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Abstract— The particle swarm algorithm is a newly
introduced method for electromagnetic optimization problems
that is based on the observation of swarm intelligence and
particle behavior. The particles, while refining their
knowledge about the best location in the search area, also
communicate with each other and share their own experience.
This combined and synergic use of information yields a
powerful tool for solving problems that require the
optimization of a relatively large number of parameters.

This paper proposes a novel strategy for the initialization of
the agents’ position within the multidimensional solution
domain. In particular, the domain is initially subdivided into
sub-domains where the agents are more uniformly distributed.
At a second stage, the sub-boundaries are removed and the
best position information of each group is passed to each
agent; the agents are therefore allowed to explore the whole
search space. This procedure results in being very efficient
with a strong improvement of the convergence rate to the
optimal solution. A comparison between the performance of
this new implementation and that of the basic particle swarm
algorithm is presented for several test cases. Finally, this new
procedure is successfully applied to the synthesis of Artificial
Magnetic Conductors (AMCs).

Index Terms — Particle Swarm Optimization (PSO),
Optimization methods, Artificial Magnetic Conductors (AMCs).

I. INTRODUCTION

HE particle swarm optimization (PSO), originally
proposed by Kennedy and Eberhart [1], is a powerful
method for solving global optimization problems. It is
inspired by a zoological metaphor of the social behavior of
animals (birds, insects, or fishes) which organize
themselves in groups (flock, swarm, or school). In swarms
no one is in charge and therefore, the candidate solutions
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(particles or agents) are free to fly through the
multidimensional search space towards the optimal solution.
In fact, each dimension of this space represents a parameter
of the problem to be optimized. During the search
procedure to seek the best location, the agents change their
positions with time and constantly adjust their velocities
according to their own experience and those of the other
particles. Each agent makes use of the best position
reached, both by itself and by the rest of the swarm, and
then is stochastically attracted both toward the best personal
as well as toward the best overall location. Concurrently,
the agent evaluates the goodness of its current location in
the problem space.

Even though the No Free Lunch theorem [2] affirms that
there is no definite answer to the quest for the best search
strategy, the PSO algorithm has nonetheless proven to be
successfully in solving a wide variety of electromagnetic
problems. It has been applied to the array and antenna
synthesis [3-10], for designing electromagnetic absorbers
[11], microstrip filters [12] and even in the field of
imaging [13-14].

In common with the various optimization techniques,
much effort has been invested towards improving the
performance and the reliability of the PSO. The problems of
PSO parameter control and their tuning has been widely
investigated in [15-19], since there are open issues such as
premature convergence and stagnation into local minima
that need to be addressed. Furthermore, the effect of
changing the neighborhood topology has been discussed
extensively in [20-25]. Finally, because of its intrinsic
nature, the PSO algorithm has also been implemented on
parallel platforms [11,26].

However, to the best of our knowledge, the initialization
of the position of the particles within the search space, and
its effect on the rate of convergence has not been fully
addressed yet. Since the agents are randomly located in
most cases, it may occur, especially if the multidimensional
domain is large, that some areas have higher densities of
particles than others. Of course, this inhomogeneity in the
distributions of the agents does not prevent them from
pursuing the goal but can affect the time required for
approaching the final solution.

The solution proposed to circumvent this difficulty is to
subdivide the solution space into sub-domains within which
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groups of agents are initially located. These sub-domains
are defined by sub-boundary conditions that are derived
from the original boundaries, and their presence guarantees
the homogeneous distribution of agents all over the
computational domain. Each particle cooperates only with
those particles in its own group independently from the
other groups, ensuring an improvement of exploration of
their part of the global domain defined by the sub-
boundaries. Then, after a fixed number of iterations, the
sub-boundaries are removed, the best positions found by
each group are scored and the actual global best location is
revealed to all. It is demonstrated that the first part of the
optimization process, managed by particles inside the sub-
boundaries, improves the speed to find the optimal solution
and hence increases the convergence rate of the process.
The paper is organized as follows. A description of the
conventional PSO algorithm is given in Section II. In
Section III the novel sub-boundaries approach for the
swarm initialization is presented and proofs of its reliability
and efficiency are provided by using commonly adopted
test functions. Section IV describes a dedicated PSO code
for the design of artificial magnetic conductors (AMCs).
Finally, the improvement obtained by incorporating the new
initialization approach in the PSO code is discussed.

