, the microwave image reconstruction process is equivalent to solving a 

highly nonlinear and strongly ill-posed inverse scattering problem. Thus, the 

development of an accurate and efficient reconstruction method is highly influential 

to the advancement of microwave imaging applications. In this dissertation, all 

research work and investigations are motivated by this need of finding a simpler and 

yet accurate alternative to the existing reconstruction techniques. The main 

objectives of this research work are summarized as follows:

• To focus on realistic problem scenarios by considering the reconstruction of 

microwave images for different three-dimensional (3-D) dielectric objects 

rather than infinitely long two-dimensional (2-D) dielectric cylinders.

• To investigate the feasibility of using the stochastic global optimization 

approach for solving high dimensional microwave image reconstruction 

problems.
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• To study the general implementation method for different stochastic 

optimization techniques, and investigate each technique’s strength and 

weakness with respect to solving microwave image reconstruction problems.

• To benchmark the performance of different stochastic optimization 

techniques and use the results obtained to evaluate the suitability of each 

technique for solving microwave image reconstruction problems.

• To further improve the efficacy of the existing optimization technique by 

modifying and/or introducing new operators into the flow of the algorithm.

• To combine the advantages of different existing optimization techniques and 

use these factors to propose a novel optimization technique for solving high 

dimensional microwave image reconstruction problems.

1.2 METHODOLOGY

For this research work, the idea of transforming the inverse scattering problem into a 

global optimization problem has been followed. It is assumed that solutions 

correspond to the correct and false images exist in an unknown problem space, and 

such problem space can be linked to any stochastic global optimization technique via 

an appropriate objective function.

The microwave image is reconstructed through an iterative process that consists of 

four major elements. The first two elements are the inputs to the reconstruction 

process and they are identified as the randomly formed initial trial solutions and 

scattered field data obtained from the measurement. These inputs are then processed 

by two other elements in the reconstruction process, viz. the forward and inverse 

solvers, where the outputs of the forward and inverse solvers are essential for 

directing the reconstruction process towards the correct image. Fig. 1.1 shows the 

flow of this iterative reconstruction process and interactions between the four 

elements. It can be seen from Fig. 1.1 that the forward solver takes the initial trial 

solutions as its first input, and the scattered field values computed by the forward 

solver are then used together with the measured data as the inputs for the inverse
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Measured scattered field 
values

Computed scattered 
__ field values

Iteration = 1

Iteration > 1

Updated trial 
solutions Inverse solver

Forward solver

Randomly formed initial 
trial solutions

Fig. 1.1: The flow of an iterative microwave image reconstruction process.

solver. Based on these two inputs, the inverse solver adjusts the accuracy of the trial 

solutions and feeds the updated trial solutions back to the forward solver. This 

iterative process is continually repeated until the terminating criteria set by the 

operator have been satisfied.

Note that both inputs to the reconstruction process are not restricted to any hardware 

setup or initialization method, and it is also assumed that both the forward and 

inverse solvers have the greatest flexibility in their implementations. That is, a 

reconstruction process can be implemented based on any combination of numerical 

techniques used for forward and inverse solvers. For example, the forward solver 

may be implemented by either finite-difference time-domain (FDTD) technique, 

method of moment (MoM) or finite element method (FEM), while possible 

candidates for the inverse solver can be range from the distorted Born iterative 

methods (DBIM) to optimization methods such as the genetic algorithms (GA), etc.

For this research work, due to the absence of measured data, we have synthesized all 

our measured scattered field values via the FDTD technique and coded a Matlab [5] 

script to automate a MoM based software package known as FEKO [6] for the 

implementation of the forward solver element shown in Fig. 1.1. By using these two 

different numerical techniques we have avoided committing the inverse crime, which
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is defined as the act of using an identical numerical technique for generating both the 

synthetic data and forward solutions for solving an inverse scattering problem [7].

Also, as the main aim of this research work is to investigate the feasibility of using 

stochastic optimization techniques to solve inverse scattering problems, the focus is 

therefore on the use of different optimization techniques for the inverse solver 

element shown in Fig. 1.1, and study each technique’s strengths and shortcomings 

with respect to solving inverse scattering problems.

Identical problem scenarios and conditions will be applied to different optimization 

techniques, and each technique will be implemented based on their most basic and 

common approach. This is done to prevent any technique from enhancing its 

optimization performance by incorporating extra modifications or features into the 

technique, and allows us to obtain a fair and meaningful comparison on the overall 

performances between different techniques. In addition, by having each technique 

implemented in their basic form, the overall performance obtained can be considered 

as the bottom-line for each technique and each technique’s pros and cons for solving 

inverse scattering problems can be easily related back to the operators used.

Finally, as this research work involves the use of several different stochastic global 

optimization techniques, the implication of the “no free lunch theorem” by Wolpert 

and Macready [8], [9] has also been considered in this research work. The theorem 

states that all optimization techniques would, on average, perform equally well when 

applied to the set of all possible functions. However, this theorem can only hold 

when the following three unpractical conditions are met [10]:

1. the revisit of points are not counted,

2. all functions are considered, and

3. the effort in determining the next search point is ignored.

In addition, for most of the real-world problems there are only subsets of the set of 

all functions are involved and based on the work done by Christensen and Oppacher 

[11], it is possible for the no free lunch theorem to be invalid over certain subsets. 

Thus, for this research work, we have assumed problem spaces posed by microwave
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image reconstruction problems as limited subsets of the set of all functions and it is 

possible for an optimization technique to perform, on average, better than other 

techniques. We will not attempt to characterize such subsets in our work. Instead, the 

benchmarking results between different techniques will be used to support this 

assumption.

1.3 LITERATURE REVIEW ON MICROWAVE IMAGING

In microwave imaging, the goal is to remotely determine the spatial distribution of 

electromagnetic (EM) properties of an object under investigation (OUI). This is done 

by subjecting the OUI to microwave radiation and process the scattered field values 

measured from outside of the OUI. Such reconstruction process is considered as a 

classical inverse scattering problem, where the problem is non-unique, nonlinear and 

ill-posed due to the presence of non-radiating sources, diffraction and multiple 

scattering, and limits in measurements [12-18].

To solve this inverse scattering problem effectively and efficiently, much research 

effort have been devoted into the following three areas:

1. Research in fast and efficient forward solvers for use in the reconstruction 

process,

2. Research in reconstruction algorithms that are able to handle the nonlinearity 

and ill-posedness of the inverse scattering problem, and

3. Development of imaging systems, and evaluation of different imaging 

methods and possible applications.

In this section, we will review some of the work done in the areas mentioned above.

1.3.1 Forward Solvers

The forward problem is generally defined as the determination of EM fields resulting 

from subjecting a known scatterer to a known source or incident field. Solving such
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forward problems has always been a challenging field of study for many practical 

EM applications such as the prediction of the radar cross section (RCS), propagation 

and interaction of EM waves with biological media, etc.

The role of the forward solver in microwave image reconstruction is to compute the 

expected scattered fields for configurations characterized by the trail solutions. Since 

the execution of the forward solver is a recurring process, as shown in Fig. 1.1, the 

incorporation of a fast and efficient forward solver would result in a significant 

reduction in the overall computational cost. Thus, before moving into the details of 

reconstruction algorithms, it is important to study different types of forward solvers.

In general, forward solvers can be classified into either approximation methods or 

numerical methods. Both types of forward solvers are aimed at solving the forward 

problem, which is often expressed mathematically as the volume integral shown 

below:

E{r)=Emc(r)+ \dr'G(r,r')-0(r’)E(r’) (1.1)

where E and Emc are the total field and incident field, respectively; G(r,r') is the 

dyadic Green’s function; 0(r') is the inhomogeneity defined by:

0(E) = a)2 (jus - jibsb)=k2(r')~ k] (1.2)

where k2(r') represents an inhomogeneous medium over a finite domain Vand kl is 

the background medium outside of V.

For approximation methods, the scattered field is assumed to be linearly proportional 

to the inhomogeneity under certain conditions. For example, when a weak scatterer is 

involved in the problem, the Born approximation method assumes that

E{r)~E,Jr) (1.3)

and (1.1) can then be expressed by the first order Born approximated as [14]:

E(r) = E,Jr)+ \dr'G(r,r')0{r')E,Jr') (1.4)
V
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Also, by denoting ^dr'G(r,r')-0(r')Emc(r') as y/^(r), we can express the higher
v

(z+l)th order approximation in terms of the /th solution as [19], [20]:

lA'CF \dr'G{ry)-0{rfEmc{r') + V‘(r')] 0-5)
V

Similarly, the Rytov approximation method is derived based on the scalar wave 

equation by first assuming the wavelength is much smaller than the size of the 

inhomogeneity. By denoting the total field i//(r) as ej<t>^n and letting the total phase 

as the sum of the incident phase and the scattered phase, i.e. (f)(r) = <J>0(r) + </>\(r), the 

well known scalar wave equation, [v2 + k2 (r)}//(/“) = 0, can then be rewritten as 

[14]:

[V2 + k2(r)}//J i = -y y/0 (V <j>x )2 + jy/0O(r) (1.6)

where y/o is the incident field; (f)\ is the scattered phase andO(r) is the inhomogeneity. 

By assuming (f)\ is small, (1.6) can then be approximated as

[v2 +k2h(r)\//Jl = jif/0O(r) (1.7)

where the solution to (1.7) is

A =---- 7-x \dr'g(r,r')y/Q(r')o(r') (1.8)
'Col n

It should also be noted that different conditions need to be applied to ensure the 

accuracy of the two approximation methods mentioned above. For the first order 

Born approximation method to be valid, the change in phase between the incident 

field and the wave propagating though the object needs to be less than n [19-21]. 

That is:

ans < ^ l1-9)

In [14], [19] and [20] different expressions for the total field, y{r), have been adopted for the 
derivation of the Rytov approximation method. In [14], \p{r) is expressed as exp{j<f{r)], whereas in 
[19] and [20], ip(r) is expressed as exp[$>)f
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where a is the radius of a homogeneous cylinder; ns is the change in refractive

index; and A is the wavelength of incident wave. The Rytov approximation method, 

on the other hand, will remain valid as long as [19-21]

ns »
\ 2n )

where Vyi, is the change in the complex scattered phase per unit distance.

(1.10)

While the Rytov approximation method is generally considered to be more accurate 

than the Born approximation method [20], both methods are equivalent to each other 

when the scattered field is very weak [14]. Practically, both the Born and Rytov 

approximation methods have been commonly applied in applications where the data 

is collected in backscattering and forward scattering directions, respectively [21], 

[22], Furthermore, it has been noted that the Born approximation method works 

better at low frequencies while the Rytov approximation method works better at 

higher frequencies [14]. However, as both approximation methods are only suitable 

for solving weak scattering problems, they are not practical for solving problems 

involving strong scatterers. Thus, to overcome this limitation, numerical methods 

have often been considered as better alternative choices.

Unlike the approximation methods, the numerical methods used for solving forward 

scattering problems are capable of handling the nonlinear nature of the problem and 

the solution accuracy will not be undermined by the presence of strong scatterers. 

Such advantages are feasible based on the fact that these methods are generally 

formulated by solving either the integral equations or partial differential equations 

associated with the Maxwell’s equations. Thus, based on the formulation, numerical 

methods can be considered as either integral equation solvers [23-32] or differential 

equation solvers [33-41],

For integral equation solvers, the number of unknowns that needs to be solved is 

usually less than differential equation solvers as the unknowns are the induced 

sources rather than fields that cover the whole problem space. However, a much
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higher computational cost is associated with solutions computed via the integral 

equation solvers, as the integral equations need to be converted into dense matrix 

equations and solved either LU decomposition or iterative techniques [42].

Currently, the MoM is most well known integral equation solver in the 

electromagnetic community. It was developed based on the Galerkin’s method for 

the discretization of integral equations into matrix equations, and improvements such 

as the use of the modified Galerkin’s method, etc have since been proposed to 

achieve a better accuracy and efficiencies for the method [43-47], However, when 

dealing with forward problems involving large dielectric scatterers, especially 

inhomogeneous cases, the method still needs to face many computational 

complexities such as solving a double volume integral or a triple integral for the 

expression of self and mutual impedances [31]. Thus, to further reduce the 

computational complexity involved in the MoM, many researchers have began to 

work on new integral equation solvers such as the fast multipole method (FMM) [48

54] and its multilevel generalization, the multilevel fast multipole algorithm 

(MLFMA) [54-59]. These new iterative methods are computationally more efficient 

than the traditional MoM as the complexities involved in matrix vector multiplies 

have been significantly reduced by the diagonalization of the translation matrix and 

the use of interpolation and anterpolation techniques, as seen in the MLFMA.

Alternatively, differential equation solvers such as the FEM and FDTD technique are 

also popular candidates for solving forward problems. Although there are more 

unknowns present, differential equation solvers are more straightforward and require 

less analytical manipulations for their formulations. The FEM and FDTD technique 

differ from each other in how the differential operators are approximated and the 

differential equations are satisfied. For the FEM, the variational principle is first 

applied to establish a variational problem that is equivalent to the original problem, 

and the solution is computed by subdividing the solution domain with triangular 

elements such as tetrahedral elements. The vector basis functions [60-62] are then 

used to represent the field within the elements and lead to the construction of a 

symmetric and sparse matrix of equations that need to be solved. Since the FEM
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(/ + \,j,k + 1) (/ + 1, j + 1, k + 1)

/f-field

(i, j + f&)

Fig. 1.2: The unit cell used in Yee’s original FDTD algorithm.

works on a sparse matrix of equations, a much less computational cost is required as 

compared to solving a dense MoM matrix. However, it should be noted that, when 

solving open-region problems, the FEM mesh must be truncated with an appropriate 

absorbing boundary condition (ABC) to obtain a bounded computational domain and 

limiting the number of unknowns. Currently, it has been shown that boundary 

conditions based either eigenfunction expansion or integral equation can produce 

accurate and reliable solutions [41, 63-69],

The FDTD technique, on the other hand, has the advantage where the matrix vector 

product seen in other forward solvers is computed via simple computer operations, 

and its rectilinear mesh need not be stored. Thus, the FDTD technique is considered 

as an even more computationally efficient matrix-free and mesh-free forward solver

[54], The technique was first developed by Yee [33] in 1966 and later promoted by 

Kunz and Luebbers [34], and Taflove [35]. It is a second-order accurate technique 

that computes the EM fields via the application of the central finite-difference 

approximation in space and a leap-frog scheme in time. Such operations are best 

explained by examining the unit cell used in Yee’s original algorithm, which is 

shown in Fig. 1.2. It can be seen from the figure that the electric and magnetic field
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components are interlaced within the unit cell, where the electric field components 

are in the middle of the edges while the magnetic field components are in the center 

of the faces. The evaluation of these field components are performed at alternate 

half-time steps. For example, the electric field components at the current time step, n, 

are evaluated from its previous state, n-1, plus the surrounding magnetic field

components in the previous half-time step, n - — . With this direct approach of

solving the differential form of the Maxwell’s equations, the FDTD technique is 

capable of generating the solution for all time and frequencies at once.

However, similar to the FEM, the FDTD technique also requires an appropriate ABC 

to enclose its computational domain so that the EM fields will not reflect back to the 

computational domain and generate unwanted computational errors. Currently, the 

Mur ABC [70] and Berenger’s perfectly matched layer (PML) [71] are the two most 

common ABCs used for the FDTD technique. The Mur ABC is derived from the 

approximate differential equation that expresses a traveling plane wave at the 

boundary of the computational domain, while the PML is a material ABC that acts as 

a virtual EM absorber and operates its absorption of the incoming EM waves through 

conductive losses. Out of the two choices, the PML is the more accurate option and it 

has been shown that the PML can outperform the second order Mur ABC by orders 

of magnitude in terms of reduced reflection coefficients [72]. With this superiority, 

the PML itself has become a popular topic for many researchers [73-76].

Regarding to the limitations of the FDTD technique, one must be aware of the 

following constraints:

1. the modeling of a curved media interface via the stair-stepped approximation 

will always introduces errors to the solution,

2. the grid dispersion error [34], [35] will cause a wave to have different phase 

velocity on a cell compared to the exact solution, and

3. the FDTD technique will be unstable and produces an unbounded numerical 

error if the Courant stability condition is not satisfied. The Courant stability 

condition is defined as:
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i_i_ _j_ _j_ (U1)

V (a*)2 (4f)2 (.tef

where umax is the maximum wave phase velocity within the model, and Ax, A_y 

and Az are the cell dimensions.

In practice, the above constraints can be relaxed or circumvented by extending the 

FDTD technique to coordinate systems other than the Cartesian system [77-81], or 

using methods such as nonuniform meshing [82-85], subgridding [86-88], contour 

FDTD [89], local conformal FDTD [90], [91], multiresolution time-domain (MRTD) 

method [92], pseudospectral time-domain (PSTD) method [93] or alternating direct 

implicit FDTD (ADI-FDTD) technique [94-100].

In summary, both the integral and differential equation solvers would require much 

more computational resources as compared to the approximation methods. However, 

because the numerical methods can accurately solve forward problems involving 

strong scatterers, they are more suitable for incorporating into microwave image 

reconstruction algorithms.

In this research work, since we have used our own FDTD code to synthesize the 

measured scattered field values for all simulations, the accuracy of our FDTD code is 

confirmed by comparing its results with FEKO results for a scenario shown in [101] 

and the results are presented in the Appendix A. Note that the software package 

FEKO"2 is used for the role of the forward solver in our image reconstruction process, 

as shown in Fig. 1.1.

1.3.2 Inverse Solvers

H2 Apart from being a MoM based solver, the software package FEKO also includes a hybrid 
MoM/FEM solver and a MLFMA solver.

Page 13



Chapter 1 Introduction

The idea of solving inverse problems involves the determination of dielectric 

properties of the scatterer from the measured scattered field values and the 

knowledge of the radiation source or incident field. In the past, both linear [14, 19, 

20, 102-105] and nonlinear [14, 106-119] solvers have been proposed to solve such 

class of problems and the limit on the image resolution of these solvers has also been 

studied for the cases of far- and near-field imaging. It has been reported that for far- 

field imaging the resolution is limited by the wavelength [108, 120, 121], while the 

resolution for near-field imaging is limited by the available signal-to-noise ratio 

(SNR) [122],

Typical examples for the linear solvers include the computed tomography (CT) and 

diffraction tomography (DT). For the case of CT, it is assumed that the wave is 

propagating in a straight line and effects such as diffraction and multiple scattering 

are ignored [20], [102]. Flowever, when microwave is used as the interrogation 

source the relationship between the scatterer and the measured scattered field is 

usually considered as a nonlinear one. Thus, such linear assumption is not practical 

for reconstructing microwave images.

For the case of DT, it is a linear solver that has taken the effect of diffraction into its 

account but ignored multiple scattering. By computing the scattered field using either 

the Born or Rytov approximation, DT assumes a Fourier transform relationship 

exists between the scattered field and the scattering object function and the filtered 

backpropagation algorithm [105] may be used to recover the Fourier spectrum of the 

scattering object function. However, because either the amplitude of the scattered 

field or the phase perturbation is assumed to be a linear functional of the scatterer, 

such assumption has limited the use of DT to imaging of weak scatterers only. It has 

been reported that the DT based on the Born approximation is limited to scatterers 

where the product of the scatterer diameter and relative refractive index is less than 

0.35/1, while the Rytov approximation is limited to cases where the difference 

between the refractive index of the scatterer and the surrounding media is less than 

2% [19]. If these conditions are violated, the DT would start to break down and 

produce a less accurate solution. As an example, Figs. 1.3(a) and 1.4(a) show the
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Born approximation

(b)
Fig. 1.3: (a) The reconstructed profile of a 2-D cylinder of radius 1.5/1 and 

refractive index 1.005. (b) The cross section of the refractive index on the x-axis.



Chapter 1 Introduction

(a)

— Born approximation

* 1.04

g 1.03

(b)
Fig. 1.4: (a) The reconstructed profile of a 2-D cylinder of radius 1.5 A and 

refractive index 1.05. (TO The cross section of the refractive index on the x-axis.
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reconstructed profile using the first order Born approximation for a 2-D cylinder of 

radius 1.5/1 and refractive indices 1.005 and 1.05, respectively. The corresponding 

cross sections of refractive index on the v-axis are shown in Figs. 1.3(b) and 1.4(b), 

respectively. It can be seen from Fig. 1.4 that a less accurate solution is produced for 

the case where the change in refractive index becomes high.

To overcome the limitations associated with linear solvers, numerous nonlinear 

theories have been proposed to deal with the problem’s nonlinearity [123-127], 

However, except for solving one-dimensional (1-D) problems, none of these theories 

are suitable for practical applications of higher dimensions. This limitation applies 

even for the case of the Gel’fand-Levitan-Marchenko (GLM) integral equation [123], 

as the generalization work done by Newton [126], [127] has yet to produce any 

successful numerical implementations for solving higher dimensional problems. 

Thus, a better way to solve nonlinear inverse problems of higher dimensions is to use 

spatial iterative numerical methods such as the distorted Born iterative method 

(DBIM) [14, 106-108], Born iterative method (BIM) [14, 107, 108], Newton- 

Kantorovich method (NKM) [109-111], and gradient methods [112-117], etc.

For the BIM, the background is assumed to be a homogeneous medium and the 

expression for the scattered field, Es, is obtained by rearranging the volume integral 

equation shown in (1.1) through the relationship Es(r)= E(r)~ Emc(r). That is

linear inverse problem, which in general involves the application of regularization 

methods such as the Tikhonov method [128], Although this procedure will produce 

an erroneous solution due to the initial estimation, it is still useful in terms of

where k2(r) is a function of position; k] is a constant and equals to co2fuhsb ; 

Gb(r,r') is the homogeneous background Green’s function; S is some surface outside 

V. By using an initial estimate for k2(r), a forward solver can be used to computed 

its corresponding total field E(r) and allows us to solve for k2(r) numerically as a
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providing a new estimate for k2(r) and updating E(r) for the next iteration. Thus, 

by repeating this process iteratively, a convergent solution can be obtained via the 

BIM when both k2 (r) and Es stop changing.

In contrast, the DBIM differs from the BIM by not constraining the background to be 

a homogeneous medium, and the Green’s function that propagates the field from a 

point in the scatterer to the measurement point is updated at each iteration. 

Mathematically, the scattered field in the DBIM is expressed as the following 

nonlinear integral equation:

Es(r)= \dr'G{r,r\eb)\k7{r')-kl)F(r'\ reS (1.13)
V

where the background permittivity, e*, in this case need not to be a constant of 

position like the BIM, and k\ is the estimate of the actual k2(r). Since k2(r) cannot 

be solved from (1.13), the DBIM linearizes the problem by letting E(r) = Einc(r) 

and converts (1.13) to an integral equation linear in k2(r')-kb. That is,

£,('•)= jdr'G (r,r\eb)[k2 (/•')-k^]E,„c (r'\ reS (1.14)
V

where, like the BIM, a regularization method can now be used to overcome the ill- 

posedness of the problem and produce an approximation for k2(r) . A new 

G(r,r',sb) is then computed based on the newly approximated k2(r), and this

whole process is repeated iteratively until the k2(r) found gives the same data as the 

measured data.

In general, the BIM is more robust against noise contamination than the DBIM [106]. 

However, the DBIM would converge faster and is better suited for objects with large 

contrast due to its second order convergence as opposed to BIM’s first order 

convergence [107].

Alternatively, being an equivalent to the DBIM [110], [114], the NKM is another 

popular iterative method capable of solving nonlinear inverse problems of higher
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dimensions. The NKM begins with an initial estimation on the scatterer profile and 

progressively adjusts this estimated profile via the use of a Newton-type iterative 

scheme. At each iteration, the difference between the measured data and the scattered 

field computed from the estimated profile is used to construct an analytical 

expression of the derivative matrix, which relates the difference in the scattered field 

to the correction needed for the current scatterer profile. The scatterer profile is then 

adjusted by inverting the derivative matrix through the application of a regularization 

method. This adjustment on the scatterer profile is repeated until the error between 

the measured data and computed scattered field is minimized to a predefined level.

In fact, in addition to being a spatial method for microwave image reconstruction, the 

NKM has also been modified and used as a spectral method for DT [129], [130]. 

With the modified NKM, the regularization method need not to be applied and 

problems that would normally fail to produce an accurate image under the Born 

approximation can now be solved accurately. However, if the contrast becomes too 

high, the modified NKM may still fail under such circumstances [114].

