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Abstract

This paper proposes a novel particle swarm optimisation
(PSO) algorithm using the concept of age of particles. Ef-
fective fitness of a particle depends both on its functional
value and age. Age of a newly generated particle is taken
as zero, and in every iteration age of each individual is in-
creased by one. In this paper, a trapezoidal aging function is
considered. The model aims to emulate natural swarm sys-
tem in a more natural way. The effectiveness of this concept
is demonstrated by cluster analysis. Results show that the
model provides enhanced performance and maintains more
diversity in the swarm and thereby allows the particles to
be robust to trace the changing environment.

1. Introduction

The particle swarm optimisation (PSO) is a population
based stochastic search method. It is modeled using the
concept of the social behavior of a bird flock and their intel-
ligence [6]. Further, in PSO, the population dynamics sim-
ulate the behaviour of a ”birds flock” where social sharing
of information takes place and particles profit from the dis-
coveries and previous experience of all other companions
during the search for solutions. A swarm in PSO refers to
a number of potential solutions, where each potential solu-
tion is referred to as a particle. The aim of PSO is to find
the particle position which results in the best evaluation of
a given fitness function.

Each particle flown through the n-dimensional search

space adjusting its position toward both the particles best
position found thus far (pbest) and the best position in
the neighbourhood of that particle (gbest). Each particle i
drives itself by using the following equation.

xi(t + 1) = xi(t) + τ · vi(t)
+α · rand() · (xpbesti

− xi(t))
+β · rand() · (xgbest

− xi(t)) (1)

where τ is known as inertia factor, α and β are the cognitive
and social learning rates respectively.

The personal best and global best position is calculated

as follows: xpbesti
=

{
xi(t) if f(xi(t)) ≥ pbesti

xpbesti
otherwise

and

pbesti =
{

f(xi(t)) if f(xi(t)) ≥ pbesti

pbesti otherwise
Similarly,

xgbest
=

{
xi(t) if f(xi(t)) ≥ gbest

xgbest
otherwise

and

gbest =
{

f(xi(t)) if f(xi(t)) ≥ gbest

gbest otherwise

The PSO is usually executed with repeated application
of equations (1) until a specified number of iterations has
been reached. Alternatively, the algorithm can be termi-
nated when the velocity updates are close to zero over a
number of iterations.

Though several attempts are made to enhance the per-
formance of the PSO, but modeling them in a more natural
manner (i.e. the swarm contain particles which are very
closure to real life particles) and capturing the more social

Particles with Age for Data Clustering

9th International Conference on Information Technology (ICIT'06)
0-7695-2635-7/06 $20.00  © 2006



feature is rare. The aim of this paper is to introduce the con-
cept of aging of particles as in nature, following the idea of
Ghosh et al[2].

The age of a newly created particle is set to zero and
in each iteration age of every particle is increased by one.
After a maximum age limit (life span, say) each particle
will become less fit and eventually die i.e. deleted from the
swarm. The effective fitness of an individual is defined as a
combined function of its objective functional value and age.
The particles are then subjected to change the positions as
in conventional PSO. The modified algorithm is called as
APSO.

The effectiveness of this concept is demonstrated
through a cluster analysis [4, 7]. Cluster analysis has be-
come an important technique in exploratory data analysis,
pattern recognition, machine learning and other engineering
problems. The clustering algorithms[3, 5, 8]aims at identi-
fying and extracting significant groups in underlying data.
Though PSO can solve the above-mentioned problems but
our proposed APSO solve the problem in a more natural-
istic way, because APSO combines the best attributes of
PSO and the concept of age of the particles. The experi-
mental study show that APSO gives promising results than
conventional PSO. It is also found that the swarm of APSO
maintaining more diversity.

2. Proposed Method: Particles Age

In standard particle swarm optimization (PSO) the
suitability or fitness of particles is determined by their
objective functional value only or sometimes picked up
randomly. On the contrary, in natural swarm optimization
process, age of a particle also plays a key role to determine
its fitness or suitability. To emulate the natural swarm
optimization process more closely the concept of aging of
particles may be introduced in PSOs. As soon as a new
particle is generated in a swarm its age is assumed to be
zero. Every iteration age of each particle is increased by
one. Each particle is assigned a maximum age limit (life
span, say) after which its fitness value (w.r.t. age only)
becomes zero. Effective fitness of a particle is defined
as a combination of its objective functional value and
age and thus changes dynamically. These particles are
then subjected to operations like updation of personal
best and global best based on the velocity as in standard
PSOs. The following pseudocode illustrates the high level
implementation of our proposed scheme.

