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Abstract—In this paper, a population-based optimization
algorithm, CLA-PSO, based on new structures of
neighborhood is propoesed. CLA-PSO is a model obtained by
combining the concepts of particle swarm optimization and
cellular learning automata. Although CLA-PSO produces
much better results than the standard PSO, it may trap into
local optimum like standard PSO. In this paper two new
structures of neighborhood are proposed, which reduce the
probability of trapping CLA-PSO into local optimum. The
proposed approach is validated by using eight benchmark
functions. A comparison is made with the recently published
CLA-PSO and standard PSO. The simulation results
demonstrate that our approach is highly efficient and
competitive specifically in its better general convergence.

Keywords-particle swarm optimization; cellular learning
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I. INTRODUCTION

Particle swarm optimization is one of the optimization
algorithms which simulates the behavior of birds flocking
and school fishing. PSO was first proposed by Kennedy and
Eberhart in 1995 [1]. In PSO algorithm all particles move
toward the best solution which has been found till now. If
this solution was one of the local optima, PSO algorithm
converges to local optima finally. Another main drawback of
standard PSO is that it cannot control the balance between
exploration and exploitation. This problem gets harder in
high dimension benchmarks [2]. Many researchers have
worked on improving PSO algorithm performance in various
ways [1]. For instance, the inertia weight is employed to
control the effect of the previous velocities on the current
velocity. A large inertia weight facilitates global exploration
(searching new areas); while a small one tends to facilitate
local exploration. A suitable value of the inertia weight
usually provides balance between global and local [14].
Another example of these various ways is social based
algorithms including all PSO variations that introduce a new
social topology and algorithms that change the way that
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personal best and neighborhood best positions are calculated
[11]. One of the most efficient of these ways is hybrid
algorithms, which combine concept from other methods such
as Evolutionary computing [13] genetic algorithm,
Evolutionary programming, Fuzzy systems [12], Ant Colony,
Learning automata [9]. In this paper we propose a hybrid
method. We combine particle swarm optimization with
cellular learning automata. The use of CLA helps PSO to
balance between local and global search. Using one LA for
each dimension of each particle allows PSO to escape from
local optima. In section 2, we give a brief overview of
particle swarm optimization algorithm. Section 3 presents an
overview of cellular learning automata. Section 4 dedicates
all details of our neW approach to CLA-PSO with new
structures of neighborhood. In section 5, the results which
are obtained by our new approach are shown and compared
with standard PSO and other kinds of CLA-PSO [5] [6].

II.  PARTICLE SWARM OPTIMIZATION

The original PSO was inspired by the social behavior of
birds flocking or fish schooling. This algorithm consists of a
swarm of particles flying through the search space [1]. Each
individual 7 in the swarm contain parameters for position|,
velocity ¥;, and personal best positiony;, whereX; € A%,
V. € R® and 3 € R" while n is the dimension of the search
space. The position of each particle represents a potential
solution to the optimization. The personal best position
associated with a particle i is the best position that particle
has visited thus far, i.e. a position that yielded the highest
fitness value for that particle. If f denotes the objective
function, then the personal best of a particle at a time step t is

updated as:
el ={xﬁ&+ 1), FX: (410 < Fly () 1)
g ¥ (@8, FO G +1) = fn ()
Depending on the social network structure of the swarm,
and g , best experience of particles exchange
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among them [4]. For the model, the best particle is
determined from the entire swarm. ;

For the model, a swarm is divided into overlapping
neighborhoods of particles. For each neighborhood | a best
particle is determined with position . The best particle is
referred to as the neighborhood best particle.

In [3] Kennedy and Mendes recommended the Van-
Neumann architecture, in which a particle’s neighbors are
above, below and on each side on a two dimensional lattice,
to be the most promising one. For each iteration, in
PSO algorithm, the  dimension of particle ‘s velocity
vector, and its position vector,  is updated as follows:

V.(t + 1) = cyrand, () (3 () — X; )+
e, rong, () (jf‘[tj - X ]
X+ 1) =x( )

The PSO algorithm performs repeated applications of the
update equations until a specified number of iterations have
been exceeded, or until a user-defined stopping criterion has
been reached.

