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Abstract

This paper presents an improved particle swarm opti-
mization (PSO) algorithm for onboard embedded applica-
tions in power-efficient wireless sensor networks (WSNs)
and WSN-based security systems. The objective is to keep
the main advantages of the standard PSO algorithm, such
as simple form, easy implementation, low algorithmic com-
plexity, and low computational burden while the perfor-
mance and efficiency can be significantly improved. Numer-
ical experiments are performed on a very difficult bench-
mark function to validate the performance of the improved
PSO algorithm. The results show that the improved PSO
algorithm outperforms the standard PSO algorithm.

1 Introduction

Particle swarm optimization (PSO) is one of
biologically-inspired optimization techniques. It was
first proposed by Eberhart and Kennedy in 1995 [1–3].
Over the last decade PSO has received extensive atten-
tion [4–8]. It has been successfully applied in many
applications, such as function optimization, artificial neural
network, fuzzy control, robotics, mechanical design, radio
and antenna design, computer games, and other optimiza-
tion problems. It has been recognized as one of competitive
biologically-inspired algorithms to traditional evolutionary
algorithms, such as genetic algorithms (GAs).

Wireless sensor networks (WSNs) represent a new data
collection approach and will play an important role in fu-
ture’s high security systems. The objective of this study is
to develop an efficient optimization algorithm for onboard
embedded applications in power-efficient WSNs. An emer-
gent implementation of such an algorithm is targeted at the
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ESPACENET1 project which aims at the design of evolv-
able and reconfigurable sensor networks and distributed
reconfigurable System-On-Chip (SoC) sensor nodes for
aerospace-based monitoring and diagnostics [9]. In this
project, low-power is one of main design objectives. Thus,
low complexity, high efficiency, predictable performance,
and flexibility are the key requirements to optimization al-
gorithm which runs onboard in an embedded manner.

For onboard embedded applications in power-efficient
systems, PSO is becoming a promising optimization algo-
rithm due to its many advantages. First, PSO has a fast
convergence rate. Compared with traditional evolutionary
algorithms (e.g.,GAs), PSO tends to converge to the best
solution quickly. Second, PSO is very simple and easy to
implement. There are few parameters to adjust in PSO. This
is particulary attractive for onboard embedded applications
in power-efficient WSNs since the computational resources
such as memory and energy are extremely limited. Third,
PSO is also computation-efficient. In PSO the number of
particles (i.e., population size) is very small. In fact, for
most of the problems 10 particles will be large enough to get
satisfactory results. For traditional evolutionary algorithms
the population size is often required to be set as larger as
possible to get an acceptable solution.

The intent of PSO is to solve the global optimization
problem. However, the standard PSO algorithm is easily
trapped in local optima. The second problem which PSO is
often criticized is that some particles may fly far away from
the search region. To solve the second problem the particles
are often forced to be zero velocity at the boundary. How-
ever, this rough method may decrease the efficiency of PSO
algorithm. It has also shown that in some cases the qual-
ity of solution does not improve as the number of iterations
increases, see [10] and the reference therein.

The objective of this paper is to present an improved PSO

1Evolvable Networks of Intelligent and Secure Integrated and Distributed Re-
configurable System-On-Chip Sensor Nodes for Aerospace Based Monitoring and
Diagnostics.
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algorithm for onboard embedded applications in power-
efficient WSNs. This improved PSO algorithm can keep
all the advantages of the standard PSO, such as implemen-
tation simplicity, low computational burden, and few con-
trol parameters, etc. However, its performance can be much
better than the standard PSO algorithm. This is particularly
attractive to the applications in power-efficient WSNs.

2 Particle Swarm Optimization

PSO is inspired by social behavior of bird flocking or
fish schooling. In these biological systems the collective
behaviors of simple individuals interacting with their envi-
ronment and each other play a very important role. PSO
just simulates the behaviors of biological swarms by ran-
domly searching food in an area. There is only one piece
of food in the area being searched. All the swarms (such as
birds) do not know where the food is. But they know how
far the food is in each trial by observing their fitness. The
question is how the particle swarm can find the food in an
efficient way? The basic idea of solving such a swarm op-
timization problem is to follow the leader particle which is
nearest to the food. Since the leader particles represent the
current optimum solutions, in PSO the particles in a popu-
lation always move through the problem space by following
the current optimal particles.

Obviously, PSO is a population based stochastic opti-
mization technique. It is first initialized with a group of
random particles (solutions). In every iteration each parti-
cle is updated by following two “best” values, i.e., the per-
sonal best xp,i, and the global best xg . xp,i is the best
solution (fitness) one particle has achieved so far. xg is the
best value obtained so far by any particle in the population.