Another iterative approach for solving the nonlinear inverse problem is via the use of 

gradient methods. Since gradient methods can guarantee the global convergence to a 

local minimum, it is used to reconstruct microwave images by minimizing a cost 

function defined by the normalized error in the measured data and scattered field 

computed from the estimated profile [112-117], and in the case of the modified 

gradient method (MGM) the error in satisfying the equation of state is also added 

into the cost function [112], The descent directions can be determined by employing 

either the backpropagation direction, gradient direction, or Polak-Ribiere conjugate 

gradient direction [113]. It has been reported that both the gradient and Polak-Ribiere 

conjugate gradient directions are more robust in terms of convergence, while results 

are obtained faster with the Polak-Ribiere conjugate gradient direction [117]. Similar 

to the NKM, the iterative procedures of the gradient method is generally set to 

terminate when the difference in the measured and computed scattered field is 

approximately equal to the noise level [116]. Note that, although not employed in the 

MGM [112], the application of a regularization method has been shown to be
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beneficial for handling the ill-posedness of the problem and stabilizing the numerical 

implementation [113, 116, 117].

Finally, recent studies in stochastic optimization techniques and their capabilities in 

solving various EM related problems have sparked the emergence of novel global 

inverse solvers. Unlike the methods mentioned above where a single initial estimate 

is used to minimize the cost function, inverse solvers based on the stochastic 

optimization approach operate on a set of initial estimates and the solution is found 

through the use of an iterative parallel search procedure governed by either the 

rivalry strategy [118] or the cooperation strategy [119]. Since the problem space 

modeled by the cost function is searched in parallel, the global inverse solvers can 

easily avoiding traps posed by local minima and tend converge to the solution 

corresponds to the global minimum, thus making them less dependent on the initial 

estimate of the solution. In general, such class of inverse solvers has the following 

advantages:

1. there is no need to worry about the continuity of the cost function as well as 

the gradient information during the minimization process,

2. the search procedure has been shown to be robust and insensitive to ill- 

posedness of the problem,

3. the solvers are stable in terms of convergence and have a good probability in 

finding the global minimum, even when the initial estimates are generated 

randomly,

4. the image reconstruction process can be easily implemented on parallel 

computers.

As for the limitations, the global inverse solvers are known to suffer from a high 

computational cost, which is caused by the large number of calls to the forward 

solver per iteration. However, with the continuous advancements in computers and 

numerous improvements proposed for the stochastic optimization techniques, the 

global inverse solvers will soon become a common spatial approach for 

reconstructing microwave images. In fact, many researchers have already started to 

investigate the use of global inverse solvers for solving inverse problems involving
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2-D dielectric and perfectly electrically conducting (PEC) cylinders [118, 119, 131

139],

In summary, all spatial iterative numerical methods mentioned above require a high 

computational cost as forward solutions need to be computed at every iterations. 

Elowever, it has also been shown that the efficiency as well as the convergence and 

overall accuracy of the image reconstruction process can be improved significantly 

by the insertion of a priori information of the scatterer [110, 140, 141]. Examples of 

such a priori information include the contour of the scatterer, upper and lower 

bounds of the dielectric contrast, etc.

In this research work, inverse solvers based on different stochastic optimization 

techniques will be investigated. In addition, we will attempt to further improve the 

efficiency of existing techniques and propose a novel optimization approach for 

solving inverse problems.

1.3.3 Microwave Imaging Systems, Methods and Applications

As mentioned in the beginning of this section, the focus of the third research area for 

microwave imaging is on the development of imaging systems, and evaluation of 

different imaging methods and possible applications.

Since the measured data has taken the important role of a reference point in solving 

inverse problems, imaging systems that can accurately measure the scattered field 

values would become critical to the entire microwave imaging process. To date, 

various systems have already been proposed and developed to suit different types of 

imaging applications. Typical examples of these systems include the microwave 

planar camera developed by Bolomey et al [142], [143], the circular scanner by Jofre 

et al. [144], the fixed array imaging system by Meaney et al. [145-149], the 

multiview microwave imaging system by Caorsi et al [150], the tomographic 

imaging system by Semenov et al. [151], [152], etc. To further improve microwave
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imaging systems, additional work on the use of different microwave detectors and 

compensation scheme of unwanted wave interactions have also been studied and 

proposed [153-157].

Additionally, it has been suggested that imaging methods such as the multi

illumination multiview approach [116, 158, 159], frequency-hopping approach [160] 

and multiple frequency approach [161-163] can be used to reduce the ill-posedness 

of the problem and improve the quality of the inverse solution. With these 

approaches, the amount of measured data is increased, and images reconstructed at 

lower frequencies can be used as initial estimates for higher frequencies, and hence 

achieving a better resolution. However, as computation of forward solutions is 

involved in each iteration of the inverse solver, extreme care must be taken to avoid 

expensive computational cost. Thus, a compromise must be made between 

computational cost and image quality.

More recently, although not directly related to this research work, confocal imaging 

approach utilizing backscattered ultra-wideband (UWB) signals has also been 

investigated [164-168]. In this approach, the space-time beamforming technique was 

used to focus the interrogation beam to different points in the domain interest and the 

strongest returned signal is associated with the highest contrast with respect to other 

parts of the investigation domain. Such approach has been shown to be useful in 

breast cancer detection and hyperthermia treatments.

Regarding to the possible applications of microwave imaging, extensive studies in 

the fields of industrial, scientific and medical applications have been carried out for 

several decades [169]. However, out of all the possible applications, it is the 

biomedical applications that have attracted the largest attention in the research 

community [170], [171].

With the report on strong contrast in dielectric properties between different organs 

and tissue types over the microwave frequency [172-175], the pioneering work done 

by Larsen and Jacobi [176] has initiated a wide study on the use of microwave
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imaging for different biomedical applications. So far, applications such as the 

detection of breast cancers [147, 164-168, 177-179], myocardial ischemia and 

infarction [116, 151, 152, 180-182], leukemia [183], and temperature monitoring in 

hyperthermia treatment [184] have been investigated. In addition, tissue equivalent 

phantoms have also been widely used for imaging simulations and experiments [122, 

185-188].

In the practical sense, the detection of breast cancers is the most promising 

application for microwave imaging as it has advantages such as physical accessibility, 

small physical size, and large contrast in dielectric properties between normal and 

malignant tissues. Thus, in this research work, we will simulate breast phantoms 

consist of both normal and malignant tissues and use it to test our reconstruction 

algorithms.

1.4 CONTRIBUTIONS

The major contributions of this research work can be summarized as follows:

• While the main bottleneck in reconstructing microwave images is on the 

computation of forward solutions and much effort have been devoted to ease 

this problem, inverse solvers, on the other hand, also have an important role 

to play as they affect the accuracy and efficiency of the image reconstruction 

process. Thus, in this research work, we have concentrated on ways that can 

avoid the reconstruction of false images and attempted to further improve the 

efficiency and effectiveness of the image reconstruction process.

• We have investigated the feasibility of using inverse solvers based on 

different stochastic optimization approaches for reconstructing microwave 

images of 3-D dielectric objects.

• By benchmarking the performances of different techniques in their most basic 

form, we have identified each technique’s strength and weakness and utilized 

this information to determine better ways to implement the inverse solver.
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• We have studied the search behavior of the particle swarm optimization 

(PSO) technique, and proposed a new boundary condition that would enhance 

its performance in terms of robustness and consistency, regardless of the 

problem dimension and the location of the global optimum. The value of 

using the proposed boundary condition for microwave image reconstruction 

has also been demonstrated in this research work.

• We have for the first time investigated the impact of using different PSO 

neighborhood topologies for microwave imaging applications. It has been 

found that with a slower communication scheme, the diversity within the 

swarm can be maintained and particles are encouraged to converge to the 

global solution, which in turn leads to the reconstruction of a more accurate 

image.

• By considering the strengths of different optimization techniques, we have 

proposed a novel optimization technique known as the micro-particle swarm 

optimizer (pPSO). The proposed pPSO operates on a relatively smaller 

population of trial solutions and uses the cooperation strategy to govern its 

search behavior. Based on our simulation results of standard test functions, it 

has been shown that the pPSO is very robust in solving high dimensional 

optimization problems.

• We have applied the proposed pPSO for solving different microwave image 

reconstruction problems, and our results have shown that the overall 

computational cost involved in solving inverse problems can be reduced 

drastically by its small population size. In addition, even with its small 

population size, the microwave images reconstructed by the pPSO is 

comparable with the one reconstructed by the PSO, if not better.

1.5 THESIS OUTLINE

This Ph.D. dissertation is organized as follows. In Chapter 2, we first review the 

basic concepts involved in the well known GA. Its application in solving inverse 

problems is then presented along with a discussion on the choice of objective
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function, impact of SNR, and difference in problem complexities between 

homogeneous and inhomogeneous scatterers. Based on the simulation results, the 

advantage and disadvantage of GA for solving inverse problems is also discussed. In 

Chapter 3, we will study the technique known as the micro-genetic algorithm (pGA), 

and its application in reconstructing microwave images. By comparing performances 

obtained by both the GA and pGA, we will demonstrate the advantage of using the 

“micro” concept in solving inverse problems. Furthermore, the limitations of the 

pGA will also be commented. In Chapter 4, we will shift our focus to an 

optimization technique known as the PSO technique. Like the previous two chapters, 

the concepts involved in the PSO technique will be reviewed at first. After reviewing 

its formulation, we will present a novel boundary condition that can used to enhance 

its search performance in terms of robustness and consistency for solving various 

types of problems. We will then investigate the use of the PSO technique, including 

different neighborhood topologies, for solving microwave image reconstruction 

problems and commenting on its pros and cons as opposed to GA and pGA. Then in 

Chapter 5, we will combine all the advantages seen in the previous three chapters and 

use it to propose our pPSO. After describing its formulation, a set of standard test 

function is used to demonstrate the powerfulness of the proposed pPSO. We then 

proceed to the investigation of using the proposed pPSO to reconstruct microwave 

images and discuss its usefulness for solving such class of problems. Finally, the 

conclusion and possible future work are presented in Chapter 6.
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CHAPTER 2

GENETIC ALGORITHM - A NATURAL 
EVOLUTIONARY BASED APPROACH TO 
MICROWAVE IMAGE RECONSTRUCTION

This chapter presents the terminology and mechanics of the well known genetic 

algorithm (GA). Its application in microwave image reconstruction is also presented 

and discussed with respect to examples given in the current literature as well as our 

own new problem scenarios. Finally, a summary on some of the key issues in using 

GA for microwave image reconstruction is presented at the end of this chapter.

2.1 INTRODUCTION TO GENETIC ALGORITHM

The genetic algorithm (GA) is a well known stochastic optimization technique first 

developed by Holland [189], The algorithm is based on Darwin’s theories of natural 

evolution where a population of alternative solutions follows the rule of survival of 

the fittest. With this evolving and rivalry strategy, the application of GA has been 

investigated for solving many complex problems associated with diverse fields 

ranging from finance to science and engineering [131, 133, 190-200], In addition, to 

improve the robustness of the algorithm, various techniques have been proposed to 

modify and/or hybridize operations involved in the normal GA [201-205].

Fundamental-wise, the GA has following distinct features that are different to many 

other optimization techniques:

1. Rather than search from a single point, a population of alternative solutions 

that act as multiple starting points is used to perform the parallel search for 

the final solution.
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2. For each alternative solution, the GA does not operate on the parameters 

directly. Instead, each solution has its parameters coded into a finite length 

string and such a string is then processed and manipulated by the GA 

operations.

3. The GA is a blind optimization technique. It does not require any auxiliary 

information such as derivatives to assist its search for better solutions. The 

algorithm simply links its solutions to the problem by a cost function, or 

sometimes referred as the objective function (OF), and uses the fitness value 

computed for each individual string to conduct its search.

4. No deterministic operations are used to evolve the GA population. All 

solutions in the GA population are guided to better solutions through the use 

of stochastic operations.

To provide a better understanding of the GA, we will consider an optimization 

problem that involves the minimization of the 2-D Ackley function. Thus, our 

objective function in this case is the 2-D Ackley function, which is defined by:
r 1 2 1 f j 2 \

~exP tZC0S(2otJOF(xx, x2) = 20 + e - 20 exp -°-2AI4
f v - n=1 y V1 «=i J

where -3 < x\, X2 < 3. The problem space described by this 2-D Ackley function is a 

surface that contains multiple local minimums, and is shown in Fig. 2.1. The global 

minimum is located at the coordinate (0,0), where OF(0,0) = 0.

Before we start applying the GA to the problem defined in (2.1), we will first explain 

the key terminology used in the GA. In general, there are six fundamental terms that 

are associated with the algorithm, and these six terms are:

1. Gene:

In the context of the GA, each gene represents a single coded 

parameter in the problem that needs to be optimized. The common 

practice for coding is to code the genes as binary strings. However, it 

is also possible to code the genes using other representations such as 

the floating-point number for the case of the real-coded GA.
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Fig. 2.1: The problem surface described by the 2-D Ackley function shown in (2.1).

2. Chromosome:

A chromosome is defined as a parameter set of the optimization 

problem. It is a finite length string formed by concatenating all the 

genes considered in the problem. In other words, a chromosome can 

be considered as an alternative solution in the problem space as it 

contains all the parameters necessary to construct a solution to the 

problem at hand. Thus, each chromosome has an associated fitness 

value, which is calculated by the objective function and is used to 

indicate the appropriateness of the represented solution.

3. Population:

The term population can be considered as the collection of all 

chromosomes or a pool of solutions. The population size is specified 

by the user, and its purpose is to act as a database of different 

solutions for the GA to perform its evolutionary operations and search 

different parts of the problem space simultaneously.
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4. Generation:

The term generation refers to the iteration of the optimization process. 

It can also be considered as the evolutionary stage of the 

chromosomes, as at the end of each generation a new population of 

chromosomes is generated after performing the GA operations.

5. Parents:

As with the common usage of the term parents, parents in the GA 

language are pairs of chromosomes selected from the current 

generation and are used to produce new chromosomes, or offspring, 

for the next generation. Depending on the relative fitness in the 

population, a chromosome can be chosen as a parent multiple times.

6. Offspring:

Offspring are the new chromosomes generated from the selected 

parents. Each new chromosome produced has features inherited from 

its parents. In other words, a new child is formed by combining the 

substrings of its parent chromosomes.

Fig. 2.2 is an illustration showing the relations between the parameters, genes, 

chromosomes, and population.

With the key terminology explained, we will return to the problem defined in (2.1). 

As it is a two-dimensional minimization problem, two parameters, viz. x\ and X2 

coordinates, are required to be optimized for the search of the global minimum. In 

this example, we have decided to code the two parameters as two 12-bit binary genes. 

The mapping between the binary genes and their original values is done by the 

following coding equation:

h =
2 bu -1

( Nbtt -1
in,

y n=0
+ h (2.2)

where h is the original parameter value; /?max and hmm are the maximum and 

minimum allowed value for the parameter h; Nbu is the number of bits per gene; bn is 

the binary value of the nh bit for the gene representing the parameter h.
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Coding Process

Concatenating Process

Gene 3Gene 1 Gene 2 Gene n

Parameter nParameter 3Parameter 1 Parameter 2

Gene 2 Gene 3 Gene nChromosome

Genes

Parameters

Chromosome 1: 

Chromosome 2: 

Chromosome 3:

Chromosome n:

Gene 1 Gene 2 Gene 3 Gene n

Gene 1 Gene 2 Gene 3 Gene n

Gene 1 Gene 2 Gene 3 Gene n

Gene 1 Gene 2 Gene 3 Gene n

GA Population

Fig. 2.2: The relationships between the problem parameters, genes, chromosomes,

and GA population.

As there are two genes in a chromosome, i.e. Ngene = 2, and each gene is coded as a 

12-bit binary string, it is obvious that each chromosome will be a 24-bit binary string. 

The fitness of each chromosome is determined indirectly by first substitute the 

decoded genes into our objective function in (2.1) and normalize the values 

computed using

Fitness, = OF(x], x2 )max - OF(x], x2). (2.3)

where OF(xi,X2)max and OF(xi,X2), are the maximum objective function value in the 

entire population and the objective function value computed for the zth chromosome, 

respectively. It should also be noted that as we are considering a minimization 

problem, chromosomes of smaller objective function values are considered to be 

better solutions than chromosomes of higher objective function values.

By assuming the GA population size is equal to 8 chromosomes, i.e. NChro - 8, we 

have randomly generated an initial population of 8 24-bit binary strings and tabulated
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Table 2.1: A randomly generated initial population for the problem defined in (2.1).

Index Chromosome Parameter Values
X\ X2

OF(xi,*2) Fitness

1 000001101101000010010010 -2.84029 -2.78608 9.86063 0
2 110000001100010000100100 1.51868 -1.44688 7.47263 2.38800
3 001000010101101110010111 -2.21905 1.34725 8.03714 1.82349
4 011010001101110101101111 -0.54286 2.03883 6.87467 2.98596
5 010101100101010111110110 -0.97656 -0.76410 4.22114 5.63949
6 001111110010010001111000 -1.52015 -1.32381 7.19217 2.66846
7 011000101100111101011100 -0.68498 2.76117 8.49390 1.36673
8 100111000000101000110010 0.65714 0.82418 4.53761 5.32302

Z 22.19515

its corresponding parameter values, objective function values and fitness in Table 2.1. 

From the fitness column in Table 2.1, it can be seen that chromosomes #1 and #5 

represent the worst and fittest initial solution in the entire population, respectively. 

With this initial population, we will explain the three fundamental GA operations and 

see how the GA would evolve its population of chromosomes towards the global 

minimum in the following subsections.

2.1.1 Selection Operation

The first operation is known as the selection operation. It is the process where two 

chromosomes are chosen to act as parents for the crossover operation and produce 

the new offspring. The selection operation can be implemented using either the 

roulette wheel approach or the tournament approach.

For the roulette wheel selection approach, each chromosome in the population is 

treated as a slot on a roulette wheel and the slot size is determined based on the 

chromosome’s fitness. In the actual implementation, the slots are represented by the 

chromosomes’ cumulative probabilities, Q, and the width of each individual slot is 

determined by the selection probability, Pseiect,i, of the corresponding chromosome.
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Fig. 2.3: The roulette wheel portrayed by the initial GA population. The width of 

each slot is proportional to the relative fitness of each corresponding chromosome.

The selection and cumulative probabilities of the /th chromosome are computed as 

follows:

_ fitness t
1 select,i Aj ,1 chro

Y fitness„
n=1

(2.4)

a = E ŝelect,n (2.5)

By substitute the fitness values tabulated in Table 2.1 into (2.4) and (2.5), it can be 

seen that the slot width for the chromosome #1 is equal to zero. This indicates that 

the weakest chromosome in the population has been removed by the rule of survival 

of the fittest, and will not be considered as a parent for the generation of new 

offspring. For all other chromosomes in the population, the zth chromosome will be 

chosen as a parent if Q,.\ < r\ < Qj, where r\ is a uniformly distributed random 

variable generated within the range of [0,1]. Fig. 2.3 is a pie chart that can be 

considered as the roulette wheel portrayed by the initial population shown in Table
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Original Population

Chromosome # 1 Chromosome #2 Chromosome #3 Chromosome #4

Chromosome #5 Chromosome #6 Chromosome #7 Chromosome #8

Create Sub-Populations J

r A r A

Chromosome #3 Chromosome #5 Chromosome # 1 Chromosome #2

Chromosome #7 Chromosome #8 Chromosome #4 Chromosome #6

V Sub-Population #1 J Sub-Population #2 J

C Sorting chromosomes’ fitness values ) ^ Sorting chromosomes’ fitness values

r A f A

Chromosome #5 Chromosome #4

Parent # 1 Parent #2

Fig. 2.4: An example showing how two parent chromosomes are chosen under the 

tournament selection approach. The fitness of each chromosome is shown in the

fitness column of Table 2.1.

2.1. It is clear that fitter chromosomes such as chromosomes #5 and #8 are more 

likely to be selected as a parent due to their larger slot sizes.

For the tournament selection approach, on the other hand, a pair of parent 

chromosomes is selected by randomly divide the original population into two sub

populations and the fittest chromosome of each sub-population is chosen to act as the 

parent. The implementation of this simple concept is very straightforward. It can be 

done by randomly generate Nsub integers within the range of [1 ,Nchro\, where Nsub is 

the population size of the first sub-population and each integer represents the index 

number of the corresponding chromosome. The remaining chromosomes are then 

grouped together to form the second sub-population. A simple sorting algorithm is
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then applied to chromosomes’ fitness values in each sub-population and the 

chromosome of the highest fitness value will be chosen to act as the parent. Fig. 2.4 

shows a graphical example of how two parents are chosen from the initial population 

shown in Table 2.1.

For both roulette wheel and tournament selection approaches, the selection operation 

is repeated until enough offspring have been generated to fill the population for the 

next generation. It should also be highlighted that once the a pair of parents have 

produced their new offspring through the crossover operation, which will be 

explained later, the parents will be removed from their status and put back to the 

population for the participation of the next selection process. In other words, a 

chromosome can be selected multiple times to act as a parent in the selection 

operation, regardless which selection approach is used.

Finally, both selection approaches are very popular among researchers and have been 

used widely in the implementation of the GA. Complexity-wise, the tournament 

selection approach is simpler and has a faster execution time than the roulette wheel 

selection approach. Its time complexity is O(n) while the roulette wheel selection 

approach has a time complexity of 0{n ).

2.1.2 Crossover Operation

In the previous subsection we have explained the selection operation where 

chromosomes of the current generation are chosen as parents for the making of new 

offspring. However, the selection operation alone cannot introduce new solutions to 

the problem space. Thus, to complete the evolutionary process in the GA, the 

crossover operation is used as a randomized and yet structured way for existing 

solutions to exchange their information with each other and explore new regions in 

the problem space.
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Case 1: If r2 > Pcross

Chromosome #5 (Parent #1) 

010101100101010111110110
l

010101100101010111110110 

Child #1

Chromosome #8 (Parent #2)

100111000000101000110010

100111000000101000110010 

Child #2

Case 2: If r2 <

Chromosome #5 (Parent #1) Chromosome #8 (Parent #2)

0101011001010101 11110110 1001110000001010 00110010

1 4 - ________________ 1

r r t

0101011001010101 00110010 1001110000001010 11110110

Child #1 Child #2

Fig. 2.5: An example showing how new offspring are generated by the crossover 

operation. The crossover operation is repeated along with the selection operation 

until the new population for the next generation is filled.

As each alternative solution has its parameters encoded in a chromosome, the 

exchange of information between the chromosomes involves the swapping of data 

contained in chromosomes’ substrings. Also as the crossover operation is a 

randomized process, a crossover probability, Pcr0ss, is used to specify the likelihood 

of two selected parents will actually perform the crossover operation.

In the implementation of the crossover operation, a uniformly distributed random 

number ri is firstly generated within the range of [0,1]. The value of ri is then 

compared with Pcross- If r2 > Pcross, then no crossover operation is performed and 

exact copies of the two parents are copied to the new population for the next 

generation. If r2 < PCross, then a random crossover point is selected within the parent 

chromosomes, and portions of one parent chromosome are used to form the child 

chromosome up until the crossover point. Beyond the crossover point the portions
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from the other parent are used. As a result, two new offspring will be generated at the 

end of each execution of the crossover operation, and this operation is repeated with 

different parents selected by the selection operation until the new population for the 

next generation filled. Fig. 2.5 shows a graphical example of how crossover 

operation is applied to two of the chromosomes in the initial population. Note that 

the same idea can also be applied for multi-points crossover, where multiple 

crossover points are used instead of a single crossover point.

2.1.3 Mutation Operation

The mutation operation is the last stage of the GA evolutionary process that aims to 

guide the GA population towards better solutions. The significance of having such an 

operation is to preserve the population diversity and introduces solutions that cannot 

be generated using the current GA population.

With the execution of the mutation operation, some randomly chosen string positions 

in the population of the new generation would have its value altered to a different 

state. In the case of binary coding, this would simply mean a change of the bit value 

from l to 0 and vice versa. In the implementation of the GA, a mutation probability, 

Pmuh is used to specify the percentage of string positions in the GA population that 

would have its value altered.

To demonstrate this, we have assumed Pmu, = 0.01 and considered the initial 

population shown in Table 2.1 as an example. By multiply the number of binary bits 

in the entire population by Pmul, we can see that there will be a total of 192 x 0.01 « 2 

binary bits that needs to be chosen and mutated. The binary bits that are required to 

undergo the mutation operation will then have its positions randomly determined by 

two uniformly distributed random variables, r?, and r\. Both r3 and r4 are integers and 

are used to indicate the chromosome index number and bit position of the new 

population, respectively. Thus, the value of integers r3 and r<\ will be generated 

within the ranges of [\,Nchro\ and [l,f], respectively, where L is the chromosome
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Assuming r3 = 3 and r4 =13:

Chromosome #3: 01010110010 0101001100100

Bit position #13

Apply 
Mutation 
Operation

010101 iooioJ7]ioiooi 10010

Fig. 2.6: An example showing how a new offspring would change its binary string 

after been selected to undergo the mutation operation.

length and is equal to NgenexNbit. This random generation of r3 and is repeated until 

the mutation operation has been applied to all the binary bits specified by the Pmul. 