III. CELLULAR LEARNING AUTOMATA

Cellular Learning Automata is a mathematic model for
dynamic complex systems which consist of simple
components. In such kinds of systems, the behavior of each
component is based on its neighbor’s behavior and also its
own experience. All of these parts have learning capability
and act together to produce complex global behavior. Each
CLA consists of one CA that equipped by one or more LAs.
Learning Automata work as a brain for each cell. It residing
in a particular cell determines its action based on its action
probability vector. There is a rule that CLA operate under.
The rule of the CLA and the actions selected by the
neighboring LAs of any particular LA determine the
reinforcement signal to the LA residing in a cell [10]. The
basic idea of CLA, which is a subclass of stochastic CA, is to
use learning automata to adjust the state transition
probability of stochastic CA [6]. The operation of CLA can

be considered as follows:
a. The internal state of each cell is specified. based on
the action probability vector of its LA. This vector is

initiated either based on past experience or randomly.

b. The reinforcement signal of each LA in that cell is
determined according to the rule of CLA.

c. [Each LA updates its action probability vector based
on the reinforcement signal which is determined in
second step and the chosen action.

These steps repeated until the desired results are obtained.
There is more information about CLA in [7] [8]. In next
section we describe our proposed algorithms which are
based on new structure of neighborhood.

IV. THE PROPOSED ALGORITHMS

In this section we propose a new CLA-PSO algorithm
with new structures of neighborhood. In our proposed
algorithm each dimension of each particle is assigned to one
cell of CLA. Each cell is equipped with learning automata.

LA determines the location of each particle for next iteration.
Each learning automata residing in a cell has a set of actions
which consist of 2 actions: “following current way” and
“following the best experience”. The selected action of LA in
any iteration specifies the velocity updating method of
particle for that iteration. If “following current way” is
chosen, determining new velocity will be as (5). If
“following the best experience” is chosen in a cell, the
velocity for that particle is just determined based on the
personal best solution (obtained by that particle) and the
global best solution (obtained by the group of particles) as in
3).

One of the main problems in particle swarm optimization
algorithm is premature convergence. Whenever the variety
among particles, even in one dimension decreases, the
movement of all particles on that specific dimension will
stop. For this problem, we use the CLA with a global
variable. It means that each cell uses both the situation of LA
(which are around it) and the global response of environment
for making decision about getting reward or punishment.

The global response which is received by all learning
automata determines as follows. If the position of a particle
improves (better than the previous position) all the LAs
which are assigned to all dimensions of that particle will get
reward. Otherwise they will get punishment. This response is
calledfg. Furthermore each LA is received a local response
which is called #{. The chosen action is evaluated by
determining the variance of neighbor particles’ position (1, ).
We introduce a new parameter as a threshold of variance
(75 ). Whenever V;:, in one neighborhood are less than
Ty shows that on that specific neighborhood, particles are
going to be very close to each other, which lead to premature
convergence. In this situation LA gets punishment for
choosing “following current way” and will get reward if
chooses “following the best experience”. In contrast a big
figure for 13, shows that the variety among particles in a
neighborhood is very high. So LA gets reward for choosing
“following current way” and gets punishment for choosing
“following the best experience”. The whole algorithm is as
follows:

a. Initialize the position and velocity of the particles.
Initialize LA’s probability vector.

b. Each dimension of each particle is assigned by a
CA and each cell is equipped with one LA.

c. Till the termination condition is met, step d to & will
be repeated.

d. Each LA, based on the probability vector chooses
one action.

e. If the chosen action is “following the best
experience”, the velocity vector will be updated as
i (3).
VE(t+ 1) = cyrond, (t) (p& est () — X8 (t:') -+

corond, () (,g&gstg[t:l = XF &))
g 51, 2500, Ng (3)
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f. If the chosen action is “following the best
experience”, the velocity vector will be updated as
i (5).

e Ty
HEL] o MexGen (4)
Vet +1) = wit) « VE(O) +
e, ¢ rondlf = (pbestf(t] - Xg &)J

¢y + rand2? + (ghe sti®) - X3 (5)

g. The global response of is determined as in (6().
= {n Fitness(X:(t + 1)) = fitness(X(8))
Pai=11  otherwise (6)
h. For all cells which are in the same neighborhood, ¥,

is determined and compare to 7, as a threshold.
if verience (neig hbor (Xf (t+ 1]_)) <Tp

if LA? .action = 1
=
glse
gt =4
wlse
i if LAY .oction =1
BIE=0
vlse
prE=1
gnd @)
i.  The reward and punishment which is received by
LA is determined based on the global and local
response of enviro:.ment:
a _ (AU if Pai=1
e Al S ®)
i. The probability vector will be updated.