In the original PSO algorithm, the particle updates its
velocity and position as follows:

vi(t + 1) = wvi(t) + c1r1[xp,i(t) − xi(t)]
+c2r2[xg(t) − xi(t)]

(1)

xi(t + 1) = xi(t) + vi(t + 1) (2)

where vi and xi are the particle velocity and position at the
tth iteration, respectively. c1 and c2 are the scaling con-
stants, usually taken as c1 = c2 = 2.0. w is the inertia
weight and used to control the trade-off between the global
and the local exploration ability of the swarm. Random
numbers r1 and r2 are uniformly distributed in [0, 1].

As pointed out previously in this paper, the standard
PSO algorithm has several drawbacks when dealing with
some difficult optimization problems. To improve the per-
formance of PSO algorithms there have been many vari-
ants. For instance, an improved particle PSO algorithm was
proposed in [4] by adding an extra loop at the beginning

of the algorithm to keep randomly re-initializing infeasi-
ble particles for ensuring that they stay inside the feasible
search space. In [10] a dissipative PSO algorithm was de-
veloped by using the self-organization mechanism of dis-
sipative structure. Three versions of PSO algorithms with
novel learning strategies were presented in [11].

Though these variants may improve the performance of
the standard PSO in some sense, the main advantages of
the standard PSO such as implementation simplicity, low
computational burden, and few control parameters may be
lost. Obviously, loosing these merits of PSO algorithms are
not desirable to onboard embedded applications in power-
efficient WSNs, particulary for the ESPACENET project.

3 Improved PSO Algorithm

To improve the performance of the standard PSO algo-
rithm, the key thing in this study is to keep an efficient bal-
ance between exploration and exploitation of particles in
swarm. A basic idea is to keep the diversity of both local
and global optima. To realize this point, a very natural way
is to randomly “perturb” these optima at current iteration.
In the standard PSO algorithm, these perturbations are only
applied to the difference between the local best solution and
the particle position or between the current global best so-
lution and the particle current position. A drawback of this
scheme lies in its restricting the exploration ability of parti-
cle swarm.

To widen the exploration ability of particle swarm, we
propose that the perturbations should be directly applied to
the local best solution and global best solution achieved so
far. Such a kind of perturbations can be generated by us-
ing Metropolis algorithm(MA). However, a probability den-
sity function (PDF) may greatly increase the computational
complexity of PSO algorithm. Therefore, in this paper we
adopt a simple way to generate random perturbations as in
the standard PSO algorithm. The second objective in devel-
oping our improved PSO algorithm is to improve the con-
vergence process of the particles in swarm such that all the
particles are prevented from flying far away from the feasi-
ble search space.

Keeping the above points in mind, we propose an im-
proved PSO algorithm, formulated in Algorithm 1.

In (3) r3 and r4 are uniformly distributed random num-
bers in [−ε, ε], where ε is a small positive constant. It can
also be adaptively tuned online to speedup the convergence.

4 Numerical Example

In this section numerical experiments are performed
to validate the effectiveness of our improved PSO algo-
rithm and compare its performance with the standard PSO
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Algorithm 1 Improved PSO Algorithm
Set constant w and other control parameters.
For each particle i in the population

Randomly initialize particle velocity and position
End
Do

For each particle i in the population
Calculate fitness value and evaluate the move
If the current fitness value is better than xp,i in history
Set the current value as the new xp,i

End
From the whole population or the prescribed topology
of neighborhood, choose the particle with the best
fitness value as the global best solution xg

For each particle i in the population
Calculate particle velocity according to the
following equation

vi(t + 1) = wvi(t) + [(1 + r3)xp,i(t) − xi(t)]/3
+[(1 + r4)xg (t) − xi(t)]/3

(3)

Update particle position using the following relation:

xi(t + 1) = xi(t) + vi(t + 1) (4)

End
While maximum iterations or minimum error criteria is not met.

algorithm. The latest version of the standard PSO al-
gorithm was published in 2006 and can be obtained at
http://www.particleswarm.info website. The idea of the
standard PSO 2006 is to define a real standard at least for
one year, validated by some researchers of the field, in par-
ticular James Kennedy and Maurice Clerc.

The version of the standard PSO 2006 is the nearest of
the original version (1995) with just a few improvements
based on some recent works. In the standard PSO 2006,
information links topology is created by using a random ap-
proach. So the number of particles that informs a given one
may be any value between 1 (for each particle informs it-
self) and the swarm (population) size. To keep the standard
PSO 2006 as closer as the original version (1995), initial
positions are chosen at random inside the search space ac-
cording to an uniform distribution. Each initial velocity is
simply defined as the difference of two random positions. It
is simple, but needs no additional parameter.