Fig. 2.6 shows how the binary string of a child shown in Fig. 2.5 would change when 

it is selected to undergo the mutation operation.

2.1.4 Simulation Results

With all the GA terminology and operations explained, we have presented the pseudo 

code and the corresponding flowchart for the GA in Figs. 2.7 and 2.8, respectively, 

and continued with our attempt in solving the minimization problem defined by the 

Ackley function in (2.1).

Here, we have implemented our GA by adopting the roulette wheel approach for the 

selection of parent chromosomes and set Pcross and Pmut to 0.85 and 0.05, respectively. 

In addition, as GA is a stochastic optimization technique, each execution of the 

algorithm may produce a different final result for the initial population shown in 

Table 2.1. Thus, in order to acquire a reliable result while considering the 

randomness involved in GA operations, we have performed 50 independent GA 

simulations for solving the problem defined in (2.1) and taking the final result as the 

average of these 50 simulation runs. As for the termination criteria, all 50 GA 

simulations are set to terminate at the end of the 150th iteration.
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Define GA parameters: Nbit, Ngener NChror Pcrossr Pmut
Initialize the GA population with Ncbco chromosomes
Do

For each chromosome Xlr 1 < i < Nchro
Substitute the decoded genes into the objective 
function and compute the value for OF(Xi)

End For
For each chromosome Xlr 1 < i < Nchro

Compute the normalized fitness value, Fitness(Xi)
End For
While the new population is not filled

Select two parents from the current generation 
Perform crossover operation on the two parents 
Place the new offspring into the new population

End While
Apply the mutation operation to the new population
Replace the current population with the new
population

While termination criteria are not reached
Fig. 2.7: Pseudo code for the GA.

Terminate?

evv population^ 
is full? ^

Perform initialization 
tasks

Perform fitness 
evaluation

Perform mutation 
operation

Perform selection and 
crossover operations

Fig. 2.8: Flowchart of the GA.
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GA - 8 chromosomes

2.5

Number of iterations

Fig. 2.9: Average GA value obtained by 50 GA simulations for the minimization

problem defined in (2.1).

Fig. 2.9 shows the average progress of the global minimum value found by the GA 

throughout 150 iterations, and the final result for the global minimum is located at 

the coordinates (-7.3260xl0~4,-3.6630xl0‘3), where GA(-7.3260xl0‘4,-3.6630xl0'3) 

= 0.01094. '

2.2 SCHEMA THEOREM

In many GA related literature, the main focus is on the use of the algorithm for 

solving some practical applications and the importance of the schemata contained in 

the population is often neglected.

As introduced by Holland [189], a schema denoted by H can be considered as a 

similarity template that shows the identical subsets of chromosome strings within the
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#1

#2

#3
#4

#5
#6

#7
#8

000001101101000010010010

110000001100010000100100

001000010101101110010111

011010001101110101101111

010101100101010111110110

001111110010010001111000

011000101100111101011100

100111000000101000110010

GA Population 
shown in Table 2.1

Hx Q***********Qj * * * ] ****** Represented by chromosomes #5 
and #6

H2 0 Represented by chromosomes #1, 
#2, #5, #6, #7 and #8

#3
Represented by chromosomes #5 
and #8

Fig. 2.10: Three schemata of the GA population shown in Table 2.1.

population. It provides a way to quantify GA’s evolutionary operations and allows us 

to analyze features that are needed by the chromosome strings in order to survive in 

the game of survival of the fittest.

In the expression of the schemata, a new don’t care state denoted by the character 

is added to the possible fixed alphabets used to code the original parameter values. 

For the case of binary coding, this means that each bit position of a schema can have 

three possible values, viz. a 1, 0 or *. Thus, for a GA population whose 

chromosomes are coded with k fixed alphabets, there exist a total of (k+\)L schemata. 

In addition, each schema is characterized by its order, 0(H), and defining length, 

S(H). The order of a schema is defined as the number of fixed alphabets other than * 

that are present in a schema. The defining length, on the other hand, is defined as the 

distance between the first and last string positions that are not represented by *. For 

example, Fig. 2.10 shows three of the possible 282,429,536,481 schemata for the GA
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population shown in Table 2.1, where 0(H\) = 4, S(H\) = 17, 0{Hi) — 1, SfJH-i) = 0, 

and 0(7/3) = 2, <5(//3)=l.

It can also be seen from Fig. 2.10 that each schema has its feature represented by 

some of the chromosomes in the population. However, as the chromosomes in the 

GA population are subject to the selection, crossover, and mutation operations, the 

number of chromosomes that representing a particular schema would therefore vary 

throughout the life of our GA simulation. Thus, to predict the number of 

chromosomes that would possess the feature of a particular schema, the schema 

theorem has provided the following equation:

m(H,t +1) > m(Hj) f{H)
f

1 - P
L -1

(2.6)

where m(H,t+\) and m(H,t) are the number of chromosomes representing the schema 

77 at time step t+1 and t, respectively; f{77) is the average fitness of chromosomes 

representing the schema 77 at time step t; f is the average fitness of the entire 

population.

To demonstrate the use of (2.6), we have considered the population shown in Table 

2.1 and the three schemata shown in Fig. 2.10 as an example. From Table 2.1 and Fig.

2.10, the average fitness the three schemata and the average fitness of the entire 

population are calculated as follows:

m) = 163949|2;66846 =4 15398

\ 0 + 2.388 + 5.63949 + 2.66846 + 1.36673 + 5.32302
J 2) ~ — 2.89762

6

f(H}) = 5—949±5'j-2-jQ2 = 5.48126

- 22J9515 =2 77439
' 8

(2.7a)

(2.7b)

(2.7c)

(2.7d)

By substituting these values and other necessary information into (2.6), we will get 

m(77iT+l) > 0.51, m(H2,t+\) > 5.95, and m(Hi,t+l) > 3.41. These results have 

indicated that the schema H\ may not have its feature represented by many of the

Page 41



Chapter 2 GA & Microwave Image Reconstruction

chromosomes in the subsequent population, while the schema H2 would continue to 

have at least equal number of chromosomes representing its feature. The schema H3, 

on the other hand, would have at least 3 chromosomes representing its feature in the 

subsequent population, which is an increase from 2 chromosomes in the previous 

population. These finding have also coincided with the schema theorem, which states 

that schemata of low order, short defining length and above average fitness would 

receive at least exponentially increasing trials in future generations.

By looking into the concept of schemata, we have quantified GA’s operations and 

gained a different prospect into the GA. As different schemata have different features, 

the schemata can therefore be considered as partial solutions to the problem at hand 

and the GA is used to provide an innovative way to find the best combination of 

these building blocks.

Finally, as the focus of this chapter is to investigate issues that are associated with 

the application of the GA for microwave image reconstruction, we will refer readers 

who are interested in the schema theorem to [206], [207] where more details are 

covered.

2.3 MICROWAVE IMAGE RECONSTRUCTION USING GA

In this section, we will begin our investigation in the reconstruction of microwave 

images by the GA. In the current existing literature, most work reported are mainly 

on the use of GA for the reconstruction of microwave images for 2-D objects, which 

includes both perfect electrically conducting (PEC) bodies and dielectric bodies [118, 

132, 133, 135, 136, 208, 209]. flowever, we cannot make the assumption that those 

excellent 2-D results achieved by the GA would also appear when solving problems 

involving 3-D scatterers, as in this case the scatterer is no longer considered as an 

infinitely long cylinder and problem itself requires a more complicated formulation 

and more computation resources to solve. Thus, the focus of our investigation here is 

to examine whether the GA is capable of solving the microwave image
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reconstruction problem for 3-D dielectric objects and fill the gap that is missing from 

the current literature.

Before we commence our investigations, we would like to emphasis that in this 

dissertation we have adopted the single illumination, multi-view approach for all 

problems considered. This is to minimize the impact on the overall computational 

cost from the computation of forward solutions. In addition, for the computation of 

the synthetic measured scattered fields and forward solutions used in the image 

reconstruction process, we have neglected the mutual coupling effects between the 

receiving antenna elements.

Finally, all stochastic optimization techniques investigated in this dissertation are 

linked to the microwave image reconstruction problem through an objective function, 

which is defined as the normalized root mean square error (RMSE) between the 

measured and computed values of the scattered field Zsv, i.e.:

where V is the total number of receivers used in the imaging system and 

Es,meas(Pv’<i>V’zv)’Es,comp(PvJV’zv) are the measured and computed values of Es at 

location (pv,0v,zv), respectively.

2.3.1 Microwave Image Reconstruction of Homogeneous 
Lossless Dielectric Scatterervia GA

To demonstrate the use of GA on reconstructing microwave images of 3-D dielectric 

objects we will first consider the problem scenario shown in Fig. 2.11, where a 

homogeneous lossless dielectric scatterer of sr = 6 is located inside a cubic free space 

investigation domain, and the background medium is also considered as free space. 

The scatterer and the investigation domain have their side lengths set to To/3 and To,

(2.8)
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Fig. 2.11: The first problem scenario considered in the investigation of using GA 

for the reconstruction of microwave images. The dielectric scatterer is denoted by 

the shaded area in the investigation domain.

respectively, where is the free space wavelength of the interrogation wave. The 

investigation domain is virtually partitioned into 27 equal sized sub-cells. Each sub

cell is assumed to be homogeneous and only one of them houses the dielectric 

scatterer, as shown in Fig. 2.11. Note that this problem scenario is similar to the one 

appeared in [210], but the similarities are only limited to the size and dielectric 

properties of the scatterer and the investigation. In our investigation, we have 

assumed our interrogation wave as a plane wave of frequency fo = 2.45GHz and this 

incident plane wave is assumed to be propagating along the x-axis, while the electric 

field vector is polarized along the z-axis. Surrounding the investigation domain, there
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Table 2.2: Summary of the GA parameters used to solve the microwave image 

reconstruction problem shown in Fig. 2.11.

Parameter Value used
Nbu 8

Ngene 27
Nchro 80

Selection strategy Roulette wheel
Number of crossover points 1

p1 cross 0.9
P mut 0.05

are four uniform circular arrays (UCAs) for measuring the fields scattered by the 

scatterer. Each of the UCA consists of 36 antenna elements that are equally spaced 

around the array. The size of the UCAs and the arrangement of the antenna elements 

are shown in Fig. 2.11.

As the goal here is to reconstruct the spatial distribution of dielectric properties 

inside the investigation domain without knowing the location of the scatterer, we will 

need to reconstruct the value of er for every sub-cells and thus making the 

dimensionality of this reconstruction problem to 27. In other words, the sr values of 

all 27 sub-cell represents 27 unknown parameters in this problem and in order to 

solve all these 27 unknowns, the problem will be treated as an optimization problem 

and the GA will be applied to optimize the values of these unknowns.

For the implementation of the GA, we have randomly generated 80 chromosomes as 

our GA population. Each chromosome consists of 27 genes, where each gene 

represents the relative dielectric permittivity of a sub-cell that we virtually 

partitioned earlier. By assuming that we know a priori that the investigation domain 

is mainly free space and the value of sr for the scatterer is less than or equal to 7, we 

can define the search space for each cell as 1 < e, < 7. Each gene is coded as an 8-bit 

binary string through the use of the binary coding equation shown in (2.2). The 

fitness of each chromosome is determined by normalizing the value obtained from 

the objective function shown in (2.8). Other parameter values such as the choice of
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Fig. 2.12: The average OF values (RMSE between the measured and computed 

scattered fields) obtained by the GA for different SNR values.

the selection strategy, crossover probability, etc are given in Table 2.2. Also, as 

mentioned earlier, due to the stochastic nature of the GA, our final result will be 

taken as the average of 10 independent simulations, where for each simulation the 

GA is set to terminate after 80 generations.

With the setup of the problem scenario and the implementation of the GA explained, 

here we will raise the issue of random noises that are present in practical problem 

scenarios. As the synthetic measured data will be corrupted by the presence of noises, 

it becomes necessary to find a way to ensure the accuracy of the images 

reconstructed by the GA. From [210], it has been indicated that the accuracy of 

reconstructed images can be improved by either increase the number of measurement 

points in the imaging system or having a high signal-to-noise ratio (SNR). From Fig.

2.11, it can be seen that we have a total of 144 measurement points. Since the
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number of measurement points is fixed in our problem, it is therefore necessary to 

determine the minimum SNR required for the reconstruction of an accurate image.

To do this, we have added different levels of additive white Gaussian noise (AWGN) 

to corrupt the synthetic measured data, and created different SNR scenarios which 

vary from ldB to 20dB. We then applied these different SNR to the problem at hand 

and plotted the average OF values obtained from each case in Fig. 2.12. With these 

OF values, a line of best fit has also been plotted using the following exponential 

equation:

OF = 0.01197exp(- 0.2764SNR) + 0.01474exp(- 0.001175SNR.) (2.9)

and it can be seen from Fig. 2.12 that the OF values found by the GA becomes more 

consistent when the SNR is greater than 8dB. This has indicated that once the 

available SNR is higher than 8dB, the extent of corruption made to the synthetic data 

will become insignificant to the final result obtained by the GA, and it is up to the 

fine tuning of GA parameters to find possible better solutions.

Figs. 2.13(a) to 2.13(c) show the actual distribution of er values inside the 

investigation domain and microwave images reconstructed under different SNR 

scenarios. From images shown in Fig. 2.13(a), it can be seen that, when the SNR is 

less than 8dB, there is a huge discrepancy between the actual and reconstructed 

distributions of sr values. In Fig. 2.13(b), where the SNR is between 8dB and 15dB, 

although not fully accurate and some discrepancy is observed in the reconstructed 

images, the GA is able to determine both the location and er value of the scatterer to 

some extent. Finally, the images shown in Fig. 2.13(c), where the SNR is higher than 

15dB, indicates that the impact due to noise on the synthetic measured data has 

become negligible and will not have significant effects on the overall accuracy in the 

images reconstructed by the GA. However, a more accurate result is still desired as it 

can be seen that there are still a few sub-cells whose er value have not been 

determined correctly, even when the SNR is as high as 20dB. Fig. 2.14 shows the 

optimization performance achieved by the GA when the SNR is equal to 20dB.
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Actual distribution of £ values SNR= ldB

Fig. 2.13: (a) The actual and reconstructed distributions of sr values for the problem 

scenario shown in Fig. 2.11. The images are reconstructed using the GA, and the 

SNR considered are from ldB to 7dB.
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Fig. 2.13: (b) The reconstructed distributions of sr values for the problem scenario 

shown in Fig. 2.11. The images are reconstructed using the GA, and the SNR 

considered are from 8dB to 15dB.
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SNR = 16dB SNR = 17dB

SNR = 20dB

Fig. 2.13: (c) The reconstructed distributions of sr values for the problem scenario 

shown in Fig. 2.11. The images are reconstructed using the GA, and the SNR 

considered are from 16dB to 20dB.

Note that, although the minimum SNR required for this problem is similar to the 

results reported in [135] and [211], where a SNR of at least 6dB is required to 

accurately reconstruct the contour of 2-D PEC cylinders, we must emphasize that 

there is no direct link between these problem scenarios. By carefully examining these 

problem scenarios, we can see that the number of measurement points used in each 

problem is different. Thus, based on the findings reported in [210], we would expect 

a different outcome if the number of measurement points in each problem scenario is
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Fig. 2.14: The optimization performance obtained by the GA for the problem 

scenario shown in Fig. 2.11. The SNR is assumed to be 20dB.

varied. For example, a SNR higher than 8dB would be required for the problem 

scenario shown in Fig. 2.11 if the number of measurement point is decreased. 

Consequently, for all problem scenarios that are considered in this dissertation, we 

will use similar measurement setups, where at least four UCAs (144 measurement 

points) are used for the measurement of the fields scattered by the scatterer. In 

addition, we have also assumed a SNR of at least 20dB is available in all problem 

scenarios, so that the noise will not be a major factor that influences the quality of the 

final result and enables us to perform a fair benchmarking between different 

optimization techniques for solving microwave image reconstruction problems.

On a side note, a question may arise with regards to the level of SNR an imaging 

system can achieve in a practical scenario. To answer this question, we have made 

use of the microwave imaging system built by the Microwave and Wireless 

Technology Research Laboratory (MWTRL) at the University of Technology,
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Sydney (UTS) as our example. Based on the preliminary measurements obtained by 

this imaging system, a SNR of 35dB can be achieved when the saline solution is used 

as the background medium. On a side note, here we would like to emphasis that the 

team at the MWTRL is still in the process of further improving the system. Thus, 

there are no measured data available for practical use at the time of writing this 

dissertation.

2.3.2 Microwave Image Reconstruction of Inhomogeneous 
Lossless Dielectric Scatterer via GA

In this subsection, we will shift the focus of our investigation to the reconstruction of 

microwave images for inhomogeneous lossless dielectric scatterers. The scatterer 

considered in such problem differs from the homogeneous one in that the scatterer is 

made up of multiple media that are different from the background medium. The 

reason behind this investigation is to find out if the GA can overcome the increased 

difficulties that are existed in such kind of problems.

As mentioned earlier, the GA is linked to the problem through the objective function 

shown in (2.8). Thus, the measured scattered field values would have an important 

role in solving the problem as it becomes a reference for the GA to improve its 

solutions. In the previous subsection, we have seen how the SNR would affect the 

accuracy of results obtained by the GA, especially when it is trying to reconstruct an 

accurate image from the measured scattered field values that are corrupted by the 

noises in a low SNR scenario. While the influence of the SNR is present for all 

problems, problems that involve inhomogeneous dielectric scatterers, on the other 

hand, is more difficult to solve due to the greater uncertainties in the measured 

scattered field values.

To demonstrate our point, let us reconsider to the investigation domain shown in Fig.

2.11, where a cubical investigation domain of side length Xo is virtually partitioned 

into 27 sub-cells. For microwave image reconstruction problems involving
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Fig. 2.15: The numbering of sub-cells within the investigation domain and the

arrangement of the UCA.

homogeneous dielectric scatterers, the sub-cells within the investigation domain can 

only be characterized by at most two different dielectric properties, i.e. properties of 

the dielectric scatterer and the background medium. If this condition is changed by 

characterizing some sub-cells with additional dielectric properties, then the 

investigation domain would contain either multiple homogeneous dielectric 

scatterers of different properties or inhomogeneous scatterers consist of different 

media.

By considering only the case where the investigation domain contains just a single 

scatterer, we will highlight the extra difficulties associated with inhomogeneous 

dielectric scatterers by apply the sub-cell numbering system and antenna 

configuration shown in Fig. 2.15 to the four problem scenarios shown in Figs. 

2.16(a) to 2.16(d). In Figs. 2.16(a) to 2.16(b), most of the sub-cells are assumed to be 

free space and we have situated a lossless homogeneous dielectric scatterer in the
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Fig. 2.16: Four different problem scenarios used to demonstrate the extra 

difficulties associated microwave image reconstruction problems of inhomogeneous 

scatterers. (a) A lossless homogeneous scatterer is located in the sub-cell #18. (b) 

Similar to (a), except the scatterer has been moved to sub-cell #17. (c) A lossless 

inhomogeneous scatterer with its inhomogeneity located at the sub-cell #18. (d) 

Similar to (c), except the inhomogeneity has been moved to sub-cell #17.

sub-cell #18 and #17, respectively. For the scenarios shown in Figs. 2.16(c) to 

2.16(d), we have filled the entire investigation domain with an inhomogeneous 

scatterer and positioned the inhomogeneity at the sub-cell #18 and #17, respectively. 

The background medium in all four scenarios is assumed to be free space, and the 

dielectric properties of the scatterer in each case are shown in Figs. 2.16(a) to 2.16(d).

The main objective of studying these four problem scenarios is to examine how a 

small variation in each problem scenario will affect the electric field values measured 

at the receivers. By assuming the investigation domain of each problem scenario is 

illuminated with the same excitation source as with our previous example, as in Fig.
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(b)
Fig. 2.17: The electric field values received at the UCA for (a) homogeneous 

scenarios, and (b) inhomogeneous scenarios.
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2.11, we have plot the comparison of electric field values received at the UCA for the 

homogeneous and inhomogeneous scenarios in Figs. 2.17(a) and 2.17(b), 

respectively. It can be seen that in the case of homogeneous scatterer, a slight change 

in the location of the scatterer would affect the measured electric field values 

significantly. If we treat the two plots shown in Fig. 2.17(a) as the electric field data 

obtained from the measurement and forward solution of a chromosome in the GA 

population, this huge variation would in turn be translated into the chromosome’s 

fitness and the GA will be able to use this information to further improve its 

population and obtain a better solution. Flowever, for the case of inhomogeneous 

scatterer, on the other hand, it can be seen from Fig. 2.17(b) that a slight change in 

the position of the inhomogeneity will not cause a large variation in the measured 

electric field values, and if the plots shown in Fig. 2.17(b) are again treated as the 

measured electric field data and forward solution of a chromosome, then it is very 

likely that the small difference between the two plots may mislead the GA to a false 

solution. Thus, here we have demonstrated the extra uncertainties that may arise in 

problems associated with inhomogeneous scatterers.

Note that here we are only trying to highlight the extra difficulties that may appear in 

solving microwave image reconstruction problems involving inhomogeneous 

dielectric scatterers. It must not be confused with the inhomogeneous nature of the 

microwave image reconstruction problem, as regardless which optimization 

technique is used the topology of the entire investigation domain for both problems 

involving homogeneous and inhomogeneous scatterers would make the problem 

inhomogeneous.

Having cleared these issues, we will consider the problem scenario shown in Fig. 

2.18 and attempt to reconstruct the microwave image for this problem through the 

use of GA. It can be seen from Fig. 2.18 that the scatterer has virtually partitioned 

into three equal sized layers, while its middle layer has been partitioned further into 

35 sub-cells, each with a side length of Aq/5. At its middle layer, an inner medium 

has been arranged into the shape of numerical value “4”. The sr values for the inner
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Fig. 2.18: The arrangement of the UCAs and the inhomogeneous lossless dielectric 

scatterer considered for the second investigation. The top, front, and side views of 

the scatterer have been assumed to be transparent so that the inner medium can be 

revealed. The inner medium is denoted by the dark shaded sub-cells.

and outer surrounding media are equal to 4 and 2, respectively. The background 

medium is assumed to be free space. By setting the investigation domain as the 

dielectric scatterer itself, four UCAs have been placed to surround the investigation 

domain and used to measure the fields scattered by the scatterer. Each UCA consists 

of 36 antenna elements, and has its radius set to do. The excitation source is assumed 

to be a plane wave of frequency fo = 2.45GHz and this incident plane wave is set to
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Fig. 2.19: The optimization performance of the GA for solving the problem

scenario shown in Fig. 2.18.

propagate along the x-axis, with the electric field vector polarized along the z-axis. In 

addition, a SNR of 20dB is considered for this problem scenario.

For the implementation of the GA, we have randomly populated our GA population 

with 80 chromosomes. Each chromosome consists of 37 genes, as the dimensionality 

of this problem is equal to 37, viz. the sr values of two end layers plus 35 sub-cells in 

the middle layer. The search space of each dimension is assumed to be within the 

range of 1 < sr < 4. Each gene is coded as an 8-bit binary string using (2.2), and the 

fitness of each chromosome is once again determined based on (2.8). Other 

parameter values such as the choice of the selection strategy, crossover probability, 

etc are identical to the values specified in Table 2.2. Finally, as with our earlier 

examples, we have performed 10 independent simulations, where in each simulation 

the GA is set to terminate after 80 generations. The final result is taken as the 

average of the 10 independent simulations.
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Actual distribution of s values
r

Fig. 2.20: Images showing the distribution of £r values within the inhomogeneous 

lossless scatterer given in Fig. 2.18. (a) Actual distribution, (b) GA result.
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In Fig. 2.19 we have plotted the optimization performance of the GA for solving this 

microwave image reconstruction problem. In Figs. 2.20(a) and 2.20(b), the actual 

and reconstructed distribution of er values inside the inhomogeneous scatterer are 

presented. By examining Figs. 2.20(a) and 2.20(b), it is evident that the GA has 

failed to reconstruct an image of acceptable accuracy as there exists a huge 

discrepancy in the distribution of er values at the middle layer. Thus, based on this 

result, we can conclude that the GA built using its most basic operations may not be 

adequate enough to solve complex image reconstruction problems that involve 

inhomogeneous scatterers. To improve the efficacy of the GA for solving such type 

of problems, the application of advanced GA operators or hybridization with other 

techniques may be required.