II. CONVENTIONAL PSO ALGORITHM

In the PSO algorithm there is no central control and, in
the process of finding the optimal solution, each particle of
the swarm flies in an n-dimension space, refining its
knowledge about the search space not only by its own
exploitation but also by sharing with others the information
it has gained. The position of the generic agent £ at a certain
instant i is expressed by the vector X as follows:

Xk(i)z(xllc (i),xé‘(i),...,x: (z)) (

where each x,(i) component represents a parameter of the
physical problem that has to be optimized. At the beginning
of the process, each particle is randomly located at a certain
position and traverses the multidimensional space with a
random velocity, both in direction and magnitude, which
are generally limited by the dynamic range of that
dimension. The particle is free to fly inside the defined n-
dimensional space, within the constraints imposed by the n
boundary conditions, which delimit the extent of the search
space between a minimum (X, ;) and maximum (X, ..x)
and, hence, the values of the parameters during the
optimization process.

At the generic time step i+1, the velocity of the simple
particle k£ along each direction is updated following the rule

vE(i+1) = w*vi (i) + ¢ *rand() *( py,,,., () - x5 (1))
+c, *rand()*(gy,.,,, (1) — % (1))

1)

2)

This implies that, at each iteration step, the new velocity
is the sum of three components. The first one is the actual
velocity, scaled by the factor w which represents the inertia
of the particle, while the two following terms express the
attraction due to P;’;S,,n and &,., found at the time step i.
The former term determines how much the agent is
influenced by the memory of its own best (referred as the
“cognitive rate”) and the value of c¢; encourages the
independent search for the best, regardless of the experience
of the swarm.

On the other hand, the latter term is related to the
influence the swarm has on the particle (called the “social
rate”) and ¢, controls the exploitation of the actual best. The
quantities introduced in (1) are briefly summarized in

Table I.
TABLEI
PARTICLE SWARM OPTIMIZATION VARIABLES

X, (l) : position of agent k along direction » at time step i

v, (1) : velocity of agent & along direction n at time step i
w : inertial weight (or momentum, or habit)

¢, : cognitive rate

c,: social rate

k . . L
Prest.n (l) : best position along direction » found

by the agent during its own
wandering up to the i-¢4 time step

gbevtn(i): best position along direction n

discovered by the entire swarm at
time step i
rand(): generator of

random  numbers

uniformly distributed in [0;1]

The random generator produces the appropriate chaotic
component of a real swarm. Finally, the position of each
particle is simply updated according to the equation:

x:(i+1):x,’;(z’)+vf(l’)*At 3)

where the current position of the agent along the direction n
at the iteration # (i+1) is the previous one incremented by
the product between its actual velocity and the time step At
The boundary conditions implemented could be of different
types [27,28] and change the state or the velocity of the
particle whenever it either hits or crosses the designated
borders.

For a concise description of the standard particle swarm
optimization algorithm, we present its pseudocode in Fig. 1,
since it is useful to understand the novelty introduced by the
initialization of the sub-boundaries.
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Define the allowed range of each dimension (boundaries)
Set i=1
for k=1, number _of agents
for n=1, number_of dimensions
Random initialization of x% (i) within the allowed range [X,,min ; Xu.114x]