PSEUDOCODE

1. Randomly initialize the swarm P(t) of particles and
their ages. Compute their objective functional value.

2. Evaluate the effective fitness value of each particle us-
ing its current position and age value.

3. Compare the performance of each particle to its best
performance thus far:
if(fit(f(Pi(t))), g(ai(t))) > pbesti

i)pbesti
= (fit(f(Pi(t))), g(ai(t)));

ii)pbesti
= Pi(t)

4. Compare the performance of each particle to the
global best particle:
if(fit(f(Pi(t))), g(ai(t))) > gbest

i)gbest = (fit(f(Pi(t))), g(ai(t)));
ii)gbest = Pi(t)

5. Change the velocity vector of each particle.
vi(t + 1) = τ ·vi(t) + α · rand() · (ppbesti

− pi(t))
+ β · rand() · (pgbest

− pi(t))
where τ is known as inertia factor. Parameters α and β
are the cognitive and social learning rates respectively

6. Increase age of each particle of the swarm by one, i.e.
ai(t) = ai(t)+1. Move each particle to a new position
pi(t + 1) = pi(t) + vi(t + 1).

7. Increase t = t + 1. If stopping criterion is met, stop,
otherwise go to step 2.

In PSO once a particle becomes more fit, it chances of
closeness to the goal is more until the end of the algorithm
(unlike nature). In the present work, fitness of particles with
respect to age is assigned in such a way that after a pre-
defined upper age limit (number of iterations), its fitness
value becomes zero. This more or less, ensures a weakness
for each particle. Thus, in this case a particular particle
cannot dominate for a longer period of time. This helps to
maintain diversity in the population, which in turn help to
trace changing environment. It can be mentioned here that,
at the onset when the swarm is initialized, age of particles
may be initialized either to one or to any positive value with
an upper limit.

Mathematically, let fi be the functional value of an
individual pi and let its age be ai. Then the effective
fitness of this particle pi may be defined as fit(pi) =
(fit(f(pi(t))), g(ai(t))); where g is a suitable function. In
the present study we have made all the functions to lie in [0,
1].

Let us call the function g(ai) as aging function. Nature
of aging function needs to be investigated thoroughly. For
the present work we have chosen the following trapezoidal
function-which owes its basic intuition to nature where
mainly the middle aged particles are considered more fit
than the young and old ones. Mathematically, the function
can be written as
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ai(x) =





x
l1

if 0 ≤ x ≤ l1
1.0 if l1 ≤ x ≤ l2

1.0− x−l2
u−l2

if l2 ≤ x ≤ u

0.0 otherwise

In this case particles having ages in the range [l1, l2] are
assumed to be the fittest w.r.t age for selection. The function
fit can also be chosen in various ways. For the present work,
we took fit to be the sum of two functions and are defined
as fit(pi) = fi(pi) + g(ai).

3. Cluster Analysis Using APSO

In the context of clustering, a single particle represents
the k-cluster centroids with age ai . That is each particle pi

is constructed as follows: pi = (µi1, µi2, µi3, ..., µik, ai),
where µij represents the jth cluster centriod of ith parti-
cle. Therefore, a swarm represents a number of candidates
clustering for the current data vectors. The fitness of par-
ticles is easily measured as the quantization error and the
corresponding age,

Fitness =

∑k
i=1(

(
∑

∀xi∈cj
d(xi,µj))

abs(cj)
)

k
+ g(ai) (2)

where | cj | is the number of data vectors belongs to clus-
ter and d(., .) represent the Euclidean distance between data
members and of centers of the clusters.

In addition to quantization error function, we have also
taken the following fitness function for cluster analysis.

Fitness =
k∑

i=1

·(
∑

xi∈cj

d(xi, µj) + g(ai)) (3)

3.1. APSO clustering algorithm

The following pseudocode shows the working principle
of our proposed work.

PSEDUCODE-APSO

1. For i = 1 to Pop Size

2. Initialize particle with a cluster centroid and their age.

3. For i = 1 to Max Iteration

4. For each particle i

5. For each data vector x

6. Calculate the Euclidean distance d(x, µj) to all clus-
ter centroids cj . Assign x to cluster cj such that
d(x, µj) = min∀i=1,2..,kd(x, µi).

7. Endfor

8. Calculate the fitness using equation (3). Update the
global best and local best positions. Increase age each
particle by one. Update the cluster centroids using
equations (1).

9. Endfor

10. Endfor

4. Experimental Studies

We conduct numerical experiments to study the effec-
tiveness of the proposed approach APSO. Further, we have
given a comparative performance of our proposed approach
with PSO and k-means. Datasets used are labeled datasets
and are taken from UCI machine repository [1].

