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Abstract—An improved hybrid particle swarm optimization
(PSO) that incorporates a wavelet-based mutation operation is
proposed. It applies wavelet theory to enhance PSO in
exploring solution spaces more effectively for better solutions.
A suite of benchmark test functions and an application example
on tuning an associative-memory neural network are employed
to evaluate the performance of the proposed method. It is
shown empirically that the proposed method outperforms
significantly the existing methods in terms of convergence speed,
solution quality and solution stability.

[. INTRODUCTION

Particle swarm optimization (PSO) is a recently proposed
population based stochastic optimization algorithm, which is
inspired by the social behaviours of animals like fish
schooling and bird flocking [6]. Comparing with other
population based stochastic optimization methods, such as the
evolutionary algorithms, PSO has comparable or even
superior search performance for many hard optimization
problems with faster and more stable convergence rates [7].
However, observations reveal that PSO converges sharply in
the earlier stages of the searching process, but it saturates or
even terminates in the later stages. It behaves like the
traditional local searching methods that trap in local optima.
It is hard to obtain any significant improvements by
examining neighbouring solutions in the later stages of the
search. Vaessens ef al. [11] and Reeves [14] put this
searching method into the context of local search or
neighbourhood search.

Ahmed et al. [1] proposed a hybrid PSO with the
integration of GA’s mutation with a constant mutating space.
In this approach, particles can follow different directions by
themselves, and local element of particles can be permutated.
The solution space can still be explored in the later stage of
the search by the mutation operation, and pre-mature

Manuscript received March 15, 2007.

S.H. Ling is with School of Electrical, Electronic and Computer Engg,
University of Western Australia, WA6009, Australia (phone:
61-8-64881592; fax: 61-8-64881065; e-mail: steve@ee.uwa.edu.au).

C.W. Yeung is with the Centre for Signal Processing, Dept. of Electronic
and Information Engg., The Hong Kong Polytechnic University, Hung Ham,
Hong Kong (e-mail: encwy@ eie.polyu.edu.hk).

K.Y. Chan is with Dept. of Industrial and System Engineering, The Hong
Kong Polytechnic University, Hung Ham, Hong Kong (e-mail:
chankityan18112005@ yahoo.com).

H.H.C. Iu is with School of Electrical, Electronic and Computer Engg,
University of Western Australia, WAG6009, Australia (e-mail:
herbert@ee.uwa.edu.au).

F.H.F. Leung is with the Centre for Signal Processing, Dept. of Electronic
and Information Engg., The Hong Kong Polytechnic University, Hung Ham,
Hong Kong. (e-mail: enfrank@inet.polyu.edu.hk).

1-4244-1340-0/07$25.00 ©2007 IEEE

convergence is more likely to be avoided. However, in that
approach, the mutating space is kept unchanged all the time
throughout the search; so, the space of permutation of
particles in PSO is also unchanged. It can be further
improved by varying the mutating space along the search.

On doing GA’s mutation operation, the solution space is
more likely to be explored in the early stage of the search by
setting a larger mutating space, and it is more likely to be fine
tuned to a better solution in the later stage of the search by
setting a smaller mutating space, based on the properties of
wavelet [2]. This technique can also be applied to improve
the hybrid PSO with GA’s mutation. A mutation with a
dynamic mutating space by incorporating the wavelet
function [2] is proposed. The wavelet is a tool to model
seismic signals by combining dilations and translations of a
simple, oscillatory function (mother wavelet) of a finite
duration. The PSO’s mutating space is varying dynamically
based on the properties of the wavelet function. The resulting
mutation operation aids the hybrid PSO to perform more
efficiently and provide a faster convergence than the standard
or other hybrid PSOs [9][1] in solving a suite of 8 benchmark
test functions. In addition, it achieves better and more stable
solution quality. An application example on tuning an
associative-memory neural network is given to show the
improved performance of the proposed hybrid PSO.