Random initialization of vf,‘ (i) proportional to the dynamic of dim. n

next n
next k
for j=1, number_of iterations
for k=1, number_of agents
Evaluate fitnessk (i) , the fitness of agent k at instant i
next k
Rank the fitness values of all agents
for k=1, number_of agents
if fitnessk (i) is the best value ever found by agent k then

k Nk
pbest,n (l)_xn Q)

end if
if fitness (i) is the best value ever found by all agents then

gbest,n (i):X:IC Q)

end if
next k
Update agent velocity by using (2) and limit if required
Update agent position by using (3), check it with respect to the
Boundaries
=i+l
next j

Fig.1 PSO implementation with initialization by using boundary
conditions

III. A NEW INITIALIZATION METHOD

The solution herein proposed has its basis on the simple
observation that there exists a high probability that the
initial step of randomly positioning all the agents can
determine a non uniform coverage of the search domain.
This fact affects the convergence rate, especially if the
domain is large compared to the number of agents involved
in the search process.

Even if the algorithm is able to find the optimal solution,
the process could be speeded up by adopting an approach
which will be detailed in this section. The underlying
concept which the algorithm is based upon is to uniformly
distribute the agents at the start of the optimization process.
The agents are organized into equal groups and these
groups are then forced to exploit a sector of the domain
defined by the sub-boundaries. This concept is described in
Fig. 2 for a three-dimensional domain.

Fig. 2 The domain defined by the boundaries is split into sectors defined by
sub-boundaries within groups of agents wandering in search of the best
location. The sub-division could play an important role in finding faster the
best solution (asterisk)

The domain is subdivided into sectors (or sub-domains) by
using sub-boundaries that split one or more dimensions into
equal intervals. The number of sub-boundaries cannot
exceed the number of agents but, as it will be evident later,
should not produce groups that are too small. During the
initial stages, each group flies inside the assigned sub-
domain and, hence, each group g has its own “sub-domain
best” (indicated by &h... ). Furthermore, each agent k in
the group g has its own local best location ( 25 ). The sub-
boundaries pose impassable limits and consequently, none
of the agents of one group can pass through these
boundaries and enter inside another sector. This guarantees
that the number of agents in each sector is constant and so
that the homogeneity of their spread within the
multidimensional domain is preserved. Once the number of
iterations dedicated to this process is exceeded, the barriers
imposed by the sub-boundaries are removed and the
particles are free to fly all over the entire domain. The
“global best” is then chosen from those found in the sectors
by the groups while the “local best” position of each agent
is preserved. The operation executed at the exact instant of
the passage from the sub-boundary conditions to the global
boundary conditions is described in Fig. 3 and Fig. 4 for a
two-dimensional case.
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Fig. 3 After the last iteration in sub-domain mode, and before starting the
entire domain discovery, each particle is attracted by its own sub-domain
best (black dots) and its local best (grey squares). The star in sector 2 is the
best of all the sectors’ bests.

To highlight the differences introduced in this modified
version of the PSO, its pseudocode is presented in Fig. 5.

To underline the change in results obtained by using this
new PSO implementation, we have optimized several
functions used as test beds for studying the performance of
optimizers [15,27].
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Fig. 4 Dynamlcs ofa change all the agents gam the information about the
global best as soon as the barriers imposed by the sub-boundaries are
removed. They are attracted both by that location as well as by the own
local best previously found.

In particular, the following functions have been considered.
The first type is the Rastrigin function defined as:

fl(x):i(xf—lOcos(Zﬂxi)+10), @)

i=1

with (-5.12 < x; < 5.12). The second type is the Griewank
function (-600 < x; < 600):

N %
So(x)= 2000 le Hcos[—]+1. 5)

Last function is the Rosenbrock function

f3(x) = i(loo(xm -x; )2 +(x; _1)2j ., (6)
i=1

with (-50 < x; < 50). All the above introduced functions
have a global minimum equal to zero. Several simulations
have been run for each of these functions, both with the
standard PSO algorithm as well as with the modified one.
Three different sizes of the swarm have been considered,
comprising of 16, 20 and 32 agents, respectively.

Furthermore, to better understand the influence of the sub-
boundary initialization, we have addressed the problem
with a variable number of sectors (2, 4, and 8) and, hence,
different number of groups (note that, as previously
mentioned, each sector contains only one group).