2.4 SUMMARY

In this chapter we have presented the basic GA concepts and applied the algorithm to 

solve microwave image reconstruction problems of different types of 3-D dielectric 

scatterers. The GA and its operations presented here are at their simplest form and is 

often regarded as the simple GA. Currently there are many advanced operators and 

techniques that can be used to further enhance the performance of the GA. Such 

operators and techniques include the use of dominance, diploidy, niche, fitness 

scaling, parallelization, and hybridization with other deterministic techniques [201, 

206, 207, 212, 213]. However, it would be unfair to compare the performance of the 

enhanced GA to other stochastic optimization techniques if those techniques are 

implemented in their basic and general approaches. Thus, to have a fair comparison 

between different stochastic optimization techniques, all techniques presented in this 

dissertation will be implemented using their basic and general approaches. That is, 

the performance of each technique presented in this dissertation can be considered as 

the bottom line for solving microwave image reconstruction problems, and these 

results may be further improved with the use of applicable advanced operators for 

these techniques.
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We have also presented the concepts of schemata in this chapter. As each schema 

represents an unique feature of the possible solutions in the problem space, strategies 

or operators that can achieve an early detection of the useful building blocks could 

lead to a faster and more effective search for the solution and levitate GA’s overall 

performance in solving microwave image reconstruction problems.

The effects of noise on the final reconstructed images have also been investigated by 

adding different levels of AWGN to the synthetic measured data. It has been 

observed that with the number of measurement points used in our investigation, a 

SNR higher than 8dB is required before the effect of noise can be neglected. For 

scenarios where the SNR is higher than 8dB, the accuracy of the reconstructed 

images will be mainly dominated by the performance of the GA.

In addition, from the reconstructed images of both homogeneous and inhomogeneous 

scatterers, two points can be made on the microwave images reconstructed by the 

GA. The first point is related to the overall accuracy of the reconstructed er values. 

As we have observed, although GA is capable of highlighting the contrast of sr 

values within the investigation domain, the overall accuracy of reconstructed sr 

values for many of the sub-cells still needs to be improved. However, it should be 

emphasized that this deficiency in accuracy does not mean that GA is an 

inappropriate candidate for solving microwave imaging problems. As we have only 

considered the simple GA in our investigation, problems such as the discretization 

error resulted from the use of binary coding can be resolved by adopting the real- 

coded GA. In addition, the overall optimization performance may be improved by 

using strategies such as fine tuning the GA parameters, hybridize GA with other 

techniques, etc.

The second point, on the other hand, is related to the foundation of the GA. It has 

been proven in many cases that GA is a robust technique for solving many 

engineering problems. However, its use for microwave image reconstruction is still 

lack of simplicity. As most of the GA operations are controlled by many of the GA 

parameters and these parameter values are problem dependent, it would become a
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difficult task to determine the most appropriate value for each of the parameter for 

solving different microwave image reconstruction problems. In addition, the 

underlying structure of the GA requires the entire population to be evaluated before 

the next population can be generated and evolve the chromosomes towards better 

solution regions, a large GA population would corresponds to a huge computational 

cost for solving the forward problems represented by the GA chromosomes.

Thus, either we have to parallelize the GA or look for an optimization technique with 

a smaller population size and fewer parameters to adjust before microwave image 

reconstruction problems can be solved more efficiently. In the next chapter, we will 

explore the latter idea and investigate such idea’s suitability for microwave image 

reconstruction.
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CHAPTER 3

MICRO-GENETIC ALGORITHM AND ITS 
SIGNIFICANCE IN THE RECONSTRUCTION 
OF MICROWAVE IMAGES

In the previous chapter we have investigated the use of GA for the reconstruction of 

microwave images and concluded that the major disadvantage associated with GA 

for such application is the underlying structure of the algorithm. To minimize the 

effort on adjusting parameter values and reduce the computational cost associated 

with the evaluation of chromosomes’ fitness, here we will introduce the micro- 

genetic algorithm (pGA) and highlight its advantages for solving microwave image 

reconstruction problems by benchmarking its performance with the standard GA.

3.1 INTRODUCTION TO MICRO-GENETIC ALGORITHM

The GA is a well known robust optimization technique that is capable of providing 

unintuitive solution to many engineering problems. However, it has been concluded 

in the previous chapter that a simple GA consisting of selection, crossover, and 

mutation operations may need to have many of its parameters adjusted to their 

optimal values and adopt a large population size in order to solve microwave image 

reconstruction problems effectively. Such acts, however, may in turn add unwanted 

complexities to the implementation of the algorithm and would require extra 

computational cost for solving the problem. To resolve these issues, here we will 

introduce the pGA and study the significance and advantages for solving the 

microwave image reconstruction problems.
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As its name suggests, pGA can be considered as the micro-version of the standard 

GA where only a few chromosomes are utilized for the optimization process. With 

this small population size, up to 50% of the overall computational time can be saved 

as compared to the standard GA [214], In addition, it has been reported in numerous 

literature that the pGA can reach a near optimal region quicker than the standard GA 

and producing excellent results for solving various types of complex problems [214

223].

For the implementation, the pGA is usually populated with five to seven 

chromosomes and follows similar evolutionary strategies as with the standard GA. 

However, it is a well known fact that the GA with a small population size would 

normally result in a poor performance as its basic evolutionary operations, viz. 

selection, crossover, and mutation operations, cannot provide a thorough search into 

the problem space. Thus, to overcome this problem, a different evolutionary 

approach is adopted by the pGA. For the pGA, a new operation known as the elitism 

is added to the flow of the algorithm and the mutation operation is replaced by a set 

of restart operations. The flow of the evolutionary process for the pGA is shown in 

Fig. 3.1 and the detail of each operation is explained as follows:

1. Initialization:

In the initialization phase, the parameters A%, Ngene, Nchro, Pcross and 

convergence threshold (CT) are initialized. The parameter 

specifies the number of binary bits used to encode the original 

parameters into the corresponding genes. For microwave imaging 

applications, A% determines the precision of discretization of the 

complex permittivity values and hence affects the resolution of the 

final image reconstructed. The parameter Ngene specifies the total 

number of unknowns that needs to be optimized, while NChro specifies 

the pGA population size. Other parameters such as P select, Pcross and 

CT are the control parameters for selection, crossover, and population 

restart operations, and more details about these operations are 

discussed later.
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Terminate?

Is population 
converged?^

ew population^ 
is full? /

Perform initialization 
tasks

Perform fitness 
evaluation

Perform elitism, 
selection and crossover 

operations

Perform elitism 
operation and generate a 

new population

Restart operations

Fig. 3.1: Flowchart of the pGA operations.

2. Fitness evaluation:

The fitness of each chromosome is determined based on an objective 

function (OF) defined by the problem. The OF is defined in a way 

that it accurately determines how close the randomly generated 

solutions are to the optimal solution. For this dissertation, the Caused 

for microwave image reconstruction is defined by the equation of the 

RMSE shown in (2.8). Once the fitness of each chromosome has been 

determined, the algorithm will initiate a checking mechanism to see if 

the optimization process needs to be terminated. If the termination 

criteria are yet to be reached, the algorithm will proceed to the next 

phase of the evolutionary process, i.e. generation of the new 

population.
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Current generation Next generation

ai a2 a3 a 4 a> a6

bi b2 b3 b4 b5 b6

Cl c2 c3 c4 c5 c6

d, d2 d3 d4 d5 d6

Cl e2 e3 e4 e5 e6

Copying the fittest 
chromosome

C| c2 c3 c4 c5 c6

bi b2 b3 b4 c5 c6

C| c2 c3 c4 b 5 bf,

C| c2 e3 e4 e5 e6

ei e2 c3 c4 c5 c6

Chromosome created 
by the elitism operation

■ Chromosomes created 
^ by repeating selection 
A and crossover operations

Fig. 3.2: An illustration showing how elitism, selection and crossover operations are 

used to create the population of the next generation. Chromosome C is assumed to

be the fittest chromosome in the population.

3. Elitism, selection and crossover operations:

Unlike the flow of the standard GA, the pGA will first execute a new 

elitism operation before commencing the selection and crossover 

operations. The elitism operation involves the copying of the fittest 

chromosome to the population of the next generation. The purpose of 

having this simple operation is to preserve the information possessed 

by the best solution, and make it available for future evolutionary 

processes.

Once the fittest chromosome is copied to the population of the next 

generation, both selection and crossover operations will be repeatedly 

executed until the new population is fully filled with newly generated 

chromosomes. The implementation of both selection and crossover 

operations are identical to the one used for the standard GA, which are 

described in Chapter 2. Fig. 3.2 shows a graphical explanation of how 

members of the new generation are created using the elitism, selection 

and crossover operations.

4. Restart operations:

From Fig. 3.1, it can be seen that the flow of pGA does not include 

the mutation operation as with the standard GA. Since pGA only
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utilizes a small population of chromosomes, without the employment 

of the mutation operation, it would only take a few generations for the 

population to reach its convergence. Thus, to maintain the population 

diversity, a set of population restart operations is required for the pGA 

evolutionary processes.

The first step of the restart operations involves the process of 

checking the population convergence, i.e. to determine whether the 

population has reached its CT. The CT is defined as the percentage of 

binary bits of less superior chromosomes that are different from the 

fittest chromosome in a generation [224], If the percentage of 

distinctive bits between the fittest chromosome and the rest of the 

population has fallen below the specified CT, then the algorithm 

would execute the next step of the restart operations, i.e. copying the 

fittest chromosome to the new population and fill the rest of the new 

population with randomly generated chromosomes. If the population 

has yet to reach it convergence, then the algorithm would continue to 

work on the current generation with its normal flow shown in Fig. 3.1.

Thus, for the purpose of maintaining the population diversity and 

explore different parts of the problem space, a new population 

contains the fittest chromosome from the current converged 

generation (by the elitism operation) and other randomly generated 

chromosomes will be created and utilized whenever the population 

reaches its convergence.

The above pGA operations are performed sequentially and will be repeatedly 

executed until the termination criteria have been met. The pseudo code for the pGA 

is presented in Fig. 3.3.
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Define pGA parameters: Nbit, Ngene, NChror Pcross, CT
Initialize the pGA population with Nchro chromosomes
Do

For each chromosome X±, 1 < i < NChro
Substitute the decoded genes into the objective 
function and compute the value for OF{X±)

End For
For each chromosome Xir 1 < i < Nchro

Compute the normalized fitness value, Fitness{Xi)
End For
Apply elitism operation by copying the fittest 
chromosome to the new population 
While the new population is not filled

Select two parents from the current generation 
Perform crossover operation on the two parents 
Place the new offspring into the new population 

End While
If the new population is converged 

Discard the new population
Create another new population that contains the 
fittest chromosome and randomly generate the 
remaining chromosomes

Else
Do nothing

End If
Replace the current population with the new 
population

While termination criteria are not reached
Fig. 3.3: Pseudo code for the pGA.

3.2 COMPARISON BETWEEN |iGA AND GA PERFORMANCES 
FOR MICROWAVE IMAGE RECONSTRUCTION

Up till this point, we have introduced the underlying concept used for the 

implementation of the pGA. Here in this section, we will apply the pGA for solving 

different microwave image reconstruction problems that involve different complexity, 

and benchmark its performance in each scenario against the one obtained by the 

standard GA. We will then summarize our findings and discuss pGA’s suitability for 

solving microwave image reconstruction problems.
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To be able to have a broad comparison between the pGA and standard GA 

performances, three distinct problems scenarios have been chosen for our 

investigations and these scenarios are described in the following subsections.

3.2.1 Microwave Image Reconstruction Problem Involving a 
Single Homogeneous Lossless Dielectric Scatterer

The first scenario considered in our investigation is the problem geometry presented 

in Fig. 2.11, where a homogeneous lossless dielectric scatterer of sr - 6 is situated 

inside a free space investigation domain. As seen in the results presented in the 

previous chapter, a microwave image of reasonable quality can be reconstructed by 

the application of GA with a large population size. However, it has also been 

mentioned that there is a slight accuracy problem in the profile contrast for final 

reconstructed image, and this accuracy problem exists even when the available SNR 

is as high as 20dB. Thus, here by examining the use of pGA to the same problem, we 

are not only investigating how much computational effort can be saved by its small 

population size but also examining whether an image of better accuracy can be 

obtained.

To have a fair comparison, we have set up the problem using identical conditions as 

specified in the previous chapter, i.e. the size of the scatterer, number of virtual cells, 

configuration of the UCAs, etc. However, unlike the previous chapter where we have 

investigated different SNR scenarios, here we will only consider the scenario where 

the highest available SNR is equal to 20dB.

The pGA is implemented with a population of just 5 chromosomes. Same as the 

previous chapter, each chromosome has a total of 27 genes where each gene 

represents the sr value of a virtual cell. The genes are encoded as 8-bit binary strings, 

which in turn set the length of each chromosome to 216 binary bits. Table 3.1 shows 

the choice of other key parameters that have been used to implement the pGA for 

solving this problem. As with the previous chapter, our final result is taken as the
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Table 3.1: Summary of parameter values used to implement the pGA for solving the 

microwave image reconstruction problem shown in Fig. 2.11.

Parameter Value used
Nbit 8

Ngene 27
Nchro 5

Selection strategy Roulette wheel
Number of crossover points 1

p1 cross 0.9
CT 5%

average of 10 independent simulation runs. Also for benchmarking purposes, each 

simulation is set to terminate after 1280 iterations, so that the pGA result can be 

compared against the GA result shown in Fig. 2.14 for a total of 6400 fitness 

evaluations.

Fig. 3.4 shows the comparison of optimization performances between the pGA and 

GA. Surprisingly, the pGA of a small population size has achieved a much better 

performance than the GA. To highlight pGA’s superiority over GA, here we will 

take a closer look at the results shown in Fig. 3.4. From the GA result, it can be seen 

that the best solution found by the algorithm has an OF value of 0.01415 and this 

solution is discovered after 6073 fitness evaluations. For pGA, on the other hand, a 

solution of same OF value is discovered after performing 877 fitness evaluations. 

This saving can be quite significant for solving complex optimization problems, 

especially for the reconstruction of microwave images. As it is well known that the 

majority of computational cost is spent on evaluating the fitness of the trial solutions, 

i.e. the computation of forward solutions for the numerical models represented by the 

trial solutions, by being able to discover the best solution found by the GA with 

approximately 1/7 of fitness evaluations, a large amount of computational resources 

can be saved with the use of the pGA. Furthermore, it can also be observed that after 

matching GA’s best solution, the solution found by the pGA is still improving and 

eventually reached a solution of OF value of 0.01017. Thus, it is clear that given the 

same amount of computational resources the pGA will not only match GA’s
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Fig. 3.4: Comparison of the average fitness value minimized by the pGA and GA 

for the image reconstruction problem given in Fig. 2.11.

solution with less number of fitness evaluations, but also discover a solution of better 

OF value.

To provide a comparison on the images reconstructed by the two techniques, Figs. 

3.5(a) to 3.5(c) show the actual distribution of sr values inside the scatterer and the 

images reconstructed by the pGA and GA when the SNR = 20dB, respectively. As 

expected, the fittest solution so far discovered by the pGA gets translated into an 

image of better accuracy than that reconstructed by the GA. Thus, it is evident from 

this discussion that pGA is a better choice for solving the microwave image 

reconstruction problem shown in Fig. 2.11, as it has performed better within the 

computational resources allocated and produced a more accurate result than the GA. 

In the next two subsections, we will continue our investigations in applying the pGA 

to different microwave image reconstruction problems and determine if it can 

maintain its advantages over the GA.
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Fig. 3.5: Comparison of the final reconstructed images for the problem given in Fig.

2.11. (a) Actual distribution of s, values, (b) pGA result, (c) GA result.

Page 72



Chapter 3 pGA & Microwave Image Reconstruction

3.2.2 Microwave Image Reconstruction Problem Involving a 
Single Inhomogeneous Lossless Dielectric Scatterer

For microwave image reconstruction problems, regardless whether the scatterer is 

lossless or lossy, the makeup of the scatterer can always classify the problem into 

either a homogeneous or inhomogeneous problem. The complexity and differences 

between homogeneous versus inhomogeneous scatterers have already been discussed 

in the previous chapter. In this subsection, for the sake of convenience, we will once 

again consider the problem scenario shown in Fig. 2.18, as the GA result for this 

problem has already been obtained and is available for benchmarking purposes.

From Chapter 2, we have seen that the image reconstructed by the GA for this 

particular problem (Fig. 2.18) suffers from the lack of adequate accuracy. To provide 

a remedy to this problem, the employment of advanced GA operations and/or 

hybridization with other techniques could be supplemented to the implementation of 

the simple GA. However, these enhancements to the GA would normally introduce 

extra implementational complexities and thus increase the overall computational 

costs. Thus, rather than complicating the implementation of the reconstruction 

process, here we will take a different approach by investigating as to how the simple 

operations of the pGA would perform for this microwave image reconstruction 

problem involving an inhomogeneous scatterer.

In order to have a fair comparison, we have assumed the identical setup shown in Fig. 

2.18 for the problem scenario considered in the present investigation. The pGA is 

implemented with a population size of 5 chromosomes. Each chromosome is formed 

by cascading 37 randomly generated 8-bit binary genes, where each gene represents 

an encoded version of sr value (in decimal format) of a virtual cell shown in Fig. 2.18. 

All 37 binary genes are set to search for their optimal values within the range of 1 < 

sr < 4. Table 3.2 lists the values of all other key parameters used to complete the 

implementation of the pGA. Finally, as with Chapter 2, our final result is taken as the 

average of 10 independent simulations and each simulation has a lifetime of 1280
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Table 3.2: Summary of parameter values used to implement the pGA for solving the 

microwave image reconstruction problem shown in Fig. 2.18.

Parameter Value used
Nbit 8

Ngene 37
Nchro 5

Selection strategy Roulette wheel
Number of crossover points 1

p1 cross 0.9
CT 5%

...GA - 80 chromosomes
— pGA - 5 chromosomes

2000 3000 4000
Number of fitness evaluations

Fig. 3.6: Comparison of pGA and GA performances for solving the problem scenario

shown in Fig. 2.18.
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Actual distribution of s values
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(b)

Fig. 3.7: Images showing the distribution of £, values within the scatterer given in 
Fig. 2.18. (a) Actual distribution, (b) pGA result.
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GA result

(C)

Fig. 3.7: Images showing the distribution of s, values within the scatterer given in
Fig. 2.18. (c) GA result.

iterations or 6400 fitness evaluations. With this termination criterion, we are able to 

compare the performances between the pGA and GA in terms of number of fitness 

evaluations.

Fig. 3.6 shows the comparison between the pGA and GA for solving this problem. It 

can be seen that the pGA of a smaller population size and simpler evolutionary 

operations has achieved a much better performance than the GA. Given that both the 

pGA and GA have performed equal number of fitness evaluations, the performance 

of the pGA has overwhelmed the GA in terms of finding a better solution and much 

faster discovery of new solutions. Figs. 3.7(a) to 3.7(c) shown the actual distribution 

of £y values within the scatterer, and images reconstructed by the pGA and GA, 

respectively. It is clear from Fig. 3.7(b) that the contrast in reconstructed distribution 

of £, values in the middle layer has a much closer resemblance of a numerical value
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‘4’. Thus, it is very clear that the image reconstructed by the pGA has a much better 

accuracy than the GA result.

Finally, based on the comparison of these results, we have found that the pGA is not 

just a faster technique to reconstruct microwave images. It also has the capability to 

solve complex problems that are not easily solved by the GA. In the next subsection, 

we will continue our investigation by applying the pGA to a problem of higher 

complexity.

3.2.3 Microwave Image Reconstruction Problem Involving a
Single Inhomogeneous Lossless Dielectric Scatterer - High 
Dimension

Here, we will continue the investigation of pGA performance for solving another 

complex microwave image reconstruction problem. As for most of the practical 

problems, the scatterer under investigation is usually inhomogeneous in nature and 

requires the entire volume of the scatterer to be virtually partitioned into many small 

virtual cells, where each cell represents an unknown that needs to be determined. 

These large numbers of small virtual cells would in turn pose the problem into a high 

dimensional problem. Thus, to determine how well the pGA can cope with such type 

of problem, here we will utilize the problem scenario considered in the previous 

subsection while making a slight modification to the setup of the problem.

The new problem scenario considered is shown in Fig. 3.8. It can be seen that this 

new problem scenario differs from the one shown in Fig. 2.18 in that the volume of 

the scatterer has been virtually partitioned into a total of 105 equal sized cells, viz. 

each layer contains 35 virtual cells. Thus, unlike the problem considered in the 

previous subsection where the problem dimension is equal to 37, the new problem 

considered here has a relatively higher problem dimension of 105. To ensure that this 

is the only difference between the two problem scenarios, all the remaining 

constituents of the problem scenario such as the background medium, configurations
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Fig. 3.8: A new problem scenario considered for the investigation of pGA’s 

performance in solving high dimensional problems. The top, front, and side views 

of the scatterer have been assumed to be transparent.

of the UCAs, placement of the scatterer, and SNR level have been set identical to the 

scenario shown in Fig. 2.18.

To solve this image reconstruction problem of higher dimensionality, we have 

populated the pGA population with 5 chromosomes. Each chromosome contains 105 

genes, where each gene is encoded as an 8-bit binary string. Also, as with the 

problem scenario shown in Fig. 2.18, we have assumed that the information about 

the maximum and minimum sr values within the scatterer are known a priori and
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Table 3.3: Summary of parameter values used to implement the pGA for solving 

the microwave image reconstruction problem shown in Fig. 3.8.

Parameter Value used
Mbit 8

Ngene 105
-Achro 5

Selection strategy Roulette wheel
Number of crossover points 1

Pcross 0.9
CT 5%

0.016
— pGA - 5 chromosomes

0.015

0.014

0.013

0.012

0.009

0.008
Number of iterations

Fig. 3.9: The average fitness value minimized by the pGA for the image 

reconstruction problem shown in Fig. 3.8.
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utilized this information to make all 105 genes to search within the range of 1 < sr < 

4. The values of other pGA parameters have been set according to the values listed in 

Table 3.3. Also, as with all the earlier investigations, the final result is taken as the 

average of 10 simulations and each simulation is set to terminate after 1500 iterations. 

This termination criterion of longer pGA life is set for the purpose of allowing the 

pGA to perform more searches within the high dimensional problem space posed by 

this problem.

The best average OF value minimized by the pGA throughout its life span is plotted 

in Fig. 3.9. The reconstructed image corresponding to the final average OF value is 

presented in Fig 3.10, where Figs 3.10(a) and 3.10(b) show the actual and 

reconstructed distribution of sr values within the scatterer, respectively. Based on the 

result shown in Fig. 3.9, it can be seen that the pGA has caused a significant 

evolution process to the solutions of the randomly generated initial population 

extensively. However, due to the complexity introduced by the high dimensionality, 

it is evident from the reconstructed image that the algorithm has experienced some 

difficulties in producing an accurate result. In Fig. 3.10(b), it is evident that the 

inhomogeneity within the scatterer has been localized mainly in the middle layer. 

However, the result is not accurate enough for us to clearly identify the shape of 

numerical value “4” as shown in the actual ^distribution in Fig. 3.10(a).

Thus, here we can conclude that although the pGA is a better alternative than the GA 

for reconstructing microwave images, however its performance can still be 

significantly affected and limited by the increase in problem dimension.
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Fig. 3.10: Images showing the distribution of s, values within the scatterer given in 

Fig. 3.8. (a) Actual distribution, (b) pGA result.
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3.3 SUMMARY

In this chapter, we have presented another stochastic optimization technique known 

as the pGA and investigated its performance for solving different types of 

microwave image reconstruction problems. Like the simple GA presented in Chapter 

2, the underlying concept used for the pGA is also based on the rivalry strategy 

where fitter chromosomes tend to survive in the evolutionary process and have 

higher dominance over the population of future generations. However, it differs from 

the GA by having a relatively smaller population size and includes a set of restart 

operations.

From the results of the examples considered in our investigations, we have observed 

that the pGA is both an effective and efficient technique for solving microwave 

image reconstruction problems. Its superior performance over the GA is largely 

associated with the effective manipulation of its small population of chromosomes. 

As the solutions for both GA and pGA can only be evolved into the next generation 

after the completion of fitness evaluation for all chromosomes, the small population 

size used by the pGA can therefore lead to a much faster evolution of the 

chromosomes, and consequently a faster improvement on the solutions. From 

microwave image reconstruction’s point of view, this fast evolution of small 

population of chromosomes would suggest a huge reduction on the computational 

cost required for computing the forward solutions per iteration and achieving a faster 

discovery of new solutions. That is, less time is required for the pGA to match the 

result found by the GA.