To have a very fair comparison, we just modified the
code of the standard PSO 2006 to represent our update rules
(3) and (4). The other part of the code is kept the same as
the standard PSO 2006. So the programming and running
environment is exactly same for the two algorithms.

To test the ability of the algorithm not to be trapped in
local optima, we chose Tripod function as the benchmark
function, as shown in Fig. 1.

The 2-D Tripod function is defined as follows

f(x1, x2) = p(x2)[1 + p(x1)] + |x1 + 50p(x2)[1 − 2p(x1)]|
+|x2 + 50[1 − 2p(x2)]|

(5)
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Fig. 1. 2-D Tripod function
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Fig. 2. Contour of 2-D Tripod function

where

p(s) =
{

1 s ≥ 0
0 s < 0

The contour of 2-D Tripod function is depicted in Fig.
2. As shown in Figs. 1 and 2, Tripod function has 2 local
minima – the “valleys” in the figures. However, the function
has just one global minimum, which occurs at the point (0,
-50) in the x − y plane, where the value of the function is
0. At any local minimum other than (0, -50) , the value of
Tripod function is greater than 0. It should also be noted
that Tripod function is not continuous in search space.

The difficulty of finding global optimum to Tripod func-
tion lies in that a lot of algorithms are easily trapped in
the two local minima, as shown in Figs. 1 and 2. In
this numerical experiment the search space is defined on
[−100, 100] × [−100, 100]. For the both PSO algorithms
in the numerical experiments, the population size was taken
as 12 only. The minimum error was set to be 0.9. The
maximum number of executions or iterations was 200. The
maximum evaluation number is 10,000. The inertia weight
w = 0.721348. c1 and c2 were taken as 0.5+ log(2). ε was
picked as 2.0.

The best solutions found by the two algorithms are
(−0.057177,−49.984349) and (0.147433−49.980389) for
the Improved PSO and standard PSO 2006, respectively.
Fig. 3 shows the comparative results obtained from the

787878



1 2
0

0.2

0.4

0.6

0.8

1

PSO algorithms

C
om

pu
ta

tio
n 

tim
e 

(s
)

1: Standard PSO; 2: Improved PSO

1 2
0

2000

4000

6000

PSO algorithms

M
ea

n 
ev

al
ua

tio
ns

1: Standard PSO; 2: Improved PSO

1 2
0

0.2

0.4

0.6

0.8

1

PSO algorithms

M
ea

n 
er

ro
r

1: Standard PSO; 2: Improved PSO

1 2
0

0.1

0.2

0.3

0.4

PSO algorithms
S

ta
nd

ar
d 

de
vi

at
io

n

1: Standard PSO; 2: Improved PSO

1 2
0

20

40

60

80

100

PSO algorithms

S
uc

ce
ss

 r
at

e 
(%

)

1: Standard PSO; 2: Improved PSO

1 2
0

0.05

0.1

0.15

0.2

PSO algorithms

B
es

t m
in

 v
al

ue
 

1: Standard PSO; 2: Improved PSO

Fig. 3. Performance comparisons of the im-
proved and standard PSO 2006 algorithms

both PSO algorithms, from which we can see that the im-
proved PSO algorithm greatly outperformed the standard
PSO 2006 in this testing case. In particular, the computa-
tion time is only about half of the standard PSO 2006. The
success rate is nearly doubled against the standard PSO al-
gorithm. Compared with other variants of the standard PSO
algorithm, the computational complexity and burden have
not been increased in our improved PSO algorithm. We
have also conducted a series of numerical experiments on
other benchmark functions, the improved performance can
be achieved by using our improved PSO algorithm.

5 Conclusions

To improve the performance of the standard PSO algo-
rithm, many variants have been proposed in recent years.
However, most of them either improve the algorithmic com-
plexity or increase the computational burden, though a per-
formance gain may be achieved in some sense.

This paper has presented an improved PSO algorithm to
enhance the performance of the standard PSO algorithm.
Compared with other variants, this improved PSO algorithm
can keep the main advantages of the standard PSO algo-
rithm, such as simple form, easy implementation, low algo-
rithmic complexity, and low computational burden while its
performance and efficiency can be significantly improved.
Numerical experiments have been performed on a very dif-
ficult benchmark function to validate the performance of the
improved PSO algorithm. The results illustrated that the im-
proved PSO algorithm outperformed the standard PSO al-
gorithm. So, it is a very promising runtime optimizer for

onboard embedded applications in power-efficient WSNs
and WSN-based high security systems in which the compu-
tation recourses and energy are very limited or expensive.
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