Set i=1
for g=1, number_of groups
for k=1, number_of agents_in_the group
for n=1, number_of dimensions

Random initialization of x, & (i) within therange of subdomain #g

k
Random initialization of v, 0 prop. to the dynamic of subd. #g

next n
next k
next g
do while (Sub_boundary case)
Flag_set global best=FALSE
for g=1, number_of groups
for k=1, number of agents_in_the group
Evaluate fimessk-8 (i), the fitness of agent k in group g at instant i
next k
next g
for g=1, number_of groups
Rank the fitness values of all agents included only in group g
next g
for g=1, number_of groups
for k=1, number_of agents_in_the group
if fitnessk8 (i) is the best value ever found by agent k in group g then

k.g
pbert n(’) *n @

end if
if fimessk+€ (i) is the best value ever found by all agents then
gfest,n (,‘):X’l?g (i)
end if
next k
next g
i=it+1
if (1 >= sub_boundaries_iterations) then Sub_boundary case= FALSE
end do

if (Flag_set _global best = FALSE) then
Flag_set global best=TRUE

Rank all the gl‘is O] and set the actual ¢ best.n ()

else
follow, with the actual value of 7, the procedure showed in Fig.1
end if

Fig. 5 The modified PSO pseudocode. During the preliminary iterations
the agents seek together, organized in groups, in a delimited territory
defined by the sub-boundaries. After this stage, they are free to move all
over the domain.

The maximum allowed number of iterations to reach the
minimum has been set to 150. Except for the boundary case,
we have run half of the total amount of iterations with
active sub-boundaries. This choice has to be considered a
limit that should not be exceeded, so as not to lose the
efficient cooperation of all the agents acting together, which
is one of the most important features of the PSO algorithm.
The results for N=3 are shown in Table II. The first value
expresses the average number of iterations necessary to
approach the minimum with a tolerance of less than 0.01.
The abbreviation N.R. (not reached) means that this
requirement has not been satisfied up to the 150-#4 iteration.
The second value within brackets is the number of fitness
evaluations which indicates the calls to the solver. For the
case of 20 agents and 8 sectors we have not proceeded since
it is not possible to create groups with the same number of
agents. From the above results, it is possible to state that the
initialization with the sub-boundaries not only helps us to
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reach more rapidly the convergence, but also that the more
we increase the number of divisions the less we improve
performance. This fact suggests a logical conclusion, viz.,
that there is a limit to the improvement even if we subdivide
more and more. Of course, the number of sectors is also
limited by the number of agents, since a group has to be

composed at least by two agents.

TABLE II

RESULTS OBTAINED BY USING SUB-BOUNDARIES

INITIALIZATION IN SOLVING BENCHMARK FUNCTIONS

Rastrigin function

Population | Boundaries Number of | Number of Number of
size groups: 2 groups: 4 groups: 8
N.R. 142 117 98
16 agents (2272) (1872) (1568)
N.R. 110 70 _
20 agents (2200) (1400)
N.R. 60 40 34
32 agents (1920) (1280) (1088)
Griewanck function
Population | Boundaries Number of | Number of Number of
size groups: 2 groups: 4 groups: 8
122 110 93 80
16 agents (1952) (1760) (1488) (1280)
96 84 74 _
20 agents (1920) (1680) (1480)
80 52 45 38
32 agents (2560) (1664) (1440) (1216)
Rosenbrock function
Population | Boundaries Number of | Number of Number of
size groups: 2 groups: 4 groups: 8
44 31 18 15
16 agents (704) (496) (288) (240)
30 23 12 _
20 agents (600) (460) (240)
19 14 7 7
32 agents (608) (448) (224) (224)