This paper is organized as follows. Section II presents the
operation of the hybrid PSO with wavelet mutation.
Experimental studies and analysis are given in Section IIL
Eight benchmark test functions are used to evaluate the
performance of the proposed method. The application
example of tuning an associative-memory neural network is
given in Section IV. A conclusion will be drawn in Section
V.

II. HYBRID PSO WITH WAVELET MUTATION

PSO is a novel optimization method developed by
Eberhart et al. [6-7]. It models the processes of the
sociological behaviour of bird flocking, and is one of the
important evolutionary computation techniques. Within a
number of particles that constitute a swarm, each particle
traverses the search space looking for the global optimum.
The standard PSO (SPSO) process is shown in Fig.1. In this
paper, a hybrid PSO with wavelet mutation (WPSO) is
proposed and shown in Fig. 2. The details of both SPSO and
WPSO will be discussed as follows.

A. Standard particle swarm optimization (SPSO)
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In Fig.1, X(¢) denotes a swarm at the #-th iteration. Each
particle x”(¢)e X(f) contains x elements xy (t)e x"(¢) at
the #-th iteration, where p=1,2,..., y andj=1,2,..., k. ¥
denotes the number of particles in the swarm. First, particles
of the swarm are initialized and then evaluated by a defined
fitness values. The objective of SPSO is to minimize the
fitness value (cost value) of a particle through iterative steps.
The swarm evolves from iteration ¢ to ¢ +1 by repeating the
procedures as given in Fig. 1. The SPSO operations are
discussed as follows:

The velocity v/ (t) (corresponding to the flight speed in a

search space) and the coordinate x/ (t) of the j-th element of
the p-th particle at the #-th generation can be calculated using
the following formulas [12]:

v? (t) =k- (W- v_;" (t - 1)+ - rand())- (pbestj — x_f (t - 1))

J

+, ~mnd()~(gbestj —x;’(t—l)) M
xf(t):xf(t—l)+vf(t) )
where

pbest = [ pbest,  pbest, ... pbeslx]

ghbest= [gbest1 gbest, ... gbestk.]

j=12,.., k.

The best previous position of a particle is recorded and
represented as pbest; the position of the best particle among
all the particles is represented as gbest; w is an inertia weight
factor; ¢, and ¢, areacceleration constants; rand() returns a
uniformly random number in the range of [0,1]; &k is a
constriction factor derived from the stability analysis of
equation (2) to ensure the system converges but not
prematurely [5]. Mathematically, & is a function of ¢, and

@, as reflected in the following equation:

[P S 3)

‘2—¢—V¢2—4¢
where ¢=¢, +¢,and p>4.

SPSO utilizes pbest and gbest to modify the current search
point to avoid the particles moving in the same direction, but
to converge gradually toward pbest and gbest. A suitable
selection of the inertia weight w provides a balance between
the global and local explorations. Generally, w can be
dynamically set with the following equation [7]:

w, — Whi
= — max min X[ 4
=g~ e )
where ¢ is the current iteration number, 7 is the total number
of iteration, w,,, and w,;, are the upper and lower limits of

the inertia weight, and are set to 1.2 and 0.1 respectively in
this paper.

In (1), the particle velocity is limited by a maximum
value v The parameter v,,,, determines the resolution of

max n

max *
regions between the present position and the target position to
be searched. This limit enhances the local exploration of the
problem space, and it realistically depicts the incremental
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changes of human learning. If v is too high, particles

might fly past good solutions. If v__ is too small, particles

may not explore sufficiently beyond local solutions. From
many experiments with PSO, v was often set at 10% —

max

20% of the dynamic range of the variables on each dimension.

begin
t—0 // iteration number
Initialize X(f)  // X(¢): Swarm for iteration ¢

Evaluate f{X(?)) // f{-): fitness function
while (not termination condition) do
begin
t—t+1
// Process of SPSO //
Update velocity v(#) and position of each
particle x() based on (1) and (2) respectively
ifv(O)>Van
V(t): Vimax
end
if V() <V
V(t): ~ Vimax
end
// End of the process of SPSO //
Reproduce a new X(7)
Evaluate f{X(¢))
end
end

Fig. 1. Pseudo code for SPSO.