4.1. Simulation, results and analysis

This section compares the results of the k-means, PSO
and APSO clustering algorithms. The parameters which are
taken for simulation are τ = 0.75, α = 1.49 and β = 1.5.
We have carried out extensive simulation using known data
set (i.e the data sets used fro supervised tasks) to easy vali-
dation of our results. The algorithms are run for 1000 num-
ber of iterations and the size of the particle is 20. Further,
we have carried out 5 simulations for each datasets. Table 2
gives a comparative study based on the minimization of the
fitness function given in equation number 4.

Table 1. Results obtained from PSO, k-means
and APSO based on the Fitness Function
Represented in Equation 4

Dataset Run FKmeans FPSO FAPSO
IRIS 1 106.5818 97.2038 97.1038

2 102.3124 98.1579 97.1579
3 98.0944 98.1091 97.1091
4 106.5818 97.1091 97.1091
5 97.2091 99.2019 97.1091

WINE 1 1.7322e4 1.7362e4 1.5611e4
2 1.7362e4 1.6556e4 1.5656e4
3 1.5623e4 1.5611e4 1.5611e4
4 1.7362e4 1.5611e4 1.5611e4
5 1.5611e4 1.6311e4 1.5611e4

WBCD 1 8.1015e4 3.9548e3 3.6719e3
2 5.6315e4 5.6315e4 3.0485e3
3 3.9548e4 3.9548e4 3.0487e3
4 5.6315e4 3.9548e4 3.0462e3
5 3.0485e4 3.0485e4 3.0462e3
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For IRIS dataset, the fitness of APSO attains the best
values of 97.1091, whereas the k-means fails to attain this
value in any of its simulation. The fitness of PSO attains
the best value of 97.1091 in simulation 4, but fails to attain
in other simulations. Hence it can be inferred that though
PSO attains the maximum but unable to converge to a single
point. For WINE dataset, most of the times APSO achieve
the best value 1.5611e4, whereas the k-means algorithm at-
tain this value once (i.e. in simulation 5) out 5 simulations.
The fitness of PSO also attains the best value in simulation
3 and 4 but other values are near optimal. In the case of
WBCD, APSO reaches the best value of 3.0462e3 in simu-
lation 4 and 5 and other simulations are very close to the
best value. Whereas k-means and PSO fails to achieve
the best value attains by APSO. But few of the simula-
tions gives closure solution to the best solution obtained by
APSO.

Table 3 summarizes the results obtained from three clus-
tering algorithms based on the quantization error, intra-
cluster distance, and inter-cluster distance. The values re-
ported are averages over 30 simulations, with standard de-
viations to indicate the range of values to which the algo-
rithms converge.

Table 2. Comparisons of k-means, PSO and
APSO Algorithms

Dataset Functions Kmeans PSO APSO
IRIS QError 0.649± 0.774± 0.633±

0.146 0.094 0.143
IntraCD 3.374± 3.489± 3.304±

0.245 0.186 0.204
InterCD 0.887± 0.881± 0.852±

0.091 0.086 0.097
WINE QError 1.139± 1.493± 1.078±

0.125 0.095 0.085
IntraCD 4.202± 4.911± 4.199±

0.223 0.353 0.514
InterCD 1.010± 2.977± 2.799±

0.146 0.241 0.111
WBCD QError 2.009± 2.536± 1.890±

0.054 0.197 0.125
IntraCD 6.599± 7.285± 6.551±

0.332 0.351 0.436
InterCD 1.824± 3.545± 3.335±

0.251 0.204 0.097

For the WINE and IRIS datasets the standard k-means
clustering produce not significant worse quantization er-
ror than the PSO and APSO algorithms. However, for the
WBCD dataset, both k-means and the PSO algorithms are
significantly worse than the APSO algorithm.

When considering inter and intra-cluster distances, the
latter ensures compact clusters with little deviation from
the cluster centroids, while the former ensures larger sep-
aration between the different clusters. In all the three cases
the APSO formed the most compact clusters, whereas PSO
form less compact clusters in comparison to k-means.

5. Conclusion

In this paper, we have presented a new model of PSO
called APSO. The performance of our proposed model is
evaluated by cluster analysis using three real life datasets
from UCI machine repository. Satisfactory results have
demonstrated the effectiveness of the algorithm in discover-
ing structures in data. Further, our proposed APSO is com-
pared against PSO and k-means algorithms, which showed
that APSO is superior to them. Hence, it can be considered
as a viable and an efficient heuristic/method to find optimal
or near optimal solutions to clustering problems of allocat-
ing ’n’ data points to ’k’ clusters. Furthermore, the pro-
posed method is very efficient and simple to implement for
clustering analysis when the number of clusters is known
apriori.
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