IV. DESIGN OF ARTIFICIAL MAGNETIC CONDUCTORS

In recent years, much attention has been devoted to the
problem of designing Artificial Magnetic Conductors
(AMC) that find a variety of applications, especially in the
field of low-profile antennas [29-32]. The zero -phase
reflection coefficient at the resonance frequency allows one
to place the source close to the artificial magnetic ground
plane, and this offers the possibility of reducing the total
dimension of the device. In order to realize an AMC ground
plane, one can exploit the use of planar architectures which
incorporate high impedance Frequency Selective Surfaces
(FSSs) into the design [30]. As shown in Fig. 6(a), once the
number and the configuration of the dielectric layers have
been chosen, it is necessary to design the FSS unit cell,
choose the values of dielectric constants as well as the
thickness of each dielectric slab so as to realize the AMC
behaviour at the desired frequency.

Our PSO code has been employed to optimize all these
parameters but, since we have to deal not only with real
parameters, such as, for instance, the unit cell dimensions

(T and T,) and the characteristics of the dielectric substrates
(permittivity and thickness), but also with binary ones (Fig.
6(b)), we have implemented a PSO algorithm which can
handle both the real and binary parameters.

Dielectric layer #2

1
0]
[0]
1
0]
0]
1
0]
o]
1
o]
1
o]

Dielectric layer #1
(@) Tx
®)
Fig.6 Optimization of an AMC:(a) geometrical configuration; (b) the
binary codification of the unit cell (‘1° represents PEC while ‘0’ means
absence of conducting material)

The solver adopted is a MoM code which employs
rooftop basis functions that are both reliable and efficient
[30,32]. A quantity proportional to the root mean square of
the difference between the actual electric field reflection
coefficient (I'g) and the desired one (Re{l'amc}=1,
Im{I amc}=0), for both TE and TM modes, is used to
evaluate the performance of the structure, i e., the
‘goodness’ of the proposed solution. In order to evaluate the
performance of the PSO enhanced with sub-boundaries we
have run several simulations, each one carrying out 300
iterations, with different number of sectors. Our aim is to
design an AMC screen acting as a PMC at 2.5 GHz,
optimizing both the unit cell and the characteristic of two
dielectric slabs (a superstrate and a substrate). At each
simulation (except for the case with no sub-boundaries),
one half of these iterations are carried out by using sub-
boundaries and the average value of the fitness considered
is the one of the best sector. The number of particles in the
swarm is 32. The results are summarized in Fig. 7.
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Fig.7 Comparison between the convergence rates for four different cases.
The grey zone represents the part of the iteration run by using sub-
boundaries (except for the no-groups case).
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We note that there is an improvement in the performance
and that, as in the previous case, the advantages of this
approach are not directly proportional to the number of sub-
boundaries utilized. In fact, we gain an advantage over the
conventional PSO when we use two groups and the
performance is better if we change the number of groups to
four. However, it is not worthwhile to go beyond this value
and to further subdivide the domain into eight groups.
Moreover, in this case, the sub-boundary approach is not
applied to the binary map, hence it reduces the impact of
further subdivisions of the domain. One of the results
obtained with a swarm initialized by using four groups is
shown in Fig.8.
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Fig.8 Results of the enhanced PSO for an 8-group initialization. (a) the
complete FSS screen. Dielectric characteristic: superstrate 0.4 cm thick with
dielectric constant equal to 14.1, substrate 0.45 cm thick with a dielectric
constant of 6.0); (b) phase of the frequency response.

V. CONCLUSION

A new implementation of the PSO has been described.
The paper illustrated the importance of a uniform
initialization of the particles within the multidimensional
search space. This new approach suggests a division of the
domain into different sector where the agents are initially
placed, and where they move during the preliminary
iterations. The sub-boundaries are removed, after this
period, and the agents are able to fly everywhere inside the

domain. The information about the best location found
during the initialization is shared among the agents which
preserve the memory of their own local best.

Some representative numerical examples have been
presented to demonstrate the performance enhancement
realized by using the proposed technique. Finally, the new
PSO code has been successfully applied to the design of
AMCs.
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