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a  b  s  t  r  a  c  t

Memetic  algorithms,  one  type  of  algorithms  inspired  by nature,  have  been  successfully  applied  to  solve
numerous  optimization  problems  in  diverse  fields.  In  this  paper,  we  propose  a  new  memetic  computing
model,  using  a hierarchical  particle  swarm  optimizer  (HPSO)  and  latin  hypercube  sampling  (LHS)  method.
In  the  bottom  layer  of  hierarchical  PSO,  several  swarms  evolve  in  parallel  to avoid  being  trapped  in local
optima.  The  learning  strategy  for each  swarm  is  the  well-known  comprehensive  learning  method  with
a  newly  designed  mutation  operator.  After the  evolution  process  accomplished  in  bottom  layer,  one
particle  for  each  swarm  is  selected  as  candidate  to construct  the  swarm  in  the  top  layer,  which  evolves
by  the  same  strategy  employed  in  the  bottom  layer.  The  local  search  strategy  based  on  LHS is  imposed  on
particles  in  the  top layer  every  specified  number  of  generations.  The  new  memetic  computing  model  is
extensively  evaluated  on  a suite  of 16  numerical  optimization  functions  as  well  as  the  cylindricity  error
evaluation  problem.  Experimental  results  show  that  the  proposed  algorithm  compares  favorably  with
conventional  PSO  and  several  variants.

© 2012  Elsevier  B.V.  All rights  reserved.

1. Introduction

Optimization has been a research hotspot for several decades.
Many real-world optimization problems in engineering are becom-
ing increasingly complicated, so optimization algorithms with high
performance are needed [1,2]. Unconstrained optimization prob-
lems can be formulated as D-dimensional optimization problems
over continuous space

min f (x), x = [x1, x2, . . . , xD] (1)

Evolutionary algorithms, inspired by natural evolution, have
been widely used as effective tools to solve optimization problems.
One class of nature inspired algorithms are swarm intelligent algo-
rithms. Particle swarm optimizer (PSO) [3,4] has attracted attention
in the academic and industrial community. Although PSO shares
many similarities with evolutionary algorithms, the original PSO
does not use the traditional evolution operators such as crossover
and mutation. PSO draws on the swarm behavior of birds flocking
where they search for food in a collaborative way. Each member, in
the swarm, called a particle, represents a potential solution to the
target problem and it adapts its search patterns by learning from its
own experience and other members’ experience. The particle is a
point in the search space and it aims at finding the global optimum
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which is regarded as the location of food. Each particle has two
attributes called position and velocity and its direction of flight is
adjusted according to the experiences of the swarm. The swarm as a
whole searches for the global optimum in D-dimensional feasibility
space.

The PSO algorithm is easy to understand and implement, and
has been proved to perform well on many optimization problems.
However, it may  easily get trapped in a local optimum for many rea-
sons, such as the lack of diversity among particles and overlearning
from the best particle found so far. To improve PSO’s performance
on complex numerical optimization problems, we propose a hier-
archical PSO framework, in which several swarms evolve in parallel
towards the global optimum and we  design a new mutation opera-
tor to increase the diversity of swarms. After evolving for a specified
number of generations, a latin hypercube sampling method is used
to execute the local search.

This paper is organized as follows. Section 2 introduces the
original PSO and some variants. Section 3 describes the proposed
hierarchical PSO with latin sampling based memetic algorithm,
including four subsections: hierarchical PSO framework, muta-
tion strategy, latin hypercube sampling based local search strategy
and the overall framework of the proposed memetic algorithm.
Section 4 gives the experimental results, describes the related
parameter tuning process and compares the performance of the
proposed algorithm on a suite of test problems to that of other
PSO variants. Section 5 gives conclusions and describes future
work.
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Fig. 1. Original particle swarm optimizer.

2. Particle swarm optimizers

2.1. Original PSO

PSO is a stochastic optimization algorithm which simulates
swarm behavior. The individuals move over a specified D-
dimensional feasible space. As in a the genetic algorithm, the
particles in PSO are initialized with random velocities and posi-
tions. The algorithm adaptively updates the velocity and position
of each particle in the swarm by learning from the good experi-
ences. In the original PSO [3],  the velocity Vi

d and position Xi
d of

the dth dimension of the ith particle are updated as follows.

Vd
i : = Vd

i + c1 · rand1d
i · (pbestd
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) is the position of the ith particle
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) represents velocity of particle i, pbesti =

(pbest1
i , pbest2

i , . . . , pbestD
i ) is the best previous position yielding

the best fitness value for the ith particle, gbest = (gbest1, gbest2,
. . .,  gbestD) is the best position found so far over the whole swarm,
c1 and c2 are the acceleration constants, reflecting the weighting
of stochastic acceleration terms that pull each particle towards
pbest and gbest positions, respectively. rand1d

i
and rand2d

i
are two

random numbers in the range [0,1].
A particle’s velocity on each dimension is confined to a max-

imum magnitude Vmax. If |Vd
i
| exceeds a pre-specified positive

constant value Vd
max, then the velocity on the dimension is assigned

to sign(|Vd
i
|)Vd

max.
The framework of the original PSO is shown in Fig. 1. From the

flow of the iterative process, we can find that each particle flies

to the global best particle in the swarm; this leads to a severe
drawback of overlearning from the best particle. Consequently, the
diversity of the whole swarm will drop down dramatically. If the
best particle does not share the same niche with the global opti-
mum,  the particles may  easily get trapped in a local optimum.
Since PSO’s introduction in 1995, many researchers have worked on
improving its performance in various ways and many more effec-
tive variants have been proposed; these will be discussed in next
subsection.

2.2. Some variants of PSO

This section gives a brief survey of several PSO variants proposed
in recent years. Shi and Eberhart [5] introduced inertia weight w
into the original PSO algorithm, so the criterion for updating the
velocity was  changed to

Vd
i := w · Vd

i + c1 · rand1d
i · (pbestd

i − Xd
i ) + c2 · rand2d

i · (gbestd − Xd
i ).

(3)

They indicated that the inertia weight plays an important role in
balancing the global and local search abilities; a large inertia weight
encourages global search while a small inertia weight encourages
local search. Based on this idea, the inertia weight is usually set to
decrease linearly over iterations.

Different types of topologies have been designed to improve
PSO’s performance in solving different optimization problems.
Kennedy [6,7] claimed that PSO with a small neighborhood might
perform better on complex problems, while PSO with large neigh-
borhood would perform better on simple problems. Suganthan
[8] defined the neighborhood of a particle as the several near-
est particles in each iteration so that a dynamic neighborhood
is computationally intensive. Jian et al. [9] examined several
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