A, CLA-PSO with new stuctures of neighborhood

Based on the proposed algorithm, we introduce 2 new
kinds of neighborhood. In this structure, the first and last
CAs in each row and column are neighbors. It means that the
neighborhood is circular. This feature helps the algorithm to
maintain the variety during the iteration. In Fig. 1 each cell in
C6 neighborhood is neighbor with 6 other cells and in C3
neighborhood is neighbor with 3 other cells. The results
show that the first one converges faster than the first one.

B. CLA-PSO with hybrid stucture of neighborhood

In our CLA-PSO each dimension of each particle is
assigned with a CA and each CA is equipped with a LA.
With this assumption if the number of dimension of
population increase the variance will decrease and
because of that the variance of particles” velocity will
decrease gradually. This decrease leads to premature
convergence. In this section, we try to modify the structure
of each cell’s neighborhood during the iteration. This
changing helps the algorithm to increase among

population.

;::J: changing  helps
the - algorithm to
mecrease » among

population.
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In each iteration and in step / if the variance is less than a
threshold the structure of neighborhood will change from C3
to C6 or vice versa. Moreover this hybrid model helps
algorithm to explore search space more than before. And
increase the variety among particles because C3 and C6 just
have one cell in common.

V. EXPERIMENTS

Several simulations were done in order to show the
performance of two proposed algorithms.

TABLE L. FUNCTION LIST
Function
Name
Formula Search range
P
Sphere Alx)= in* [-10050]
i=1
= ol | R [
| Roseribrole ";*(x) = L5000 = x| [ 5 0as2.048]
=-20 -0.2 "- >yl
Ackley £ix) “’*"( g -‘pzmxl ) [-32.76816]
3
e SR TTE |
Greiwank | 0¥ = Tl o~ I eosGI+ 1 [0 200]
hlx)=
| Weierstrass | X2 [Fhmee[ph cod 2abM(x; + 05)] [-05,0.2]
| (L] -y
. =3F (xi-— 2ax;) + 1
N e R R O
£lx) = XF (v —10cod 2ay;) + ]
=1 i
S p s %, bl < X, [-5.12,2]
esRastrigin T
¥ = yrond(2x;) 1
e Ixl 2 ,"2
= =S (iSe
Schwefel f(x) = 4189629+ D~ L7, x; sin [-500,500]

The results compare with the results were obtained by
standard PSO and CLA PSO (discrete PSO with Moore as a
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structure of neighborhood). The simulations were performed
on 8 test problems which are shown in tablel-and in 10 and
30 dimensions. For each of these functions target is finding
the global minima. All the algorithms were repeated 25 times
and each trial used a fixed number of 30000 for 10
dimensions and 35000 for 30 dimensions. Fig. 2-7 illustrates
the mean best value of all functions. The first experiment
was performed an 8 benchmarks in 10 dimensions with 12
particles as the swarm size. Our second proposed algorithm
converged to a better value in F1, F4, and F8. In F6 and F7
all our proposed algorithms converged to zero. Whereas the
second one (hybrid structure of neighborhood) converged
with a highest speed. In this experiment CLA-PSO-C6 in
Flobtained the best result with the highest speed as it is
shown in Fig. 4. In general, the speed of CLA-PSO-C6
algorithm is more than CLA-PSO-C3 and CLA-PSO-Moore.
1t is because of the numbers of neighborhood cells. Although
the bigger neighborhood increases the speed of algorithm, it
leads to premature convergence in high dimension.

The second experiment was performed on 8 functions in
30 dimensions with 12 particles as the swarm size with
35000 iterations. As it is shown in table 2, our second
approach algorithm obtained the best result in F2, F4, F5, F7,
and F8. CLA-PSO-C3 and CLA-PSO-C6 obtained good
result in F1 and F3. In F6 both proposed algorithms
converged to zero.

VI.. .. RESULT

In this paper, a new hybrid algorithm, CLA-PSO with
new structure of neighborhood was introduced. In addition in
our approach we assigned a CA to each dimension of each
particle and each CA was equipped with a LA. These LAs
worked as a brain of each cell. Using CLA helps PSO to
escape from local optima and make a balance between
exploration and exploitation. Experimental results on eight
optimization problems show the success and superiority of
the proposed algorithm.
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Figure 5.

10-D Ackley’s function.
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