B. Hybrid Particle swarm optimization with Wavelet
Mutation Operation (WPSO)

From our observation, SPSO [9] works well in the early
iteration stage, but it usually presents problems on reaching
the near-optimal solution. The behaviour of the SPSO is
affected by some important aspects related to the velocity
update. If a particle’s current position coincides with the
global best position, the particle will only move away from
this point if its inertia weight and velocity are different from
zero. Iftheir velocities are very close to zero, all the particles
will stop moving once they catch up with the global best
particle, which may lead to a premature convergence and no
further improvement can be obtained. This phenomenon is
known as stagnation [4].

Ahmed et al. [1] proposed to integrate GAs’ mutation
operation into PSO, which aids to overcome stagnation. Here,
we called this hybrid PSO as APSO. The mutation operation
starts with a randomly chosen particle in the swarm and
moves to different positions inside the search area. The
following mutation operation is used in APSO:
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mut(xj):x/—a) )
where x, is a randomly chosen particle element from the

swarm, and @ is a number randomly generated within the
range lO, 0.1><(paraj - para’

max min

representing 10% of the

and para’  are the

min

length of the search space. para’

upper and lower boundaries of each particle element. The
pseudo code for the hybrid PSO with the mutation operation
is shown in Fig. 2, in which the mutation on particles will
perform after updating the velocities and positions of the
particles. It can also be seen from Fig. 1 and Fig. 2 that the
two PSO methods are identical except the mutation operation
has been integrated in the second method.

However, it can be noticed from (5) that the mutation space
in APSO is limited by @so that only 10% of the range of the
parameter x; (i.e.0.1x (para/ - para,{,in)) can be introduced

as mutation at most. It may not be a good approach to fix the
mutation space throughout the whole time of searching. It
can be improved by employing a dynamic mutation operation
in which the size of the mutation space varies during the
search. We propose a wavelet mutation that varies the
mutation space’s size based on the wavelet theory. This
results in a wavelet mutation based hybrid PSO (WPSO). The
WPSO is identical to APSO except the wavelet mutation
operation is used, which is discussed in the following
sub-section.

C. Wavelet Mutation
1. Wavelet theory

Certain seismic signals can be modelled by combining
translations and dilations of an oscillatory function with a
finite duration called a “wavelet”. A continuous-time
function y(x) is called a “mother wavelet” or “wavelet” if it

satisfies the following properties:
Property 1:

+o00

[ Twtoar=o ©)
In other words, the total positive momentum of /(x) is equal
to the total negative momentum of y/(x).

Property 2:

[Tpeofax<e )

where most of the energy in w(x) is confined to a finite

duration and bounded. The Morlet wavelet (as shown in Fig.
3) [2] is an example mother wavelet:

wlx)= ¥ cos(5x) ®)
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begin
t—0 // iteration number
Initialize X(f)  // X(¢): Swarm for iteration ¢
Evaluate f{X(7)) // f{(*): fitness function
while (not termination condition) do
begin
t—t+1
Perform the process of PSO (shown in Fig. 1)
Perform mutation operation
Reproduce a new X(7)
Evaluate f{X(¢))
end
end

Fig. 2 Pseudo code for hybrid PSO with mutation operation

Fig. 3 Morlet wavelet.

The Morlet wavelet integrates to zero (Property 1). Over
99% of the total energy of the function is contained in the
interval of —2.5 < x <2.5 (Property 2).