In addition, the pGA is also easier to implement as compared to the GA. Unlike the 

GA, pGA has removed the complexities involved in choosing the appropriate value 

for some of the parameters used in the algorithm. Examples of such parameters are 

the population size and mutation probability. As the typical population size for the 

pGA is less than 10 chromosomes, it does not have the problem seen in the GA 

where an appropriate lower bound for the population size is needed for solving
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complex high dimensional problems. In addition, as there is no mutation operation in 

the pGA, the process of deciding the appropriate mutation probability can therefore 

be omitted.

On the negative side, however, we have found that the pGA may not be able to solve 

complex problems of high dimensionality, e.g. problems involving lossy dielectric 

scatterers, etc. Moreover, the similarities between the pGA and GA operations would 

mean that some of the p.GA parameters may still need to have its values fine tuned 

before a satisfactory result can be obtained.

With these pros and cons identified for the pGA, we will continue to investigate 

different approaches for solving microwave image reconstruction problems in later 

chapters, and make an attempt to apply the “micro” concept into the reconstruction 

algorithm based on other optimization techniques.
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PARTICLE SWARM OPTIMIZER AND ITS 
APPLICATION IN MICROWAVE IMAGE 
RECONSTRUCTION

This chapter presents the basic concepts involved in the particle swarm optimizer 

(PSO). A novel hybrid boundary condition is also presented to help the PSO 

achieving a robust and consistent optimization performance regardless of the 

problem dimensionality and the location of the global solution. The use of PSO for 

solving microwave image reconstruction problems is then presented, followed by a 

discussion on the important issues that arise when the PSO is used for such 

applications.

4.1 THE ORIGINAL PARTICLE SWARM OPTIMIZER

The PSO is a population based stochastic optimization technique first introduced by 

Eberhart and Kennedy in 1995 [225], [226]. It is formulated based on the inspiration 

of search abilities from biological examples, where the collaborated search abilities 

of such natural systems appear to excel the ability of each individual agent in the 

system. By adopting this cooperative strategy, the PSO can be distinguished from 

many other well known optimization techniques such as the genetic algorithm (GA) 

where the solution is found by using the competitive strategy.

In the context of language used in PSO, the terms “swarm” and “particles” are used 

to refer to the entire population and individual solutions, respectively. Like other 

population based optimization techniques, the swarm is initialized by generating a set 

of random particles within the problem space. Each particle is then associated with
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its corresponding velocity vector, which is also randomly initialized. The particles 

are set to search for the global optimum solution by flying through the problem space 

with their velocities dynamically adjusted according to their knowledge about the 

past experience and the global success.

In other words, the basic operations of the PSO can be described as follows. By 

assuming an TV-dimensional problem space, and a swarm consisting of M particles, 

the position and the velocity of the zth particle, 1 <i< M , can be expressed as two TV

dimensional vectors, that is:

Xi (0 - [*,■, (t), X, 2 (0, • • •, xi N (,)] (4.1)

y, (0 = [v/f, (0, R,2 (0, • • • > v, N (/)] (4.2)

where xi n(t) and vi n(t) denotes the position and velocity of the /th particle in the nlh 

dimension.

Over the course of search process, at the end of each iteration, each particle will 

adjust its trajectory based on the new velocity vector defined by:

V,At+])=V.A‘)+C>r\P,MS,At)-X:A,)hC2r2lSbe»Jt)--X,,n(1)] (4-3)

*,T + I) = *,T)+V,,„(' + !) (4-4)

wherep^est and gbest represent the /th particle’s best previous personal success and the 

best success achieved by the swarm, respectively; c\ and Cj are acceleration constants 

that act as weights to provide the relative pull for each particle towards pt,best and gbest 

positions, and based on early experience both constants are set to 2.0 for most 

applications; r\ and rj are two uniformly distributed random variables in the range of 

[0,1] for providing a stochastic variation in the relative pull towards pt^est and gbest- It 

can be seen from (4.3) that the velocity vector is adjusted based on the sum of the 

three following components. The first component is the momentum part, which is 

represented by the previous velocity, v(t). Its existence indicates that the new 

velocity must be adjusted from the current velocity and cannot be changed drastically. 

The second component is the cognitive part, which is used to incorporate the 

personal experience into the adjustment of the new velocity. Finally, the third
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component is the social part. With this inclusion of the collaborated information, the 

element of learning from the group experience can be added into the fine tuning of 

the new velocity.

In (4.3), to reduce the likelihood of particles having excessive velocities and 

escaping the problem space, a maximum velocity that acts as an upper and lower 

bound for the velocity is enforced after the new velocity is calculated. In other words, 

the particles’ velocities on each dimension are clamped to the range [-Vmax,Vmax\. 

However, the process of deciding an appropriate value for Vmax can itself be a very 

delicate process. This is because a large Vmax can increase the chance of particles to 

overlook the good solution areas while a small Vmax may lead particles to the traps of 

local minima. Hence, Vmax is an important parameter in the original PSO as it can 

affect the overall optimization performance. Currently, it has been reported that the 

original PSO’s performance can be improved by either setting Vmax to 10-20% of the 

dynamic range of each dimension [227], i.e. Vmax,n = a x xmax,n, where 0.1 < a < 0.2, 

or carefully changing the value of Vmax dynamically [228].

In summary, the PSO is very simple in its concept and implementation. It searches 

for the global optimum solution by repeatedly applying (4.3) and (4.4) to the entire 

swarm. As particles are flying through the problem space, the information about p^est 

and gbest are being updated based on the conditions below:

where OF is the objective function assumed to be minimized, and arg(.) and min(.) 

are functions used to find the argument and minimum of a function, respectively. 

Close examination of (4.3) to (4.6) reveals the differences between PSO and GA

indirectly for solving minimization problems, in PSO one can simply consider the 

fitness of each particle as the value computed from the OF, i.e. Fitness(X,) = OF(2Q, 

and solutions of smaller OF values are considered to be fitter solutions. This is due to

(4.5)

8kJ‘ +1) = arg(min (OF(pibesl(t +1)))\ 1 <i<M (4.6)

clearer. Unlike GA where the fitness of each alternative solution is computed
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Initialize an N-dimensional swarm of M particles
Do

For each particle Xi, 1 < i < M

End If 
End For
Update particles' velocities using (4.3) 
Clamp particles' velocities if required 
Update particles' positions using (4.4) 

While termination criteria are not reached

the fact that the PSO need to utilize both p^est and gbest to search for the global 

minimum, and bothp^best and gbest are determined directly from the objective function. 

This repetition is continued until termination criteria are met, which can be defined 

as either the maximum number of allowed iterations or a target fitness value, etc. Fig. 

4.1 shows the pseudo code for the original PSO.

4.2 COMMON IMPROVEMENTS FOR THE ORIGINAL PSO

Since the original proposal of PSO, much work has been devoted to improve its 

optimization performance and this has resulted in various general modifications to 

the original algorithm.

4.2.1 Inertia Weight

The first modification is the insertion of inertia weight to the original velocity update 

equation [229]. With the addition of this new parameter, (4.3) can be rewritten as:

Calculate the fitness value OF(X±) 

If OF(Xi) < OF {pir best)

Pi,best
End If
If OF(Xi) < OF{gtest)

Pbest Xi

Fig. 4.1: Pseudo code for the original PSO.

(4.7)
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where w is the inertia weight. This new parameter was introduced with the intention 

to eliminate the need of deciding an appropriate value for Vmax while provide a 

balanced search behavior for the swarm. It has been reported that with the inclusion 

of inertia weight, Vmax can be simply set to the dynamic range of each dimension and 

the algorithm would still produce a good optimization performance if not better [227]. 

As for the strategy of setting the value for the inertia weight, Eberhart and Shi have 

suggested that it should be linearly decreased from 0.9 to 0.4 over the course of the 

search process so that the particles can conduct their earlier searches on global 

exploration and shift their focus to local exploitation in the later stage of the search 

process [230]. If the inertia weight is not decreased linearly over the course of search 

process, they suggest selecting a value in the range [0.9,1.2] so that the solution can 

be found within a reasonable number of iterations [229],

4.2.2 Constriction Factor

Another parameter known as the constriction factor is also introduced to the PSO 

through an analytical analysis of the algorithm [231], [232], The purpose of 

developing such parameter is to help PSO improving its ability in controlling 

particles’ velocities and ensure its convergence. To incorporate this new parameter, a 

new expression for (4.3) is developed:

v,,„ {t+0=*k, (0+m bw. - (0]+<Pi’\ (Oil U.8)

where k is the constriction factor defined by:

k - 2
2-(p-](p2 -4(p

(4.9)

(p = cp]+cp2, cp> 4 (4.10)

The value of (p is usually set to 4.1 and thus produce a constriction factor k = 0.729. 

In addition, both cp\ and (pi of (4.10) has a typical value of 2.05 [227], [233]. 

Mathematically, both (4.7) and (4.8) are equivalent as (4.8) is a special case of (4.7) 

where the values of w, c\ and C2 are decided based on (4.9) and (4.10) [233]. With 

these parameter values set for (4.8), it would in turn gives a corresponding velocity
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update equation in the form of (4.7) where w = 0.729 and C\ = ci = 1.494. 

Alternatively, the values of (g\ and ^can be set to 2.8 and 1.3, respectively, as it has 

been reported that PSO performs better when these values are used [234]. It should 

also be noted that when using Clerc’s constriction method, although the initial 

believe was that Vmax is not necessary, it is still better to set Vmax to the dynamic 

range of each dimension since such a condition would help the PSO to improve its 

optimization performance.

4.2.3 Neighborhood topologies

The third modification that aims to improve PSO’s performance is the substitution of 

the original neighborhood topology modeled by the social component in the velocity 

update equation. So far, all forms of velocity update equations mentioned here have 

utilized gbest in their social component, and this represents a fully connected social 

network structure that the entire population is treated as each individual’s 

neighborhood. This structure is generally known as the gbest topology, and through 

the instantaneous communication among all particles this topology can offer a rapid 

rate of convergence for the PSO technique. However, the major disadvantage of this 

topology is the possibility that particles may converge prematurely, and this could 

occur when the position of gbest is not updated regularly. To mitigate this problem, 

other neighborhood topologies have been proposed to impede the communication 

among particles and preserve the swarm diversity [235-237]. This change in the 

neighborhood topology is reflected by the change in the social component of the 

velocity update equation, that is:

There are currently a number of alternative topologies that can be used to replace the 

original gbest topology, and these include the Ibest, von Neumann, wheel, four 

clusters, and pyramid topologies. Fig. 4.2 shows an example of how 20 particles are 

connected under the gbest, Ibest, von Neumann, wheel, four clusters, and pyramid

(4.11)

where Nicest is the best solution found so far in the neighborhood of the z'th particle.
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gbest, (b) Ibest, (c) von Neumann, (d) wheel, (e) four clusters, and (f) pyramid

topologies.
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topologies^3. For the Ibest topology, the neighborhood of the /th particle is comprised 

of its two adjacent neighbors. With this ring like structure, Ibest topology offers the 

slowest, most indirect communication pattern for the particles. The von Neumann 

topology is structured in such a way that the particles are connected in a grid 

structure where each particle is connected to its four immediate neighbors. In other 

words, the von Neumann topology can be described as a rectangular lattice whose 

extremities are connected as a torus. The wheel topology has its appearance similar 

to a star where only a single central particle is connected to all particles, while the 

rest are not connected to any other particles. For the four clusters topology, the 

particles are grouped into four separate clusters. The four clusters are connected to 

each other by a few links while the particles of each cluster are fully interconnected 

among themselves. Finally, the pyramid topology connects the particles in the shape 

of three dimensional wire frame triangles. Each of these topologies has its own 

unique communication pattern, and thus its strength and weakness. Therefore, it is 

important that the neighborhood topology is specified whenever the PSO is applied 

to an optimization problem.

As the performance of these neighborhood topologies are problem dependent, to 

simplify the decision of choosing the right neighborhood topology, it has been 

suggested that the PSO with von Neumann topology may be a better choice for most 

of the problems as it is easy to implement and its performance is more consistent 

than other topologies. Note that in these neighborhood topologies, the neighborhoods 

can be formed by simply using particles’ index numbers. Another approach is to 

decide the neighborhoods based on particles’ spatial positions, where the hamming 

distance between particles is calculated [239]. Although this spatial neighborhood 

approach is slightly more difficult to implement and requires extra computational 

cost, it has been shown that in some cases a slight improvement in the optimization 

performance can be obtained.

U3 The six topologies shown in Fig. 4.2 are generated by the AT&T open source software known as 
“Graphviz” [238],
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4.2.4 Boundary Conditions

The fourth modification for improving the original PSO is the employment of 

boundary condition to the problem space. As mentioned earlier, the use of 

parameters such as Vmax and other modifications to the original PSO have all aimed to 

control particles’ velocities and their search behaviors. However, it has been reported 

in [240] that even with these parameters and modifications, the particles may still 

occasionally fly to a position beyond the defined problem space, and hence produce 

an invalid solution. To solve this problem, three different hypothetical boundaries 

have been proposed to enclose the problem space. These are known as absorbing 

walls, reflecting walls, and invisible walls [240]. Thus, if a particle moves to an 

invalid position, its position will be either adjusted or ignored depending on which 

boundary condition is applied. The feature of each boundary condition is illustrated 

in Fig. 4.3. While it has been suggested that the choice of invisible walls would offer 

a better and more consistent PSO performance than the other two boundary 

conditions, this, however, was later found to be true only for a few selected cases

In general, the PSO performance under any of these three boundary conditions would 

vary when the distance between the global optimum and search space boundaries 

changes. To demonstrate this point, we have considered four different cases of the 

Rastrigin function of dimensions N = 3. The Rastrigin function has a global optimum 

value of zero, and it is defined as:

[241].

(4.12)

and the search range of each dimension of each test case is defined as:

Test case 4: -10 <xn< 10,n = 1, 2, 3.

Test case 1: -1 < xn < 1, n = 1, 2, 3 

Test case 2: -3 <xn< 3, n = 1, 2, 3 

Test case 3: -5 <xn< 5, n = 1,2, 3

(4.13a)

(4.13b)

(4.13c)

(4.13d)
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Without boundary 
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Fig. 4.3: An illustration showing the feature of different boundary conditions, (a) 

For absorbing boundaries, the velocity of the particle is zeroed and the particle is 

stopped at the boundary, (b) For reflecting boundaries, the sign of the velocity is 

reversed and the particle is reflected back to the problem space after the impact, (c) 

For invisible boundaries, the particle is allowed to escape the boundary of the 

problem space and is ignored by the fitness evaluator.

As per described in [240], we have used identical settings and neighborhood 

topology to implement our PSO with three boundary conditions and applied to each 

of the test case 50 times. Figs. 4.4(a) to 4.4(d) show the average optimization 

performances obtained for the first 200 iterations of each test case. In Fig. 4.4(a), 

where -1 < xn< 1, we can see the invisible boundary condition quickly outperforms 

the other two methods and this is similar to the result presented in [240]. However, 

from the results shown in Figs 4.4(b) to 4.4(d), as soon as we started to increase the 

size of the problem space, the invisible boundary starts to lose its advantage in the
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... Absorbing
-—Reflecting 
— Invisible
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Number of iterations

(a)

... Absorbing
---Reflecting 
— Invisible

60 80 100 120 140 160 180 200
Number of iterations

(b)
Fig. 4.4: Comparison of optimization performances between the three boundary

conditions for the Rastrigin function of vV= 3. (a) Test case 1. (b) Test case 2.
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Fig. 4.4: Comparison of optimization performances between the three boundary

conditions for the Rastrigin function of N= 3. (c) Test case 3. (d) Test case 4.
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optimization performance and all three boundary conditions have similar 

performances.

In [241], it has also suggested that on top of the distance between the global optimum 

and search space boundaries, the problem dimensionality would also affect the 

performances of the three boundary conditions. Hence, with the influence of these 

two factors, it is difficult to know a priori as to which boundary condition suits a 

given optimization problem. However, regardless of which boundary condition is 

ideal for the PSO algorithm, the concept of using it to enclose the problem space is 

very valuable in terms of saving unnecessary computational cost. Since when solving 

practical optimization problems a huge part of the computational cost is often 

associated with the process of fitness evaluation, by being able to either adjusting or 

ignoring invalid solutions we would be able to save these unnecessary computational 

cost. In the context of microwave image reconstruction, the application of boundary 

conditions would prevent us from solving an invalid forward problem, which usually 

requires huge computational resources.

In the literature, there are also other modifications available for improving the PSO 

performance and these include the use of evolutionary operators and hybridize with 

other techniques, etc [242-246], However, these modifications often require complex 

and larger changes in the flow of the PSO algorithm and can destroy the original 

simplicity of the algorithm. As the focus of this chapter is on the basics of PSO and 

its application on microwave image reconstruction, we will not discuss these PSO 

modifications in further detail. Instead, we will only concentrate on the four simple 

modifications mentioned above, since it has now become a common approach to 

incorporate these changes into the implementation of the PSO. Fig. 4.5 shows the 

flowchart of the modified PSO with operations from the four common modifications 

included. The corresponding pseudo code is shown in Fig. 4.6.
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Terminate?

Update particles’ 
velocities and positions

Determine p^est and

Perform initialization 
tasks

Perform fitness 
evaluation

Check for invalid 
positions and apply 
boundary condition

Fig. 4.5: Flowchart of the PSO algorithm with common modifications.

Initialize an A/-dimensional swarm of M particles
Do

For each particle Xi, 1 < i < M

Calculate the fitness value OF{X±)

If OF {Xi) < OF {Pi, test)

Pi, best ~ %i
End If
If OF{Xi) < OF {Nicest)

id,best ~ Xi
End If 

End For
Update particles' velocities using (4.11)
Clamp particles' velocities if required 
Update particles' positions using (4.4)
Apply boundary condition to particles located outside 
the problem space 
Update the inertia weight w 

While termination criteria are not reached
Fig. 4.6: Pseudo code for the common implementation of the PSO.
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4.3 A NOVEL HYBRID BOUNDARY CONDITION FOR ROBUST 
PSO PERFORMANCE

In the previous section we have covered the underlying concepts of the PSO and 

discussed some common approaches used to improve its performance. Out of which, 

the concept of applying boundary conditions to deal with particles’ invalid positions 

is quite a significant one, especially for problems that require huge computational 

resources for evaluating the fitness of potential solutions. The usefulness of this 

concept, however, is hindered by the difficulty of choosing an appropriate boundary 

condition for general problems. Thus, in this section, as part of the contributions 

made by this research work, we will investigate this problem further and propose a 

novel hybrid boundary condition for PSO to achieve a robust and consistent 

optimization performance.

The first step in developing our boundary condition is to analyze the properties of 

existing boundary conditions and identify their shortcomings. By comprehending 

these shortcomings, a set of solutions can then be suggested and implemented into 

the new boundary condition.

To begin our analysis, we will first refer to the behavior of three existing boundaries 

shown in Fig. 4.3 and see how each boundary would react to an arbitrary 1-D 

scenario shown in Fig. 4.7. Here we assume a particle has moved beyond xmax and 

stopped at the point / in the invalid region, which is represented by the shaded area. 

Based on the boundary properties shown in Fig. 4.3, three possible particle positions 

can be determined after the boundary effect has taken place. For the case of invisible 

boundary, the particle would simply remain at point / and be neglected from the next 

fitness evaluation process. For the cases of absorbing and reflecting boundaries, the 

particle’s position would be adjusted to points A and R, respectively, and would still 

be required to undergo the next fitness evaluation process as the solutions 

represented by these two positions are valid solutions. With these three particle
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X/nin Xmax

Fig. 4.7: An arbitrary 1-D scenario used to analyze the properties of the three

existing boundary conditions.

positions determined, we then classify the possible locations of the optimal solution 

into two different regions and investigate which boundary condition is more 

advantageous in each case.

The first case we considered is when the optimal solution is resided in the centre 

region of the problem space, i.e. 5*1 (refer to Fig. 4.7). In this case, as the difference 

between the distances from the solution to the two sides of boundaries are minimal, 

unless the overall problem space is relatively small where the invisible boundary 

would offer a better performance, the PSO performance would not vary much 

between the three boundaries. This has been clearly demonstrated by the results 

shown in Figs 4.4(a) to 4.4(d).

The next case is when the solution situates in a region marked by S2, where S2 is 

defined as a region from the edge of the centre region S\ to the boundary of the 

problem space (refer to Fig. 4.7). Both particle positions R and A are also assumed to 

be covered by this region. Here, we will first consider a scenario where the solution
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is located right at the problem space boundary. In such scenario, it is obvious that the 

absorbing boundary is the best choice, as after applying the boundary effect the 

particle will adjust its position from point / to point A and thus discover the solution 

straight away. However, for other scenarios where the solution is not located at the 

problem space boundary the choice of absorbing boundary would no longer be the 

best one. To explain this, let us consider our second and third scenarios where in the 

second scenario the solution in S2 is located near the centre region Si while the third 

scenario has its solution located at either point R or somewhere near point R.

In the second scenario, as the solution is located much closer to the centre region 

than the problem space boundary, unless the overall problem space is small, based on 

the same arguments used in the first case where the solution is located in Si, the three 

boundaries would not have any distinct advantage over each other. In the third 

scenario, on the other hand, the choice of reflecting boundary would be more 

advantageous than the other two boundaries. This is because the solution is located at 

either point R or near point R, thus after applying the boundary effect it is possible 

for the reflected particle to land on the solution or reach solution’s close proximity. 

Note that here we are merely talking about the possibility of a particle to land on the 

solution or the solution’s close proximity. It must not be confused with the 

probability of leading a particle to a better solution, since the solution represented by 

point R could be worse than the best solution found so far, even when R is close to 

the solution.

Having identified this advantage for the reflecting boundary, we must also realize 

that the exact location of point R is determined based on the amount of reflection 

experienced by the particle, thus this advantage associated with the reflecting 

boundary is heavily dependent on the combination of the magnitude of reflection and 

the location of the solution. In other words, the advantage of having a possibility for 

the reflected particle to land on the solution or reach solution’s close proximity 

would only exist if the solution is located at point R or close to point R, respectively. 

For any other cases, the same advantage would no exist. For example, if the solution 

is located very close to xmax while the particle is experienced a large reflection, the
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location of point R would therefore miss the location of the solution and as the 

direction of the reflected velocity is heading towards xmm, in order to discover the 

solution located at the opposite direction it would take at least one velocity update 

before the particle can change its flying path. Once the particle has changed its flying 

direction, the discovery of the solution is solely based on the search routines of the 

PSO algorithm rather than the type of boundary condition used, thus the advantage 

mentioned earlier does not exist here.

In summary, after considering all the cases mentioned above, the following points 

can be made on the effects of applying boundary conditions to an invalid particle:

1. If the solution is located in or near the centre region of the problem space, 

regardless of which boundary condition is used, there will no much difference 

in the PSO performance. However, for the special case where the problem 

space is small, the choice of the invisible boundary would provide a better 

performance.

2. If the solution is not located in or near the centre region of the problem space, 

then:

a. the invisible boundary would not offer any direct advantage in terms 

of finding the solution as its function is to save the unnecessary 

computation time by neglecting the particle, and wait for the PSO 

operations to pull the particle back into the problem space to continue 

its normal search,

b. the absorbing boundary would be the best choice under the special 

condition that the solution lies right at the boundary of the problem 

space. For any other cases, the absorbing boundary would not gain 

any immediate advantage as the particle would need to follow the 

normal PSO operations to continue its search from the problem space 

boundary,

c. the reflecting boundary, given the right combination of locations for 

the reflected particle and the solution, can be used to help discover the 

solution or its close proximity, and thus have an advantage over the 

other two boundary conditions. However, as the location of the
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solution is usually unknown and the reflection is based on particle’s 

stochastic movements, this dependence on both locations of the 

reflected particle and the solution could also lead to the vanishing of 

the advantage mentioned above. Thus, although the possibility exists, 

it is not guaranteed that the reflecting boundary will outperform the 

other two boundaries every time the boundary effect is applied.

Note that, all these finding are drawn based on the arbitrary scenario shown in Fig. 

4.7, where the invalid particle is located beyond xmax. The same findings can also be 

drawn if the particle is located beyond the problem space boundary xmin.

With all the findings mentioned above, we can see that each boundary condition has 

its own unique advantage for different circumstances. Therefore, to combine all these 

advantages and propose a new boundary condition that is suitable for general usage, 

we have decided to incorporate the following features into our new boundary 

condition:

1. if the location is located in or near the centre region of the problem space, it 

must offer a comparable PSO performance as the existing boundary 

conditions,

2. instead of neglecting the invalid particle as in the invisible boundary, the new 

boundary condition combines the concepts of absorbing and reflecting 

boundaries where the invalid position is adjusted to a valid one. This is 

because we do not want to restrict the usage of our boundary condition to 

small problem spaces. In addition, by simply neglecting the invalid particle, 

there is no significant advantage to be gained in terms of locating the solution 

once the boundary condition is applied.

3. the new boundary condition will combine features of both the characteristics 

offered by the absorbing and reflecting boundaries, and thus possessing 

advantages of both boundaries.

With these features defined, we have decided to name the proposed boundary 

condition as the “damping” boundary. For this damping boundary, whenever a
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particle tries to escape the search space in any one of the dimensions, part of the 

velocity in that dimension is absorbed by the boundary and the particle is then 

reflected back to the search space with a damped velocity along with a reversal of 

sign. To achieve this, we first start by performing the same procedure as for the 

reflecting boundary where the magnitude and the sign of the velocity for the reflected 

particle are determined. The velocity is then multiplied by a damping factor, Ad, 

which is a random variable uniformly distributed between [0,1] to create the damping 

effect. Since Ad is a uniformly distributed random variable between [0,1], the 

behavior of the proposed damping boundary will lie in between the performances of 

the absorbing and reflecting boundaries. It will act as the absorbing or reflecting 

boundary depending on the value of Ad equal to zero or one respectively. In terms of 

equations, the updated velocity and position of the dampened particle can be 

expressed as:

v,,„(/ + l)=Arf„■/(' + ')> AdeC/[0,l] (4.14)

+ l) = P™ ~V,.AI + 0. if X,A‘ + 0 >
+ V,.„ ('+>). if Xi,n (' + !)<

(4.15)

where vjn ref(t + l) is the velocity of the reflected particle as if the reflecting boundary

were imposed at the boundary of the search space; xnimax and xnjnin are the maximum 

and minimum boundaries of the nlh dimension of the problem space.

To highlight the advantage of the proposed damping boundary, let us consider the 

scenario shown in Fig. 4.8, where a particle has once again moved at an invalid 

position I. The points A, D, R and are the new positions where the particle would be 

adjusted to after applying the absorbing, damping, and reflecting boundary effects, 

respectively. As we are already aware that in order for absorbing and reflecting 

boundaries to discover the solution immediately after applying boundary effects, the 

solution needs to be located at points A and R, respectively. However, in reality the 

solution may not always be located at the problem space boundary, and to satisfy the 

condition for the reflecting boundary an appropriate magnitude of reflection is 

required land the reflected particle on the solution. With these difficulties and the 

fact that both absorbing and reflecting boundaries have only one potential position
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Xmax

s, s2

Fig. 4.8: An arbitrary 1-D scenario used to highlight the advantage of the 

proposed damping boundary condition.

for the particle, the discovery of the solution after applying the boundary effect 

would thus becomes a binary event.

For the proposed damping boundary, on the other hand, based on (4.14) and (4.15), it 

can be seen that the damped particle will have its new position randomly chosen 

between points R and A, with both points R and A included as part of the potential 

positions. With this increased number of potential locations for the damped particle, 

as long as the solution lies within the distance between points R and A, the possibility 

of discovering the solution that does not exist in both absorbing and reflecting 

boundaries is now to exist for the damping boundary. This is because unlike 

absorbing and reflecting boundaries where the particle is set to be adjusted to a sole 

designated position after the boundary effect, the damping boundary offers a range of 

potential locations for the adjustment of particle’s new position. Thus, by being able 

to have diversity in particle’s new positions for every application of the boundary 

condition, the proposed damping boundary is more practical for the PSO in solving 

general problems.
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To demonstrate the effectiveness of the proposed damping boundary, we have used 

the Rastrigin and Rosenbrock functions to benchmark the PSO performance for four 

different boundary conditions. The Rastrigin function has been defined in (4.12) and 

the Rosenbrock function is defined as:

where N is the dimension of the test function. Note that the global minimum for both 

functions is equal to zero, where7/^(0) = 0 andfROS(l) = 0.

In our investigation, we have used two types of search spaces whose size in terms of 

Euclidean distance between the minimum and maximum boundaries are the same, 

but the search range in each dimension is different. The search range of the first (I) 

type is between [-5,5] and the range for the second (II) type is between [0,10]. Here, 

we know that for Rastrigin function, when type I search space is used, the global 

optimum is located at the middle and when type II search space is used, the global 

optimum lies on the boundary respectively. Similarly, for Rosenbrock function, the 

global optimum is located close to the middle and to the boundary of the search 

space respectively when type I and II of the search spaces are used. In addition, as 

PSO is known to suffers from the “curse of dimensionality” [247], [248], we have 

also compared the boundary performances for different problem dimensions by 

letting A = 3 and N= 30 for both of our test functions.

As for the detail of our PSO implementation, we have randomly created a set of 50 

different initial populations for each of our investigation, which makes a total of 

eight different set of populations. Each population is consisted of 30 particles while 

each particle is a vector of either dimension 3 or 30 depending on the problem 

dimension. For each of the boundary condition mentioned earlier, 50 independent 

simulations were performed using the 50 populations in the population set created 

earlier. Each simulation consists of 200 iterations, and the results are averaged at the 

end of 50 simulation runs. Finally, for the sake of consistency, the PSO has followed

(4.16)
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the gbest topology as with our earlier investigations. The comparisons of the 

averaged performances for the four boundaries are plotted in Figs. 4.9(a) to 4.9(h).

For the Rastrigin function, referring to Figs. 4.9(a) to 4.9(d), the global optimum is 

located at the middle of the search space for type I cases, Figs. 4.9(a) and 4.9(c), and 

is located at the boundary of the search space for type II cases, Figs. 4.9(b) and 

4.9(d). It can be seen that the PSO performance obtained by each of the existing 

boundary condition is affected by two factors viz. (i) the increase in the dimension of 

the test function and (ii) variation in the location of the global optimum with respect 

to the search space boundary. Thus it is difficult to guarantee that the best performer 

in one case will continue to perform the best in other cases. This is clearly noticeable 

for the case of invisible boundary when N = 30 for both type I and II cases. On the 

other hand, we can see that the proposed damping boundary has performed 

consistently well in all four cases for the Rastrigin function. It can also be seen that 

the performance of damping boundary is slightly lower than the invisible and 

reflecting boundaries when N = 30 for type I case. However, the overall performance 

offered by the damping boundary in all four cases is itself a good testimony of its 

robustness and consistency in the optimization process, regardless of the 

dimensionality and the location of the global optimum.

Similarly, from Figs. 4.9(e) to 4.9(h), where the Rosenbrock function is used, the 

performance obtained by the three existing boundary conditions again varies for 

different cases, but the proposed damping boundary is still very consistent regardless 

of the dimensionality and the location of the global optimum solution. Hence, these 

results have confirmed that even for optimizing a high dimensional test function, 

with unknown location of the optimum, the proposed damping boundary condition 

would strengthen the PSO for solving various types of difficult and complex 

problems.
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Fig. 4.9: Comparison of PSO performances offered by the four boundary conditions 

for the Rastrigin function ofN=3. (a) Type I case, -5 <x„< 5, 1 < n < 3. (b) Type

II case, 0 < x„ < 10, 1 <n< 3.
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Fig. 4.9: Comparison of PSO performances offered by the four boundary conditions

for the Rastrigin function of N = 30. (c) Type I case, -5 < x„ < 5, 1 < n < 30. (d)

Type II case, 0 < *„ < 10, 1 <n< 30.
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Fig. 4.9: Comparison of PSO performances offered by the four boundary conditions 

for the Rosenbrock function of N = 3. (e) Type I case, -5 <xn< 5, 1 < n < 3. (f) 

Type II case, 0 < x„ < 10, 1 <n< 3.
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Fig. 4.9: Comparison of PSO performances offered by the four boundary conditions 

for the Rosenbrock function of N= 30. (g) Type I case, -5 <xn< 5, 1 < n < 30. (h)

Type II case, 0 <xn< 10, 1 <n< 30.
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4.4 MICROWAVE IMAGE RECONSTRUCTION USING PSO

Up till now, the application of PSO for microwave image reconstruction has been 

reported for only 2-D dielectric scatterers [119]. Its application to 3-D dielectric 

scatterer is almost non-existent [241]. In addition, all the findings reported so far 

have been based on the PSO using the gbest topology. Thus, in this section, we will 

continue to explore the use of PSO of gbest topology for reconstructing microwave 

images of various 3-D dielectric scatterers. We will start by highlight the usefulness 

of the proposed damping boundary for microwave image reconstruction. We then 

continue with our investigation by apply the PSO to reconstruction problems given in 

previous sections, and benchmark its performance against the one obtained from GA 

and pGA. In addition, here we will also introduce the reconstruction problem of 

lossy dielectric scatterers, and determine if PSO is suitable for solving such problems. 

Finally, we will finish our investigation by examine the effect of using different PSO 

neighborhood topologies for microwave image reconstruction.

4.4.1 Advantage of Applying Damping Boundary for Microwave 
Image Reconstruction

To demonstrate the effectiveness of the damping boundary against other existing 

boundary conditions for microwave image reconstruction, we have considered the 

problem scenario shown in Fig. 2. II where a lossless homogeneous dielectric 

scatterer of sr = 6 is located inside a cubic free space investigation domain of side 

length Aq. As with previous sections, we have assumed that we know a priori that the 

investigation domain is mainly free space, and the dielectric constant sr for the 

scatterer is less than or equal to 7. With this a priori information we can define the 

search range for each cell as 1 < sr < 7. Note that in this case, although unknown to 

the reconstruction process, the nature of the problem is different to that given by the 

two test functions (4.12) and (4.16). Instead, the problem here can be regarded as a 

combination of problems represented by both (4.12) and (4.16). This is because the 

global optimum for this reconstruction problem is a vector of dimension 27, where
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Fig. 4.10: Comparison of PSO performances offered by the four boundary 

conditions for the microwave image reconstruction problem given in Fig. 2.11.

only one of its elements is located close to one end of the boundary while the rest of 

the elements lie on the other end of the boundary of the search space.

As with previous chapters, we have used same parameters to set up the problem 

geometry and these include the number of UCAs, SNR, etc. In the implementation of 

the PSO, we have adopted the gbest topology and tested all four boundary conditions 

with an identical initial population that consists of 25 particles. For each boundary 

condition, 10 simulations have been performed and each simulation is consists of 500 

iterations. The final result is taken as the average of the 10 simulations.

The results plotted in Fig. 4.10 show the average fitness values obtained over 500 

iterations when all four boundary conditions are used. As expected, for this 

reconstruction problem, the performance of the absorbing boundary was superior 

since 26 out of 27 optimum values lie on the boundary of the search space (sr = 1).
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Absorbing 14
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Fig. 4.11: Comparison of images reconstructed by the PSO using four different

boundary conditions.

However, as indicated in the results presented earlier, the superiority offered by the 

absorbing boundary may not always be guaranteed in other image reconstruction 

problems. A typical example is shown in Figs. 4.9(g) and 4.9(h), where the absorbing 

boundary performs the best for the type II case but performs the worst for type I case. 

Hence, it would cause great uncertainty in deciding as to which boundary condition 

be appropriate for a given problem. Wrong choice of an inefficient boundary 

condition for a given problem such as the microwave image reconstruction could 

result in poor reconstruction accuracy in addition to waste of huge computational 

resources. On the other hand, the performance of the proposed damping boundary 

has always performed consistently well in all cases, and Fig. 4.10 further testifies the 

robustness it can offer. From Fig. 4.10, it is also evident that the proposed damping 

boundary has outperformed both the invisible and reflecting boundaries. Thus, the 

use of the proposed damping boundary has eliminated the uncertainty arising from 

the choice of inappropriate boundary condition for PSO. The results in Fig. 4.11
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show a comparison of the final images (averaged after 10 simulation runs) obtained 

from PSO runs utilizing each of the four boundary conditions. It is quite clear from 

Fig. 4.11 that the damping boundary has successfully reconstructed the value of sr 

for the dielectric scatterer, and outperformed some of the other boundary conditions, 

while offering robustness and consistency. With this reconfirmation of the usefulness 

of the damping boundary, all of our subsequent PSO implementations will adopt the 

damping boundary unless otherwise mentioned.

4.4.2 Microwave Image Reconstruction of Homogeneous 
Lossless Dielectric Scatterer via PSO

In subsection 4.4.1, we have demonstrated the usefulness of the damping boundary 

by solving an image reconstruction problem given in Fig. 2.11. Since this particular 

problem has also been solved by both GA and pGA, it is a perfect opportunity to 

benchmark the PSO performance against these two techniques.

As with Chapter 3, in order to have a fair comparison on the performance of different 

optimization techniques of different population sizes, the performance will be 

benchmarked based on the number of fitness evaluations performed by the 

techniques. From Chapters 2 and 3, we know that for this particular problem the 

number of fitness evaluations performed by both GA and pGA is equal to 6400. For 

the PSO, on the other hand, we have a total of 12500 fitness evaluations (25 particles 

x 500 iterations). Thus, here we will only consider the first 6400 fitness evaluations 

performed by the PSO, which is done by extracting the first 256 iterations of the 

damping boundary result shown in Fig. 4.10 (25 particles x 256 iterations).

Fig. 4.12 shows the comparison of the average fitness value minimized by the three 

techniques for a total of 6400 fitness evaluations. The results have clearly indicated 

that the PSO is a much better choice for solving this particular microwave image 

reconstruction problem than GA and pGA.
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Fig. 4.12: Comparison of the average fitness value minimized by the GA, pGA and 

PSO techniques for the image reconstruction problem given in Fig. 2.11.

4.4.3 Microwave Image Reconstruction of Inhomogeneous 
Lossless Dielectric Scatterer via PSO

For our next investigation, we have considered the three-layer inhomogeneous 

lossless dielectric scatterer shown in Fig. 3.8 where the scatterer is characterized by 

two different dielectric media.

From the result shown in Chapter 3, we have observed that it is difficult for pGA to 

solve this problem once the problem dimension is increased from 37 to 105. Thus, it 

is interesting to see how the PSO would perform when solving this problem. Again, 

we have utilized parameters identical to the one presented in Chapter 3 to set up this 

imaging problem of dimension 105. For the implementation of the PSO, we have 

created our population with 25 particles, where each particle is a vector of dimension 

105. The particles are set to follow the gbest topology for sharing their information 

about the location of the best solution found by the entire swarm. The search range
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Fig. 4.13: Comparison of the average fitness value minimized by the pGA and PSO 

techniques for the image reconstruction problem given in Fig. 3.8.

Actual distribution of s values
r

(a)

Fig. 4.14: (a) The actual distribution of sr values inside the inhomogeneous lossless

dielectric scatterer given in Fig. 3.8.
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PSO result

(c)

Fig. 4.14: The reconstructed final image of the inhomogeneous lossless dielectric 

scatterer shown in Fig. 3.8. (b) PSO result, (c) pGA result.
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for each dimension is set to 1 < x„ < 4 and 1 < n < 105. The PSO is set to terminate 

after 300 iterations, and as with the previous problem our final result is acquired by 

averaging the results of 10 independent simulation runs.

Fig. 4.13 shows the comparison of the average fitness value minimized by the PSO 

and pGA for the first 7500 fitness evaluations. It can be seen that the PSO has 

performed much better than pGA for this high dimensional problem. Figs. 4.14(a) 

and 4.14(b) show the actual distribution of er values inside the scatterer and the final 

result obtained by the PSO, respectively. For the sake of comparison, the result 

obtained by the pGA in Chapter 3 is again presented in Fig. 4.14(c). From the results 

shown in Fig. 4.14, it is clear that |uGA has failed to distinguish the two different 

media with which the scatterer is constituted of and hence was not able to reconstruct 

the shape of numerical value ‘4’. On the other hand, the PSO technique has achieved 

a better result by highlighting the contrast in sr values between the two media, and 

was able to reconstruct a shape similar to the shape of the numerical value ‘4’ at the 

middle layer.

4.4.4 Microwave Image Reconstruction of Inhomogeneous Lossy 
Dielectric Scatterer via PSO

From previous subsections, it can be seen that the PSO is a much better candidate 

than GA and pGA for solving various microwave image reconstruction problems. As 

it is better than both GA and pGA in terms of coping with problems of higher 

dimensions, here we will extend our investigation to the reconstruction of microwave 

images for lossy dielectric objects. Such a problem is slightly more complicated than 

lossless cases as the goal here is to determine the spatial distribution of both er and a 

values within the investigation domain.

For practical applications, the reconstruction of microwave images for lossy 

dielectric objects is mainly motivated by the detection of abnormal human tissues 

such as for the early detection of breast cancer. Thus, in our investigations we will
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Normal breast tissue

Top View
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(inhomogeneous lossy scatterer)

3-D View

Fig. 4.15: The first inhomogeneous lossy dielectric scatterer considered in the 

investigation. The top, front and side views are assumed to be transparent so that 

the location of the malignant tissue can be revealed. The malignant tissue is 

represented as the dark shaded cell.

characterize our inhomogeneous lossy dielectric scatterers by the measured dielectric 

properties of the normal breast tissue and malignant tumor at 800MHz. The relative 

permittivity £r for the breast tissue and tumor are around 16 and 57.2, respectively, 

while the electrical conductivity cr are around 0.16 S/m and 1.08 S/m respectively 

[172], [173]. Based on these values, it can be seen that there is a significant dielectric 

contrast of 3.58 for the relative permittivity and 6.75 for the electrical conductivity.

In our investigations, we have defined our investigation domain as the physical size 

of the lossy dielectric scatterers shown in Figs. 4.15 and 4.16, while letting the 

background surrounding medium as water. Also, as with previous cases, the 

investigation domain in each case is virtually partitioned into a number of equal sized
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Fig. 4.16: The second inhomogeneous lossy dielectric scatterer considered in the 

investigation. The top, front and side views are assumed to be transparent so that 

the location of the malignant tissue can be revealed. The malignant tissue is 

represented as the dark shaded cell.

homogeneous sub-cells. Inside the lossy scatterers, we have set some of the virtual 

sub-cells as the malignant tissue and they are represented by the dark shaded cells in 

Figs 4.15 and 4.16. It should be apparent that the image of the scatterer shown in Fig. 

4.15 should be easier to reconstruct than the one shown in Fig. 4.16, as its problem 

dimension is relatively smaller (N = 27 vs. N = 125). To finish setting up the 

problems, we have surrounded each scatterer with four UCAs, and each UCA is 

consists of 36 equally spaced antenna elements. The radius of each UCA is equal to 

7o, where To is the free space wavelength of our incident plane wave of frequency fo = 

800MHz. The plane wave is assumed to be propagating along the x-axis, while the
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electric field vector is polarized along the z-axis. The SNR used in both cases is 

assumed to be equal to 35dB.

With the definition of our problem geometries, it should also be emphasized that the 

reconstruction process for our lossy dielectric scatterers needs to adopt a slightly 

different approach as compared to the lossless cases. Since our focus here is to 

distinguish between normal and malignant breast tissues, it is more practical to let 

the PSO to search through a set of possible tissues than search for the correct value 

of er and cr separately. In other words, if two separate search ranges are defined for er 

and cr values, e.g. 16 < sr < 57.2 and 0.16 < a< 1.08, it is very easy for particles to 

end up at locations that does not represent any valid tissue, e.g. er = 30 and cr= 0.7, 

and a large amount of computational resources would be wasted on the computation 

of forward solution for this invalid tissue. Thus, by letting the PSO to search through 

a set of different tissues that are valid in the problem space, we can avoid the 

computation of invalid forward solutions and save valuable computational resources.

To achieve this, a Gaussian distribution function is used to generate 100 samples of 

the normal breast tissue and 100 samples of the malignant tissue. The PSO technique 

is then used to search within these 200 samples of tissues. The normal breast tissue 

samples are formed by combining 100 samples of er and cr values, each with a mean 

of 16 and 0.16, respectively, while the standard deviation is set to equal to 0.02. 

Similarly, the malignant tissue samples are formed by combining 100 samples of sr 

and cr values, with a mean of 57.2 and 1.08, respectively, and a standard deviation of 

0.005.

For the image reconstruction of both the scatterers, we have populated our swarm 

with 25 particles and adopted the gbest topology. For each dimension, the particles 

are set to search for the correct tissue index, which corresponds to a set of valid er 

and cr values. Hence, the search range of each dimension can be defined as 1 < xIin < 

200, where 1 < i < 25 while 1 < n < 27 for the first case and 1 < n < 125 for the 

second case, both i and n are positive integers. Finally, due to the difference in the
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problem dimension and hence the complexity of the two problems, the PSO is set to 

terminate after 100 and 500 iterations for the first and second case, respectively. The 

final result is once again taken as the average of 10 independent simulation runs. Figs. 

4.17 and 4.18 show the PSO performance obtained for first case and the comparison 

between the actual and final reconstructed distribution of er and cr values, 

respectively. Similarly, Figs. 4.19 and 4.20 are the results for the second case.

From Fig. 4.18, it can be seen that the PSO has successfully reconstructed the spatial 

distribution of er and a values inside the first lossy dielectric scatterer and 

determined the location of the malignant tissue. However, for the result of the second 

scatterer shown in Fig. 4.20, although the PSO has determined the location of the 

malignant tissue to some extent, we can also observe the presence of some unwanted 

artifacts in the final image reconstructed. Since the high dimensionality of the 

problem is most likely to be the source of these unwanted artifacts, in the next 

subsection we will investigate the use of different PSO neighborhood topologies and 

see if a better PSO performance can be gained when dealing with a high dimensional 

microwave image reconstruction problem.
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Fig. 4.17: The PSO performance obtained for the lossy dielectric scatterer shown in

Fig. 4.15.
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Fig. 4.18: Comparison of the actual and final reconstructed distribution of £r and cr 

values for the lossy dielectric scatterer shown in Fig. 4.15.
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Fig. 4.19: The PSO performance obtained for the lossy dielectric scatterer shown in

Fig. 4.16.
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Fig. 4.20: Comparison of the actual and final reconstructed distribution of sr and cr 

values for the lossy dielectric scatterer shown in Fig. 4.16.
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4.4.5 Effect of Using Different PSO Neighborhood Topologies for 
Microwave Image Reconstruction

Up till this point we have demonstrated that the PSO can be effectively applied to 

solve the inverse problem of reconstructing microwave images for both lossless and 

lossy dielectric objects. However, from our results we have also observed that the 

quality of the reconstructed image starts to worsen once the dimensionality of the 

problem begins to increase, regardless whether it is a lossless or lossy object.

This deterioration in the image quality is mainly caused by the curse of 

dimensionality associated with the PSO technique, and it could pose a very serious 

negative threat when we are considering realistic reconstruction problems where it is 

common for the dimensionality to be higher than the one we considered here. 

Another problem associated with this increase in the problem dimensionality is the 

higher probability for the swarm to suffer from premature convergence during the 

search process. Since both of these issues can have a great impact on the accuracy of 

the final solution, here for the first time been investigated in the context of 

microwave image reconstruction we will examine the effect of using of different 

PSO neighborhood topologies and see if the deterioration in the image quality can be 

rectified for high dimensional problems.

For our investigation, we have considered the use of the gbest, Ibest and von 

Neumann topologies. As these three neighborhood topologies represent the fastest, 

slowest and the most recommended communication schemes for the PSO, the results 

obtained by these three candidates should provide us a good insight into how the 

neighborhood topologies would affect the PSO performance when solving a high 

dimensional microwave image reconstruction problem. To begin with our 

investigation, we have considered an imaging scenario shown in Fig. 4.21, where a 

lossless homogeneous dielectric scatterer of sr = 4 is located inside a cubic free space 

investigation domain of side length Aq. The dimension of the scatterer is equal to 

0.2Ao x 0.2/to x 0.6/lo.
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Fig. 4.21: The imaging scenario considered for the investigation of using 

different PSO neighborhood topologies for solving high dimensional microwave

image reconstruction problem.

The investigation domain is virtually partitioned into 125 equal sized sub-cells and 

we assume three of the sub-cells are occupied by the dielectric scatterer, which are 

indicated as the shaded area in Fig. 4.21. We have used five UCAs to surround the 

investigation domain and each UCA has 36 equally spaced antenna elements. The 

radius of each UCA is equal to Ao of our incident plane wave (fo = 2.45GHz) and the 

plane wave is assumed to be propagating along the x-axis, while the electric field 

vector is polarized along the y-axis.

It is important to stress the significance of the choice of this simulation example as in 

Fig 4.21. It is motivated basing on the observations from previous simulation results
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Fig. 4.22: (a) Comparison of performances offered by the gbest, Ibest and von 

Neumann topologies for the problem shown in Fig. 4.21. (b) Zoomed in version.

where, regardless of the complex dielectric profile of the scatterer, the PSO 

performance will deteriorate due to the increase in the dimensionality of the problem. 

Hence, in this simulation, we have used a lossless dielectric object to reduce the 

complexity in the computation of forward solutions while keeping large 

dimensionality for investigating whether different neighborhood topologies can be 

used to improve the quality of the reconstructed images.