In order to control the magnitude and the position of w(x),

a function ¥, , (x) is defined as follows.
1 x—=b
Vap(¥) = 7,/,( j ©)
b \/; a

where a is the dilation parameter and b is the translation
parameter. Notice that

Wio(x) =plx). (10)
As

1
Wao(x)= ﬁw[ﬁj )

it follows that ¥, o(x) is an amplitude-scaled version of
w(x). Fig. 4 shows different dilations of the Morlet wavelet.
The amplitude of 7, ((x) will be scaled down as the dilation

parameter a increases. This property is used to do the
mutation operation in order to enhance the searching
performance.
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Fig. 4 Morlet wavelet dilated by different values of the parameter a (x-axis:
X, y-axis: y,_(x) -)

2. Operation of wavelet mutation

The mutation operation is used to mutate the elements of
particles. In general, various methods like uniform mutation
or non-uniform mutation [8, 10] can be employed to realize
the mutation operation. The proposed wavelet mutation
(WM) operation exhibits a fine-tuning ability. The details of
the operation are as follows. Every particle of the swarm will
have a chance to mutate governed by a probability of
mutation, 4, € [0 1], which is defined by the user. For each
particle, a random number between 0 and 1 will be generated
such that if it is less than or equal to 4, , the mutation will

take place on that element of particle. For instance, if

(0=l @) ()

2

,xP (t)] is the selected p-th
particle and the element of particle x/ (t) is randomly selected

for mutation (the value of x?(f) is inside

J

[ paral-ﬁ;in, parai’;lax 1), the resulting particle is given

byx? ()= 71 ®2(+1). oo F2e+1)] | where

e 1,2,... k, k denotes the dimension of a particle and

o ()= xjj (£)+ox (para,{lax —xj’-’.(t)) .ifO' > 0, a2
xP(e)+ O'X(xf(t)—parai;m) if 0<0

O=¥,0(®) (13)

Lol

By using the Morlet wavelet in (8) as the mother wavelet,

o= Le’[g/z CO{S( cojj

a a

(15)

If o is positive (o >0 ) approaching 1, the mutated element
of the particle will tend to the maximum value of x? (t)

Conversely, when o is negative (o <0) approaching —1,

1980

the mutated element of the particle will tend to the minimum

value of xf (t) A larger value of ‘o" gives a larger searching

space for x?¥ (t). When ‘o" is small, it gives a smaller

searching space for fine-tuning. Referring to Property 1 of
the wavelet, the total positive momentum of the mother
wavelet is equal to the total negative momentum of the
mother wavelet. Then, the sum of the positive ¢ is equal to
the sum of the negative 0 when the number of samples is
large and ¢ is randomly generated. That is,

1
— > o0=0for N>, 16

where N is the number of samples.

Hence, the overall positive mutation and the overall negative
mutation throughout the evolution are nearly the same. This
property gives better solution stability (smaller standard
deviation of the solution values upon many trials). As over
99% of the total energy of the mother wavelet function is
contained in the interval [-2.5, 2.5], ¢ can be generated from
[-2.5,2.5]%a randomly. The value of the dilation parameter
a is set to vary with the value of ¢/T in order to meet the
fine-tuning purpose, where T is the total number of iteration
and ¢ is the current number of iteration. In order to perform a
local search when ¢ is large, the value of a should increase
as t/T increases so as to reduce the significance of the
mutation. Hence, a monotonic increasing function governing
a and ¢/T is proposed as follows.

71n(g)x[1fi]§”'" +ine)
a=e r a7
where (', is the shape parameter of the monotonic
increasing function, g is the upper limit of the parameter a.
The effects of the various values of the shape parameter ¢,
to a with respect to 7/T are shown in Fig. 5. In this figure,
g is set as 10000. Thus, the value of a is between 1 and
10000. Referring to (15), the maximum value of ¢ is 1 when

the random number of ¢ =0 and a=1(¢/T = 0). Then,
referring to (12), the offspring particle element fc]’-’ (t)z
x;’ (t)+ 1x (parar{mx

large search space for the mutated particle element is given.
When the value #/T is near to 1, the value of a is so large

—xj.’ (t)) = paralfm . It ensures that a

that the maximum value of o will become very small. For
example, at #/T=0.9 and ¢, =1, the dilation parameter a =
400; if the random value of @ is zero, the value of o will be
equal to 0.0158.
With )?f (t)= x? (t)+ 0.0158><(para,{]ax -x? (t)) , a smaller
searching space for the mutated particles element is given for
fine-tuning.