For the implementation of the PSO, 25 particles have been used to populate the 

swarm and the search range of each dimension is set to 1 < xi<n < 5, where both i and 

n are positive integers, and 1 < i < 25 and 1 < n < 125. The simulation is set to 

terminate at the end of the 1000th iteration. Finally, as with previous investigations, 

we have performed 10 independent simulation runs for each neighborhood topology, 

and taking the final result as the average of these 10 simulation runs.
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Fig. 4.23: Comparison of the actual distribution of er inside the investigation domain 

shown in Fig. 4.21 and images reconstructed by the three neighborhood topologies.

Fig. 4.22 shows the comparison of the PSO performance offered by the three 

neighborhood topologies when the SNR is equal to 30dB. It can be seen that 

although the gbest topology has the fastest rate of convergence, its solution is inferior 

to the one found by the West and von Neumann topologies. The best performance is 

offered by the West topology followed by the von Neumann and gbest topologies. 

This has demonstrated that the use of a slower communication scheme can reduce the 

risk of particles to converge prematurely. Fig. 4.23 shows the comparison between 

the actual distribution of dielectric properties inside the investigation domain and the 

images reconstructed by the three neighborhood topologies, and it can be seen that 

the image obtained by on the West topology is more accurate than others.
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4.5 SUMMARY

In this chapter we have presented the fundamentals of the PSO and its application in 

microwave image reconstruction for various types of 3-D dielectric objects. We have 

also proposed a novel damping boundary condition and highlighted its advantage by 

showing the robustness and consistency of its corresponding PSO performance 

against the performances of other existing boundary conditions.

From our simulation results of both lossless and lossy dielectric scatterers, we have 

benchmarked the PSO performance against other well known techniques such as GA 

and pGA, and it has been shown that the PSO is a much more suitable candidate for 

solving the inverse problem associated with the reconstruction of microwave images. 

Its superiority over other techniques is highlighted especially when the 

dimensionality of the problem tends to be large. However, although it has produced 

better results than both GA and pGA, it has also been noticed that the PSO 

performance would begin to deteriorate once the problem dimension starts to 

increase. Thus, a better strategy is required for the PSO to deal with the problem of 

curse of dimensionality.

We have also investigated the significance of neighborhood topologies for 

reconstructing microwave images. In the standard implementation of the PSO, the 

gbest topology is employed to ensure a fast convergence rate for the particles. 

However, this topology is not always the best choice for the PSO technique as it also 

increases the risk of premature convergence of particles, which could in turn pose a 

serious problem that may result in the reconstruction of an image with poor quality.

From our simulation results we have shown that the quality of reconstructed images 

can be improved by adopting different types of neighborhood topologies such as the 

Ibest and von Neumann topologies. Both the West and von Neumann topologies 

allow each individual particle to be influenced by a smaller number of adjacent 

particles as compared to the gbest topology. With these slower communication 

schemes, the diversity within the swarm can be maintained and particles are
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encouraged to converge to the global solution. Hence, for global optimization 

problems such as the reconstruction of microwave images, it is recommended that 

neighborhood topologies other than the gbest topology to be considered.
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CHAPTER 5

MICRO-PARTICLE SWARM OPTIMIZER - A 
NOVEL ALTERNATIVE APPROACH TO 
MICROWAVE IMAGE RECONSTRUCTION

This chapter presents a novel stochastic optimization known as the micro-particle 

swarm optimizer (pPSO). As its name suggests, the proposed pPSO utilizes only a 

small population of particles for solving optimization problems. Its superiority is 

presented through benchmarking its performance with the standard PSO for various 

high dimensional test functions. In addition, its application for solving high 

dimensional microwave image reconstruction problems is also presented, and it has 

been shown that images of satisfactory quality can be obtained by the proposed 

pPSO.

5.1 MOTIVATION

From the earlier chapters, we have seen that in order to reconstruct the spatial 

distribution of dielectric properties inside an investigation domain, the investigation 

domain is usually partitioned into many homogeneous virtual cells. Flowever, in 

many practical applications, the reconstruction of accurate and detailed microwave 

images often requires the investigation domain to be partitioned by virtual cells of a 

smaller volume, and thus increase the total number of cells required to cover the 

whole investigation domain. By doing so, the image reconstruction process can be 

considered as solving a high dimensional optimization problem.

Generally speaking, most of the stochastic optimization techniques would experience 

difficulties when trying to solve a high dimensional problem and this can also be
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observed in results shown in our earlier chapters. Normally, to handle such a high 

dimensionality, a large population size is usually required for the optimization 

technique. However, for the process of microwave image reconstruction, such a large 

population size would in turn pose a serious drawback as the overall computational 

cost would be increased significantly due to the large number of fitness evaluations 

for the entire population per iteration. Hence, it would be ideal to have a technique 

that only requires a small population size to achieve an equal or better optimization 

performance as if a larger population size were used.

Currently, like the results shown in Chapter 3, the use of pGA has become a popular 

and effective approach for complementing other techniques that are based on the 

rivalry strategy such as the standard GA [211, 220, 224, 249, 250]. For techniques 

based on the cooperation strategy, such a micro variant to the optimization technique 

is not yet been proposed. Thus, in this chapter, as part of the contribution of this 

thesis, we present a novel pPSO that can be used to complement the PSO of large 

population size for solving high dimensional problems associated with the 

reconstruction of microwave images. The proposed technique can achieve an 

excellent optimization performance by utilizing just a small population size, which 

would be suitable for solving practical microwave image reconstruction problems as 

the number of fitness evaluations per iteration is significantly reduced while 

excellent search ability is maintained.

5.2 MICRO-PARTICLE SWARM OPTIMIZER

The original PSO, as indicated in the previous chapter, was first proposed by 

Eberhart and Kennedy [225], [226], and later introduced to the antenna engineering 

community by Robinson and Rahmat-Samii [240]. It was formulated based on the 

social interaction of biological systems and has received a huge popularity due to its 

algorithmic simplicity and effectiveness.

Page 132



Chapter 5 pPSO & Microwave Image Reconstruction

However, there are two main weaknesses exist in the original PSO. The first is the 

problem of convergence, since it is well known that the original PSO cannot 

guarantee its convergence and the particles can possibly converge to a location that 

does not even represent a local minimum [251]. The second weakness is the 

efficiency and effectiveness of handling high dimensional problems. Although it has 

been reported that the performance of PSO is not sensitive to the population size 

[252], this, however, is not true in terms of computational cost for evaluating the 

fitness of the entire population of particles. Parametric studies have shown that a 

population size of 30 particles is suitable for solving most of the low dimensional 

problems [234], For high dimensional problems (e.g. N> 100), on the other hand, the 

PSO performance starts to suffer due to the curse of dimensionality [248] and thus a 

large population size is required to explore the problem space thoroughly. Hence, for 

PSO in its original form, the overall computational cost for solving practical high 

dimensional problems could be increased drastically by the large population size.

In an effort to improve the original PSO and to minimize the computational cost 

associated with the fitness evaluation of a large PSO population size, we have 

proposed the pPSO. Like PSO, the particles of pPSO are multidimensional vectors 

that have memory of the best solution found thus far, and the information about the 

global best solution is exchanged among all particles. Similar to pGA, the pPSO also 

utilizes a small population that consists of only a few particles and implements a set 

of restart operations after the population has converged. The convergence of 

population is defined as the percentage of particles that achieve a particular value of 

standard deviation on their locations which is less than a predefined convergence 

threshold.

If the population converges to a solution that is inferior or equal to the best available 

solution, that solution is blacklisted for future searches and all particles are prevented 

from converging to the same solution again. To achieve this preventative step and 

ensure the convergence of the PSO, a velocity update equation modified from the
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guaranteed convergence PSO (GCPSO) [251] is employed in pPSO, which is given 

by:

v,d' + 0='W,„(') + cid/W„-xi,^JrCiri[gb^-x1J,^\ + rePj.„if) (5-1) 

VSl„ (< + 0 = WVe(0- Xg.„ (t) + + ^('X1 - ) + rePg,n (0 (5-2)

where vgi„ and Vj>n refers to velocities within the nh dimension of the global best and 

the /h remaining particle, respectively; w is particles’ inertia weight which is a 

constant that would either return to its initial value or increase by a small percentage 

y3 whenever the population is converged to a better or inferior solution, respectively; 

ci and C2 are accelerating constants, and r\, r2 and r2 are uniformly distributed 

random variables in the range of [0,1]; p(t) is a scaling factor that makes the global 

best particle to randomly search the region close to the location of the global best 

solution, and it is defined as [251]:

p(o) = 1 (5.3a)

/’(/ + !) = -
2pit), if snum > s,h 

0 5p(t), if fmm > f,h 
p(t), otherwise

(5.3b)

where snum and fnum are the number of consecutive successes and failures, respectively, 

and both snum and fnum will update its values based on the following rule:

S„um (i') +1, if OF(gbesl (t)) < OF(gbts, (t -1))
0, otherwise

i/»(<) +1. if OF{g„eM>OF{gbbs,{t-\))
0, otherwise

(/ +1) -

fnum + 0 ~

(5.4a)

(5.4b)

where the objective function OF is assumed to be minimized; sth and fh are the 

threshold values for the success and failure, respectively. It has been suggested that it 

is better to set sth = 15 and fh = 5 as their initial values, and if desired they can be 

adjusted dynamically throughout the optimization process Finally, the term repin{f) 

in (5.1) and (5.2) represents the total repulsion experienced within the nlh dimension 

of the /th particle from the blacklisted solutions.
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In (5.1) and (5.2), the repulsion is used to repel particles away from blacklisted 

solutions. Unlike common approaches where particles are repelled immediately 

when they are inside a predefined space surrounding blacklisted solutions [253], we 

introduce a repulsion force in pPSO that is computed based on the lines of well 

known law of Coulomb of electrostatics. We have replaced the electrostatic constant 

with the dynamic range of the problem space, D, and both the particles and 

blacklisted solutions are assumed to be charges of same polarity with unity 

magnitude. Hence, for the zth particle, the repulsion experienced from L blacklisted 

solutions can be computed as:

reP‘ = Dtr,(5-5)

where (lu = xt - x, is a vector pointing from the blacklisted solution / to the /th 

particle, x/ and x, are the position vectors of the ith particle and the blacklisted 

solution /, respectively. As can be seen from (5.5), the repulsion is inversely 

proportional to |*//f||,,,+1, thus the amount of repulsion experienced by the particles at a 

particular position can be controlled by the parameter m.

By the use of this Coulomb-like repulsive approach, two immediate advantages can 

be gained over other commonly used approaches [253], The first is the removal of 

the overhead for calculating the suitable size of the space needed to enclose the 

blacklisted solutions and the amount of repulsion force needed to repel the particles, 

as these parameters are extremely difficult to determine for high dimensional 

problems. Another advantage is the flexibility of controlling the repulsion on 

particles through the use of parameter m. By properly choosing the value of m, we 

can prevent particles from converging to the blacklisted solutions while allowing 

them to explore the nearby surrounding space without experiencing too much of 

unnecessary repulsion. At this point it should be emphasized that although the 

analogy of identical charges has been used for particles and blacklisted solutions, but 

the repulsion should only exist between particles and blacklisted solutions and not 

among particles themselves.
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Initialize an N-dimensional swarm of M particles
Do

For each particle Xir 1 < i < M
Calculate the fitness value OF{Xi)
If OF{X1) < OF (pi, best)

Pi, best ~ Xi
End If
If OF{X1) < OF(gbest)

Qbest ~ Xi

End If 
End For
If population is converged

If a better solution is found 
Reset w to winit

Else
Add solution to the blacklist
Increase w by ft, and cap w to wmax if required

End If
Reset Pbest, gbest, x and V

Else
Update the GCPSO parameter p 
For each particle Xir 1 < i < M

Compute the repulsion force, repi
End For
Update particles' velocities using (5.1) and (5.2)
Clamp particles' velocities if required
Update particles' positions
Apply the boundary condition if required

End If
While termination criteria are not reached

Fig. 5.1: Pseudo code for the proposed pPSO.

The pseudo code for the proposed pPSO is shown in Fig. 5.1 and its corresponding 

flowchart is presented in Fig. 5.2. It can be seen that on top of the restart operations 

and the computation of repulsion matrix, pPSO has inherited some of its operations 

from the original PSO and GCPSO. This inheritance allows us to set pPSO 

parameters such as c\ and cj to values that were designed for the original PSO 

without worrying about their appropriateness. As for the choice of other parameters 

such as w, m and neighborhood topologies, the choice of these parameter values are 

decided based on our parametric studies, which are discussed below.
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Terminate?

Converged?

Apply boundary 
condition

Perform initialization 
tasks

Update velocity and 
location matrices

Compute repulsion 
matrix

Update GCPSO 
parameters

w = m in(w( 1 +p),wmax)

Update pbesl and ghesl

Perform fitness 
evaluation

Add solution to the 
blacklist

Reset Pbesl) gbesh

location and velocity 
matrices

Reset w to its 
initial value

A better 
solution?

Restart operations

Fig. 5.2: Flowchart of the proposed pPSO.

5.2.1 Choice of a Suitable Parameter w

In the original PSO, the inertia weight w has a vital role to play as to how particles 

conduct its search. Depending on the magnitude of w, the particles can be set to 

encourage on either global exploration or local exploitation. To achieve a balance
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between global and local searches, w is usually decreased linearly from 0.9 to 0.4 

throughout the whole optimization process [240], [230].

For pPSO, however, the same approach cannot be applied due to the fact that all 

particles’ location and velocity matrices will be regenerated randomly after the 

execution of restart operations. As we cannot foresee the frequency of population 

convergence, and when and where it will occur, a new approach must be adopted to 

set the value of w so that the balance between global and local searches can be 

achieved.

To establish a suitable strategy for setting w, we need to first consider the behavior of 

pPSO particles. Since we already knew that the particles can be encouraged to 

conduct either global or local search based on the magnitude of w, this information 

could in turn be used to control the speed of population convergence in pPSO as 

there are only a smaller number of particles exist in the population. That is the pPSO 

population will converge faster when a small w value is used, and converge slower 

when a large w value is used. In addition, the inclusion of repulsion term in (5.1) and 

(5.2) indicates that particles have the memory about the location of blacklisted 

solutions. As the presence of blacklisted inferior solutions can only be determined 

and updated after the population reaches its convergence, which would, therefore, 

make it ideal for particles to start with a small value of w, i.e. small wmil, so that 

undesired solutions can be discovered quicker and be avoided in later searches.

Once a decision is made with respect to using of a small \v value to accelerate the 

convergence rate, the next step is to determine when to increase w so that a more 

thorough search in the problem space can be conducted. In our implementation, we 

have decided to increase w whenever the population is converged to an undesired 

solution. The amount of increase is specified by the parameter /?, which is defined as 

a small percentage of the current w value and a typical value for J3 is equal to 0.1 or 

10%. If no better solution can be found in the subsequent convergence, the value of 

w would again increase by /3 until w reaches its maximum allowed value, wmax, which
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is usually set to 0.9. On the other hand, if a better solution is found in the subsequent 

convergence then the value of w will be reset to w(m/.

Finally, to conclude our w-setting strategy, we need to determine a suitable value for 

the parameter winit. To do this, we have selected six values from 0.2 to 0.7 while use

0.1 as their gap. The suitability of these six alternative wimt values were judged based 

on their corresponding pPSO performance for the five well known test functions of 

dimensions 100, 200, 500, and 1000. The five test functions are:

(a) Rastrigin function

f\(* J = X[xl -10cos(2/zxJ+10], —2<x„ <2 (5.6a)
n=l

(b) Rosenbrock function

fi (*„ )=X1 °°(w+1 - xl )2 + (*„ - 02 , - 2 < x„ < 2 (5.6b)
n=\

(c) Griewank function

fAxn)~ 1 + —— Xx2n - FIcos
v 4000 1 1fl = l /7 = 1

-10 < <10 (5.6c)
W n )

(d) Schwefel function

fXxn)~ 418.9829« + sin(^y|xZf), — 500 < xn < 500

(e) Ackley function

(5.6d)
n=1

/s R)= 20 + e - 20 exp -0.2 T^x„2 - exp
j «

V N n=\
^ cos(2ot„ ) , - 2 < x„ <2

(5.6e)

We have repeatedly tested each case for 1000 times, and for each test case the 

simulation is set to terminate after the pPSO has completed 3000 fitness evaluations. 

In addition, we have also considered two different population sizes of 3 and 5 

particles for each test case. That is for each population size, we have a total of 20000 

test cases. Figs. 5.3(a) and 5.3(b) show the histogram of percentage for each wlmt 

value achieving the best performance for the population size of 3 and 5 particles,
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M'
mil

(b)
Fig. 5.3: Percentage of each w,„„ value achieving the best performance for the

population size of (a) 3 particles, and (b) 5 particles.
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respectively. It can be seen that in both cases about 70% of the best performance was 

achieved by the choice of wimt values lying within the range of 0.2 to 0.4. As the 

population of pPSO only consists of a few particles, based on these results, we have 

decided to set the value of winit to 0.3.

In summary, we have adopted a dynamic approach for setting the value of w. That is, 

based on the quality of solutions discovered, the particles can automatically adjust its 

search preference, viz. whether to continue its local searches or to gradually start to 

explore more globally into the problem space.

5.2.2 Choice of a Suitable Parameter m

In our earlier description of the proposed pPSO, it is said that the repulsion 

experienced by the particles is inversely proportional to ||*//J.||M+1 and the strength of

the Coulomb-like repulsion force can therefore be adjusted by the value of parameter 

m. In other words, for a particle at an arbitrary location it would experience a 

stronger repulsion if m is a small value. Conversely, the repulsion would be weaker if 

a large value is used for m. Ideally we would like to set m to a value such that it can 

produce sufficient repulsion force to repel the particles away from blacklisted 

solutions and at the same time allowing them to search spaces surrounding the 

blacklisted solutions.

For the purpose of finding an appropriate value for m, we have substituted various 

values into m and compared their corresponding performances for solving the five 

test functions listed in (5.6a) to (5.6e). The dimensions of these test functions have 

again been set to 100, 200, 500, and 1000, and each test case were repeated for 1000 

times. The pPSO is implemented with 3 particles as its population, and it is set to 

terminate after performing 3000 fitness evaluation.

From our simulation results, it has been found that the variation in the value of m will 

not affect the overall pPSO performance significantly. But it does, however, have
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Sclnvcfcl function, N~ 500

in = 0
m = 10

—m ~ 15

m - 20

ni ~ 40
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Number of fitness evaluations

x 10'

(a)

Sclnvcfcl function, N~ 500
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(b)
Fig. 5.4: Comparison of optimization performances for the Schwefel function when

different m values are used, (a) Overall performance, (b) Zoomed in version.
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some small influences on the quality of the solution found by the pPSO. As an 

example, consider Figs 5.4(a) and 5.4(b) where the average fitness value of 1000 

simulations for the Schwefel function of dimension of 500 is presented. In Fig. 5.4(a) 

it can be seen that the overall optimization performance for different m values does 

not have much significant differences. However, if we zoom in our results closely, as 

shown in Fig. 5.4(b), we can observe that as the value of m increases the quality of 

the solution will also improve. It should also be noted that although better solutions 

can be obtained using larger m values, this improvement tends to saturated after m = 

20. Hence, based on these observations, we have decided that m = 20 is an 

appropriate value for pPSO.

5.2.3 Choice of a Suitable Neighborhood Topology

In the original PSO, a neighborhood topology known as the gbest topology was used 

to provide an instantaneous communication among all particles. Through this fully 

connected social network structure, a rapid convergence rate can be achieved. 

However, for this topology, when the position of gbest is not updated regularly it is 

possible that particles may converge prematurely.

To solve this problem, as presented in Chapter 4, various kinds of neighborhood 

topologies have been proposed to impede the communication among particles and 

preserve the swarm diversity [235].

For the case of pPSO, however, it is not necessary to consider other neighborhood 

topologies than the gbest topology. As the typical population size for pPSO is only 3 

to 5 particles, which is minutely small as compared to the standard PSO, the 

information about the best solution would be spread throughout the whole population 

in a matter of just a few iterations, even when the slowest Ibest topology is employed. 

In addition, with the inclusion of repulsion term in the velocity update equations and 

the execution of restart operations, the particles will be prevented from converging to 

the same location, thus making it capable of avoiding premature convergence seen in
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Table 5.1: Parameters used for the implementation of pPSO.

Parameters Parameter Values
Population Size 3
Initial w 0.3
^max 0.9
C1 1.49
C2 1.49
Population Convergence 80%
Convergence Threshold 0.001
m 20
p 10%
Boundary Condition Damping Boundary

the original PSO. Thus, for the implementation of pPSO, it is reasonable for us to 

consider just the gbest topology.

5.3 PERFORMANCE BENCHMARKS

To test the effectiveness of the pPSO, five test functions listed in (5.6a) to (5.6e) 

have once again been utilized to evaluate the optimization performances between the 

proposed pPSO and the standard PSO. Since we are focusing on solving high 

dimensional problems, the five test functions have their dimensions set to 100, 200, 

500, and 1000.

For the implementation of pPSO, we have formed its population with just 3 particles 

and Table 5.1 shows the detail of other pPSO parameters. As for the standard PSO, it 

is implemented using the gbest topology and the description given in [234]. For the 

purpose of comparison, we have set the PSO population size to 3 and 30 particles. 

For both pPSO and PSO, we have used the damping boundary to enclose the 

problem space so that both techniques can perform a robust and consistent search for 

these problems of high dimensionality. Finally, both pPSO and PSO are set to 

terminate after 3000 fitness evaluations, and the final result is taken as the average of 

1000 independent simulations.
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In Table 5.2, the final average value of 1000 simulation runs and their corresponding 

standard deviation values are tabulated. In addition, to have a visual comparison 

between pPSO and PSO, we have plotted the overall optimization performances for 

the five test functions in Figs. 5.5 to 5.9.

From Table 5.2, it can be seen that in most cases pPSO performs much better than 

the standard PSO of equal population size as well as larger population size. However, 

we must be reminded of “no free lunch theorem” which states that “for any algorithm, 

any elevated performance over one class of problems is exactly paid for in 

performance over another class” [8], [9]. As a proof of the validity of this theorem, 

we can see the performance of pPSO becomes inferior when compared to the PSO of 

large population size for the case of Ackley function of dimension of 100 and 200. 

But it is fair to say that in these two cases the deteriorated performance of the pPSO 

is still better than the standard PSO of same population size. In addition, with the use 

of the repulsion scheme, dynamic inertia weight, and restart operations, the pPSO is 

designed to solve high dimensional optimization problems, and it is interesting to 

find that, especially for the Ackley function, even when the problem dimension 

increases, the performance of pPSO will not deteriorate as much as the standard PSO. 

Thus, it can be said that in most cases the proposed pPSO can be considered as an 

optimization technique that is as effective as the standard PSO, if not better.

From the graphical comparisons of overall performances shown in Figs. 5.5 to 5.9, it 

can be seen that in all cases the proposed pPSO has exercised its small population of 

particles much more effectively than the standard PSO of same population size. In 

most cases, the PSO with larger population size is also not able compete with pPSO, 

as it would require many more computational efforts before it can match the solution 

of pPSO. In addition, from Fig. 5.7(a) where the result obtained for the Griewank 

function of dimension N ~ 100 is shown, it is interesting to observe that although the 

pPSO has started to slow down its convergence rate at approximately the 300th 

iteration, the underlying concepts used to implement the pPSO has provided an extra 

boost in its optimization performance at approximately the 600th iteration and lead
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Table 5.2: Results obtained by the pPSO and PSO for five test functions of different 

dimensions. The best solution found in each test case has been highlighted in bold.

Test
functions

Dimension
(A)

pPSO
3 particles

PSO
3 particles

PSO
30 particles

Avg. Std. Dev. Avg. Std. Dev. Avg. Std. Dev.

100 150.115 19.876 605.815 48.733 476.350 86.942

200 340.195 50.001 1,428.067 90.660 1,242.030 159.984

/!(*#»)
500 1,598.512 237.985 3,973.413 248.750 3,714.792 386.176

1000 5,073.618 724.380 7,924.086 533.686 7,882.382 803.430

100 234.131 90.111 15,579.829 2,870.620 1,521.069 285.793

200 1,202.964 394.502 36,822.684 4,374.183 7,607.021 1,031.718

500 13,987.955 4,965.408 113,711.634 9,649.289 44,204.286 3,614.021

1000 79,803.073 20,496.111 251,715.160 14,069.577 130,916.687 8,198.182

100 0.057 0.034 1.379 0.044 1.034 0.040

200 0.431 0.101 1.947 0.076 1.289 0.028

500 1.402 0.116 3.502 0.131 2.382 0.069

1000 3.209 0.298 6.350 0.221 4.588 0.123

100 19,901.249 1,544,222 27,850.416 1,439.870 22,906.497 2,382.051

200 42,258.969 1,002.630 62,472.722 1,002.142 55,303.823 1,003.942

yiOn)

500 123,188.925 5,260.418 175,889.413 3,334.768 163,254.450 6,604.261

1000 283,040.131 8,851.563 372,082.456 5,094.437 352,337.907 9,565.432

100 3.483 0.236 4.409 0.171 2.770 0.180

200 3.679 0.175 4.783 0.125 3.507 0.117

/s (*»)
500 4.137 0.138 4.954 0.083 4.170 0.075

1000 4.430 0.204 5.062 0.065 4.499 0.057
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Rastrigin function, N - 100
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— PSO - 30 particles.2 1200

•5 1000

Number of fitness evaluations

(a)
Rastrigin function, 200

PSO - 3 particles
— PSO-30 particles
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2 500

1000 1500 2000
Number of fitness evaluations

(b)
Fig. 5.5: Comparison of optimization performances for the Rastrigin function of 

different dimensions, (a) N = 100. (b) N = 200.
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Rastrigin function, N~ 500
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(d)

Fig. 5.5: Comparison of optimization performances for the Rastrigin function of 

different dimensions, (c) N= 500. (d) N = 1000.
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Roscnbrock function, N~ 100
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(a)
Roscnbrock function, N~ 200
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(b)
Fig. 5.6: Comparison of optimization performances for the Rosenbrock function of 

different dimensions, (a) N- 100. (b) N = 200.
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Roscnbrock function, N~ 500
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(c)
Roscnbrock function, A— 1000- x 10'
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(d)
Fig. 5.6: Comparison of optimization performances for the Rosenbrock function of 

different dimensions, (c) N= 500. (d) N= 1000.
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Griewank function, N~ 100
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Griewank function, A' ~ 200

— PSO - 30 particles2.5

1000 1500 2000
Number of fitness evaluations

(b)

Fig. 5.7: Comparison of optimization performances for the Griewank function of 

different dimensions, (a) N = 100. (b) N = 200.
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Griewank function, N~ 500
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(c)
Griewank function, N = 1000
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Fig. 5.7: Comparison of optimization performances for the Griewank function of 

different dimensions, (c) N~ 500. (d) N = 1000.
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Sclnvcfcl function, N~- 100-x 10
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Sclnvcfcl function, N ~ 200- x 10'
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(b)
Fig. 5.8: Comparison of optimization performances for the Schwefel function of 

different dimensions, (a) N = 100. (b) N= 200.
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Schwcfcl function, Ar~ 500
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Fig. 5.8: Comparison of optimization performances for the Schwefel function of 

different dimensions, (c) N = 500. (d) N = 1000.

Page 154



Chapter 5 pPSO & Microwave Image Reconstruction

Ackley function, N ~~ 100
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(b)
Fig. 5.9: Comparison of optimization performances for the Ackley function of 

different dimensions, (a) N = 100. (b) N= 200.
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Ackley function, N ~ 500
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Ackley function, N~ 1000
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Fig. 5.9: Comparison of optimization performances for the Ackley function of 

different dimensions, (c) N = 500. (d) N- 1000.
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the particles to a better solution. Similar trend can also be observed in Fig. 5.7(b), 

where the convergence rate is slowed at around the 500th iteration and boosted again 

at the 1500th iteration. Finally, as mentioned earlier, based on the no free lunch 

theorem, it can be observed in Figs. 5.9(a) to 5.9(d) that the pPSO has lost its 

superiority when searching for the solution for the Ackley function. However, it is 

also important to observe that the proposed pPSO can regain its superiority once the 

problem dimension is increased. Thus, from the results of these different test cases, 

we have demonstrated the efficiency and effectiveness of pPSO for solving high 

dimensional optimization problems. In the next section, we will apply the proposed 

pPSO to microwave image reconstruction problems and investigate its performance 

for such a class of important engineering problems.

5.4 APPLICATION OF jpPSO FOR 3-D MICROWAVE IMAGE 
RECONSTRUCTION

To investigate the pPSO performance in solving 3-D microwave image 

reconstruction problems, we have considered some of the lossless and lossy 

dielectric objects presented in previous chapters. In addition, for the purpose of 

performance benchmarking, the pPSO performance is benchmarked with the one 

obtained by the PSO. This is due to the fact that in Chapter 4 the PSO has already 

demonstrated its superiority over the GA and pGA in solving microwave image 

reconstruction problems. Thus, by using the best performer as our benchmarking 

reference we can easily rate the pPSO performance with other techniques as well.

5.4.1 Homogeneous Lossless Dielectric Scatterer

The first example considered is the homogeneous lossless dielectric scatterer 

presented in Fig. 2.11, where the reconstruction process represents solving an 

optimization problem of dimension N = 27. As with previous chapters, same
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Fig. 5.10: Comparison of the pPSO and PSO performances for solving the 

microwave image reconstruction problem shown in Fig. 2.11.

parameters are used to set up the problem, and these include the number of UCAs, 

number of antenna elements, SNR, etc.

For the implementation of the pPSO, the pPSO parameters are set based on the 

values given in Table 5.1. Each particle represents a vector of dimension N = 27 and 

has a search range of 1 < Xit„ < 7, where both i and n are positive integers and defined 

as 1 < i < 3 and 1 < n < 27. Also, to have a fair comparison with the PSO 

performance the pPSO is set to terminate after 2134 iterations, which is equivalent to 

6402 fitness evaluations. Finally, due to the stochastic nature of the pPSO, our final 

result is taken as the average of 10 independent simulation runs.

The comparison between the pPSO and PSO performances is plotted in Fig. 5.10. 

Surprisingly, it can be observed that although the pPSO has started with a rapid
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Reconstructed /:r

Fig. 5.11: The final image reconstructed by the pPSO for the problem scenario

shown in Fig. 2.11.

convergence rate, its final performance is inferior to the one obtained by the PSO. 

However, it should be reminded that the implementation of the pPSO consists of 

restart operations, repulsion schemes, and dynamic w value, which should help the 

pPSO to discover better solutions if it is allowed to extend its search process. 

Nevertheless, by comparing the results shown in Fig. 5.10 with results shown in Fig.

4.12, it can be seen that the pPSO is still a much better choice than both GA and 

pGA for solving this particular problem. In addition, from Fig. 5.11 where the final 

image reconstructed by pPSO is shown, it can be seen that although the proposed 

pPSO did not perform as well as the PSO, it is still capable of identifying the 

contrast of sr values within the investigation domain.

To continue with our investigation, we have considered the imaging scenario shown 

in Fig. 4.21, where the reconstruction problem has its dimension equal to 125. Again, 

identical parameters have been used to set up the problem and implement the pPSO.
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Fig. 5.12: (a) Comparison of the pPSO and PSO performances for solving the

problem shown in Fig. 4.21. (b) Zoomed in version.
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Reconstructed sI

Fig. 5.13: The final image reconstructed by the pPSO for the problem shown in Fig.

4.21.

Since in Chapter 4 we have set the PSO population size as 25 particles and set it to 

terminate after 1000 iterations, here we will set the pPSO to terminate after 8334 

iterations so that both pPSO and PSO performances can be compared for the first 

25,000 fitness evaluations. Fig. 5.12 shows the plot of the final average pPSO 

performance of 10 independent simulation runs along with the result obtained by the 

PSO using the gbest topology.

From Figs. 5.12(a) and 5.12(b), it can be seen that the pPSO is capable of finding a 

better solution than the PSO. In addition, we can also observe two features about the 

search characteristic of the pPSO. The first feature is presented at the initial stage of 

the search, where pPSO offers a much rapid convergence rate than the PSO. The 

second feature can be noted at the later stage of the search, where unlike PSO, the 

pPSO is still attempting and capable of finding a better solution. Fig. 5.12(b) is the 

zoomed in version of Fig. 5.12(a), where these two features can be spotted more 

easily. Fig 5.13 shows the final image reconstructed by the pPSO, and by comparing
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with results shown in Fig. 4.23 it can be seen that although the contrast in sr values 

found by the pPSO is not as good as the one achieved by the PSO using the Ibest 

topology, it is still better than the one obtained by the gbest topology in terms of 

highlighting the differences between the scatterer and the free space, and hence 

identifying the possible location of the scatterer.

5.4.2 Inhomogeneous Lossless Dielectric Scatterer

To continue investigate the pPSO performance in reconstructing microwave images, 

we have considered the scenario shown in Fig. 3.8, where an inhomogeneous lossless 

scatterer is involved in the reconstruction problem. From the results presented in 

Chapter 4, we have concluded that the PSO is a better choice than the pGA for 

solving this high dimensional image reconstruction problem, ffowever, based on the 

quality of the reconstructed images shown in Fig. 4.14, a better result is still desired 

than the one obtained by the PSO. Thus, it will be interesting to see if the pPSO can 

achieve a better result for this particular problem.

Having set up the problem as with previous chapters, we have implemented our 

pPSO using a population size of 5 particles and setting the rest of parameters 

according to Table 5.1. We have performed 10 simulations runs for this problem, and 

for each simulation the pPSO is set to terminate after 1500 iterations. Figs. 5.14 and 

5.15 show the comparison between the pPSO and PSO performances for the first 

7500 fitness evaluations and the final image reconstructed by the pPSO, respectively.

From Fig 5.14, it can be seen that both pPSO and PSO have a similar performance. 

But unlike PSO, the pPSO is constantly trying to improve its solution and has thus 

found a better solution than the PSO. This important and unique search pattern 

associated with the pPSO is clearly visible between the interval of the 3000th and 

6000th fitness evaluation. As for the final image shown in Fig. 5.15, it is clear that the
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Fig. 5.14: Comparison of the pPSO and PSO performances for solving the problem

shown in Fig. 3.8.

pPSO result

Fig. 5.15: The final image reconstructed by the pPSO for the problem shown in Fig.

3.8.
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pPSO has managed to reconstruct an image of better quality than the PSO, and 

highlighted the contrast in sr values within the scatterer.

5.4.3 Inhomogeneous Lossy Dielectric Scatterer

For the investigation of using pPSO to reconstruct microwave images of lossy 

dielectric objects, we have considered three different scatterers. The first two 

scatterers are identical to the one presented in Chapter 4, where one represents a 

problem of dimension N = 27 while the other has the dimension N = 125 (see Figs. 

4.15 and 4.16). As both of these two scatterers have only one malignant tissue 

embedded in the normal beast tissue, we have considered the presence of multiple 

malignant tissues in our third scatterer and presented the problem geometry in Fig. 

5.16.

The parameters used to set up the reconstruction problem for the first two scatterers 

can be found in Chapter 4.4.4. For the third lossy scatterer shown in Fig. 5.16, it is 

also characterized by the dielectric properties of the normal breast tissue and 

malignant tissue at 800MHz [172], [173], viz.:

• Normal breast tissue: sr= 16, <r = 0.16 S/m.

• Malignant tissue: er- 57.2, <j~ 1.08 S/m.

In addition, like our first two scatterers, we have assumed our investigation domain 

as the physical size of the lossy scatterer and the background medium surrounding 

the scatterer as water. The investigation domain is virtually partitioned into 125 equal 

sized sub-cells, and we have embedded two small malignant tissues which are 

represented by the dark shaded cells in Fig. 5.16.

An imaging system that consists of five UCAs is used to surround the scatterer, and 

each UCA has 36 antenna elements that are equally spaced around the array. The 

radius of the UCAs are equal to Aq, where Aq is the free space wavelength of our 

incident plane wave of frequency fo = 800MHz. The configuration of the UCAs and
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Fig. 5.16: The third lossy dielectric scatterer considered in our investigation. The top 

view, front view and side view have assumed to be transparent so that the location of 

two small malignant tissues can be revealed. The malignant tissues are represented as

the dark shaded cells.

antenna elements are also presented in Fig. 5.16. The incident plane wave is assumed 

to be propagating along the x-axis, while the electric field vector is polarized along 

the z-axis. The SNR in this example is assumed to be 30dB. Finally, as explained in 

Chapter 4.4.4, the pPSO is set to look for the solution by searching through for a set 

of 200 tissue samples, and these 200 tissues samples are identical to the one used in 

Chapter 4.4.4.

For all three cases, the pPSO is populated using 5 particles, where each particle is 

again a multi-dimensional vector of N = 27 for the first case and iV = 125 for the last 

two cases. All other pPSO related parameters are set in accordance with the
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Fig. 5.17: Comparison of the optimization performance obtained by the pPSO and 

PSO for the image reconstruction problem given in Fig. 4.15.

description given in Table 5.1. Also, for the purpose of benchmarking pPSO and 

PSO performances, we have performed 10 independent simulation runs for all three 

cases and set the termination criteria as:

• Case 1: Terminate after 500 iterations (2500 fitness evaluations).

• Cases 2 and 3: Terminate after 2500 iterations (12500 fitness 

evaluations).

The pPSO in both cases 2 and 3 are set to perform longer searches than case 1 due to 

their higher problem dimensionality. The final result of each case is arrived after 

averaging the results of 10 independent simulation runs.

The comparisons of optimization performances between pPSO and PSO for the three 

cases are plotted in Figs. 5.17, 5.19 and 5.21. From these results, it can be seen that 

the pPSO has once again been outperformed by the PSO for a problem of low 

dimensionality (Fig. 5.17). But once the problem has a higher dimensionality, the 

pPSO will have a similar or better performance than the PSO (Figs. 5.19 and 5.21),
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Reconstructed fr

(a)

Reconstructed a
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Fig. 5.18: The final image reconstructed by the pPSO for the problem shown in Fig.

4.15. (a) sr values, (b) o values.
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Fig. 5.19: Comparison of the optimization performance obtained by the pPSO and 

PSO for the image reconstruction problem given in Fig. 4.16.

which indicates that the performance of the proposed pPSO is very competitive to 

the standard PSO.

The reconstructed images of three lossy dielectric scatterers are shown in Figs. 5.18, 

5.20, and 5.22. From these images, it can-be seen that the proposed pPSO has 

determined and highlighted the contrast in dielectric properties between normal 

breast tissues and malignant tissues, even for the first case where it did not perform 

as well as the PSO. In addition, by comparing the results shown in Figs. 4.20 and 

5.20 it is clear that the image reconstructed by the pPSO is more accurate than the 

one obtained by the PSO.
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Reconstructed cr

(b)
Fig. 5.20: The final image reconstructed by the pPSO for the problem shown in Fig.

4.16. (a) £, values, (b) o values.
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Fig. 5.21: Comparison of the optimization performance obtained by the pPSO and 

PSO for the image reconstruction problem given in Fig. 5.16.

Actual c Reconstructed cr r

Fig. 5.22: Comparison of the actual and final reconstructed distribution of sr and re

values for the lossy dielectric scatterer shown in Fig. 5.16.
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5.5 SUMMARY

In this chapter we have proposed a novel optimization technique for solving high 

dimensional optimization problems. The performance of the proposed pPSO has 

been conformed against various well known test functions. For high dimensional 

optimization problems, the standard PSO often requires a large number of particles in 

order to find the global minimum. This large population size would, however, 

increases the computational cost in evaluating the fitness of all potential solutions 

that are represented by the particles. The advantage of the proposed pPSO arises 

from having a small population size, which reduces drastically the computational 

cost associated with fitness evaluation. In addition, even with its small population 

size, our simulation results have shown that the proposed pPSO is more suitable for 

solving high dimensional optimization problems than the standard PSO of a larger 

population size.

We have also applied the proposed pPSO to several microwave image reconstruction 

problems, and excellent results were obtained in all cases. Although our results have 

indicated that the proposed pPSO may be a weak performer for solving problems of 

low dimensionality, it still performed reasonably well as the final images obtained 

have highlighted the contrast of dielectric properties inside the investigation domain 

to a satisfactory level. For problems of high dimensionality, on the other hand, our 

results have indicated that the proposed pPSO is an effective and appropriate choice 

for solving such problems. In addition, while the highest problem dimension 

considered in our investigations is equal to 125 (as the result of computational 

constraints), based on the trend observed from different test functions, the pPSO is 

expected to continue to offer its outstanding performance for problems of higher 

dimensions.

Finally, as pPSO is a new optimization technique, we believe there are still many 

aspects of the technique can be improved further. Such improvements could include 

the incorporation of the ensemble method [254-257] and other hybrid techniques, etc.
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We strongly hope the proposed pPSO could soon lead to a whole new approach for 

implementing a simpler and more effective reconstruction method for microwave 

imaging applications.
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CHAPTER 6 

CONCLUSION

6.1 SUMMARY

In this dissertation, we have investigated the feasibility of solving 3-D microwave 

image reconstruction problems via inverse solvers based on stochastic optimization 

approaches. As such problems are known to be highly nonlinear and strongly ill- 

posed, inverse solvers based on stochastic optimization approaches can be used to 

conduct a global parallel search for the correct inverse solution. In addition, the 

accuracy of the solution found by these global inverse solvers will not be 

compromised by the choice of inappropriate initial estimates, which is an advantage 

unmatched by other traditional inverse solvers.

In our investigations, stochastic optimization techniques based on both rivalry and 

cooperation strategies have been implemented in their most common and basic 

fashions and tested for solving inverse problems of different types of scatterers and 

dimensionalities. By restricting the use of advanced operators, all optimization 

techniques are prevented from gaining any additional enhancements and allowing us 

to have a fair comparison on their performances for solving inverse problems

Although the implementations for all techniques are quite simple and straightforward, 

when it comes to solving inverse problems, all techniques need to pay the price of 

high computational cost during the solution of the inverse problem. This is due to the 

fact that all techniques investigated here are population based techniques, and the 

computation of forward solutions is involved at each iteration of the image 

reconstruction process. Thus, for a technique of population size P, a computational
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cost equal to PxT forward computations will be added to the reconstruction process 

after running T iterations. Based on this calculation, we can minimize the 

computational cost by either reducing the total number of iterations or use a smaller 

population size. However, in reality it is impractical to reduce the total number of 

iterations as we cannot foresee as to how many iterations are required for the 

technique’s population to converge to the correct solution. Thus, a better alternative 

is to fix the number of iterations and utilize a smaller population size to minimize the 

computational cost.

This latter option, however, cannot be pursued blindly as it is well known that 

techniques such as the GA will suffer deterioration in its performance under a small 

population size. Thus instead of changing the population size for the GA, alternative 

option was investigated through the pGA. From the comparison of our GA and pGA 

results, we have observed that the pGA has not only helped reducing the 

computational cost per iteration but also manipulated its small population more 

effectively and achieved a faster convergence to a solution that is more accurate than 

the one found by the GA of larger population size. This finding is extremely useful 

for improving the efficiency and effectiveness of the global inverse solvers, as it 

shows a considerable amount of computational resources can be saved by the use of 

the “micro” concept, provided that the population is manipulated by a set of 

appropriate evolutionary operations.

Apart from the above finding on minimizing the computational cost, we have also 

positioned our research work to focus on global inverse solvers’ capability of solving 

problems of high dimensionality. As microwave images are maps that show the 

spatial distribution of dielectric properties within a scatterer, such images often 

require the body of the 3-D scatterer to be partitioned into many small virtual cells, 

and each cell represents an unknown to the reconstruction process. Thus, depending 

on the size of virtual cells, global inverse solvers may need to confront with 

problems of high dimensions and consequently deal with the curse of dimensionality.
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From our benchmarking results, we have found that techniques based on the rivalry 

strategy such as GA and pGA can offer reasonable performances for solving 

problems of low dimensions. However, when the problem dimension reaches above 

100, performances for both GA and pGA would start to deteriorate and a much better 

alternative is to use the PSO technique, which is based on the cooperation strategy.

Such cooperation strategy has allowed the information about the possible location of 

the global solution to be passed among all particles within the PSO population, and 

our simulation results have indicated that this evolutionary strategy is much more 

effective for solving microwave image reconstruction problems. But during our 

investigations we have also found that depending on the problem dimension and the 

location of the global solution, the use of different boundary conditions could cause a 

great variation in the performance of the PSO technique. As we cannot foresee the 

location of the global solution, we have proposed a hybrid boundary condition to 

maintain the robustness the PSO technique and achieved a consistent optimization 

performance over various types of problem spaces.

In addition, because the PSO technique is based on the cooperation strategy, we have 

for the first time investigated the impact of using different neighborhood topologies 

for solving microwave image reconstruction problems. It has been found that by 

delaying the communications within the PSO population, the diversity of the solution 

can be maintained and particles are encouraged to converge to the global solution. 

This finding is also very helpful for microwave image reconstruction, as it indicates 

that it is possible to improve the accuracy of the reconstructed image by preventing 

the occurrence of premature convergence within the PSO population.

Finally, based on the results obtained by the GA, pGA, and PSO technique, we have 

combined the concept of “micro” population and cooperation strategy into a novel 

global optimization technique known as the pPSO. With the proposed pPSO, high 

dimensional optimization problems can be solved with a relatively low 

computational cost per iteration, and achieve a rapid convergence to the global
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solution. In addition, apart from outperforming the standard PSO technique of larger 

population size, the performance of the proposed pPSO has also shown to be more 

robust against the deterioration caused by the curse of dimensionality. When 

applying the proposed pPSO to solve inverse problems, our results have indicated 

that the pPSO is better suited for solving problems of high dimensions. For low 

dimensional problems, it is a slightly weaker performer than the standard PSO 

technique. However, the accuracy obtained by the pPSO is still considered as 

satisfactory for such problems.

In summary, our research work has focused on some of the main issues involved in 

microwave image reconstruction using global inverse solvers. Instead of limiting our 

work on the promotion of any particular optimization technique, our goal is to 

determine the factors that would improve the overall efficiency and effectiveness of 

the reconstruction process. Based on our findings, we have concluded that inverse 

solvers based on the cooperation strategy would in general perform better than 

techniques based on the rivalry strategy. In addition, global solvers that can 

effectively manipulate its “micro” population could also help in reducing a 

significant amount of computational cost involved in the reconstruction process. 

Thus, the proposed pPSO has the potential to become one of many possible ways to 

solve microwave image reconstruction problems efficiently and effectively.

6.2 FUTURE RESEARCH

Throughout the course of this research work, several new directions have been 

considered for possible future research work. These ideas are briefly summarized 

below:

• For both GA and pGA, since the schemata are used to represent different 

unique features of possible solutions, if we can realize an early detection 

scheme of useful schemata then it may be possible to further reduce the 

overall computational cost and improve the performance of the reconstruction 

process.
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• A study can be carried out to further improve the performance of the 

proposed pPSO. Possible improvements include the hybridization with 

gradient based optimization methods and the ensemble method. Note that the 

ensemble method can also be tested on the pGA as it is also considered as a 

weak optimizer due to its small population size.

• The proposed pPSO has been shown to provide an excellent performance for 

solving high dimensional optimization problems. However, as the dimension 

gets smaller and depending on the complexity of the problem space, it is 

possible that some of the pPSO operations may become unnecessary and 

could even introduce undesired effects such as excess repulsions between 

blacklisted solutions and particles, etc. Thus, further studies can be conducted 

on how to improve the pPSO performance for low dimensional problems.

• Generally speaking, hybridized methods involving both stochastic and 

gradient based optimization techniques are executed by first starting with the 

stochastic optimization process and later on switch to the gradient based 

search. Thus, a research into the determination of an appropriate switch point 

between the two techniques can certainly make the hybridized method more 

appealing for solving inverse problems.

• In reality, on top of the scattered field, the measured data used for microwave 

image reconstruction also contain unwanted wave interactions such as fields 

related .to the casing of the imaging system, etc. Thus, it would be a major 

breakthrough if a compensation scheme can be incorporated as part of the 

optimization operations for global inverse solvers.
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APPENDIX A

COMPARISON OF FDTD AND MOM 
RESULTS FOR DIELECTRIC SCATTERING

As mentioned in Chapter 1, we have synthesized our measured data by implementing 

our own FDTD code. The code was implemented based on the book written by Taflove 

[35], and all problem spaces have been enclosed by the PML so that the effect of 

reflections from problem space boundaries can be excluded from the final solution.

To demonstrate the accuracy of our FDTD code, we have simulated the first problem 

scenario given in [101] using both our FDTD codes and FEKO. The problem involves 

the computation of the normalized far-field scattered from a homogeneous 0.2Ao 

dielectric cube of sr = 4, and the incident field is assumed to be a plane wave 

propagating along the z-axis, while the electric field vector is polarized along the x-axis. 

Fig. A.l shows the comparison of our results, and it can bee seen that our results are in a 

good agreement with results shown in [101]. Thus, we have confirmed the accuracy of 

our FDTD codes.
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Appendix A Comparison between FDTD and MoM results
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Fig. A.l: Comparison of FDTD and FEKO results.
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