After the operation of wavelet mutation, a new swarm is

generated. This new swarm will repeat the same process.
Such an iterative process will be terminated when a defined

2007 IEEE Congress on Evolutionary Computation (CEC 2007)
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number of iteration is met.
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Fig. 5 Effect of the shape parameter | to a with respect to t/T .

III. BENCHMARK TEST FUNCTIONS AND RESULTS

A. Benchmark test functions

A suit of eight benchmark test functions [13] are used to test
the performance of the WPSO. Many different kinds of
optimization problems are covered by these benchmark test
functions. The benchmark test functions can be divided into
three categories: the first is the category of unimodal
functions, which are functions with a single minimum; £} to f;
are unimodal functions. The second is the category of
multimodal functions with a few local minima; f; and fs
belong to this category. The last is the category of
multimodal function with many local minima; f; to fs belong
to this category. The details of these functions are given in
Table I.

B. Experimental Setup

The performance of SPSO [9], APSO [1] and the proposed
WPSO on solving the benchmark functions is evaluated.

The following simulation conditions are used:
e The shape parameter of the wavelet mutation
(&, ): It is chosen by trial and error through

experiments for good performance for all functions.
(& =2 for fi-f» and fs-fs, ¢, =0.2 for f;, and
&\ =1.5 for f2)

e The acceleration constant ¢, : 2.05

e The acceleration constant ¢, : 2.05

e Maximum velocity v, : 0.2

e Swarm size: 30

e Number of runs: 50

e Probability of mutation ( p,, ): It is chosen by trial
and error through experiments for good performance
for all functions. ( p,,=0.2 for f; and f5, p,, =0.5 for

Jof)
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e Initial population: it is generated uniformly at
random

C. Results and Analysis

In this section, the simulation results for the 8 benchmark test
functions are given to show the performance of the WPSO.
The experimental result in terms of the mean cost value, best
cost value, standard deviation and convergence rate are
summarized in Table III and Fig. 6.

1. Unimodal function

Function f; is a sphere model, which is a smooth and
symmetric. The main use of this function is to measure the
convergence rate of a searching. It is probably the most
widely used test function for searching algorithms. For this
function, the results in terms of the mean cost value and the
best cost value of WPSO are much better than those of the
other two methods. Comparing WPSO to APSO, the mean
cost value is almost 150 times better. Still, the standard
deviation is much smaller, which means the search solutions
are more stable. From Fig. 6(a), the convergence rate of
WPSO is seen to be faster than that of APSO and SPSO.

For function f;, which is a quadratic function padded with
noise, the difficulty for searching the minimum value is high
since the function would not return the same value at the same
point. From Fig. 6(b), it is clearly shown that the WPSO and
the SPSO have a better convergence rate. Although the
results of these 2 PSO methods do not show a significant
difference, the WPSO can give the best result as compared
with others.

Function f; is associated with the Schwefel’s problem 2.21.
From the table, although the best cost value of the WPSO is a
little bit worse than that of the APSO, the mean cost value and
the standard derivation of the WPSO are the best. Thus, the
WPSO gives a better solution quality and stability.

2. Multimodal function with a few local minima

For function fi, which is a multimodal function with only a
few local minima, different results from the proposed
methods are obtained. According to Fig. 6, although the
convergence rate of the WPSO is slower than that of the
APSO and the SPSO, the WPSO can provide better results in
terms of cost value and standard deviation.

Function fs renders no significant difference among the
three PSO methods. They all reach or get near to the global
optimum, but the WPSO still provides the smallest standard
deviation.

3. Multimodal function with many local minima

Functions f; to fg are multimodal function with many local
minima. For function f, it can be seen clearly from Fig. 6 that
if the mutation operation is not adopted, the searching is
casily trapped at some local minimum. From the result
obtained, the mean cost value, the best cost value and the
standard deviation of the WPSO are better than those of the
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APSO; that mean the WPSO can provide more stable and
higher quality results.

Function f; exhibits similar results as those of function f.
From Fig. 6, it can be seen that the trend of the curve of the
three methods are quite similar; however after 600 times of
iteration, the WPSO shows a good searching ability.

For function f;, it is clearly shown that the searching ability
of the three algorithms is quite different. From Fig. 6, it can
be seen that they behave similarly at the first 400 times of
iteration, but are trapped in some minima afterwards. Still,
the WPSO gives the best result. The mean cost value of the
WPSO is almost 30000 times better than that of the APSO,
and the standard deviation offered by the WPSO is much
smaller than the others.

4. T-test

The #-test is a statistical method to evaluate the significant
difference between two algorithms. The z-value will be
positive if the first algorithm is better than the second, and
negative if it is poorer. The tz-value is defined as follows:

a2 — a1

P 7l N (18)

e
+
E+1 E+1

where &, and &, are the mean value of the first method and

the second method respectively; o, and o, are the standard

deviations of the first method and the second method
respectively; & is the degree of freedom. When the #-value is

higher than 2.15 (& = 49), there is a significant difference

between the two algorithms with a 98% confident level. The
relevant ¢-values are shown in Table II, which shows that
nearly all #-values are higher than 2.15. Therefore, the
performance of WPSO is significantly better than the other
PSO methods with a 98% confident level.

IV. PSO WITH WM FOR NEURAL NETWORK TRAINING

An application example on tuning a neural network (linear
auto-associative memory) [15] is given in this section. The
linear auto-associative memory, which maps its input vector
into itself, has ten inputs and ten outputs. Thus, the desired
output vector is its input vector. 50 input vectors are used for
the learning. The linear auto-associative memory is given by:

10
ve6)=Xwyz, (), k=1,2,..,10 (19)
j=1

where z(£)=[z,(f) ... z1o(¢)] is the input vector and wy is the
weight of the link between the input and the output. The
objective is to minimize the mean square error (MSE), which

is defined as follows:
10 50

2.2z (0)- 2. (0)f
MSE = 4.1
10x50

The basic setting of the PSO parameters is the same as that
in Section III. The initial range of the weight wy is between

(20)

1982

—2 and 2. The number of iteration is set at 1000. Probability
of mutation ( p,, ) and the shape parameter of the wavelet

mutation (¢

experimental results are tabulated in Table IV, and the
comparison between different PSOs is shown in Fig. 7. The
table shows that the mean cost value, best cost value and
standard deviation offered by the WPSO are the smallest.
Also the #-values of WPSO to APSO, and of WPSO to SPSO
are 3.64 and 11.79 respectively, which are higher than 2.15.
Thus WPSO is significantly better than both APSO and
WPSO with a 98% confident level. From these results, the
proposed WPSO is good for training associative memory.

) are set at 0.5 and 2 respectively. The

wm
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Fig. 6 Comparisons between different PSO methods for f; to fs.
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V. CONCLUSION

In this paper, we proposed a new hybrid PSO with wavelet
mutation. The wavelet theory is applied to the mutation

TABLE I. BENCHMARK TEST FUNCTIONS operation so that the PSO can explore the solution space more
) ) Optimal effectively on reaching the search solution. Simulation
Test function Domain range . .
point results have shown that the proposed wavelet mutation based
/ (x)zix,? -50< x, < 150 =0 hybrid PSO is a useful optimization method. Thanks Fo the
=l properties of the wavelet, the convergence to global optimum
fz(x):iix:‘ + random([0,1) -1.28<x; £2.56 £0)=0 and the stability of the solution quality are improved. On
A ! — =% testing a suite of benchmark functions and tuning the
filx)=maxiix |1<i<30) —150<x; <50 f0)=0 parameters of a neural network, the WPSO exhibits better
fa(0.1928 results than the APSO and SPSO. Also, a faster convergence
2 0.1928 0.1231 . :
f;,(X)=i{a, B ?(bf +hx,) } S<x <5 01358 speed can be achieved by the WPSO in general.
P b +bixy +x, =0.0003075
TABLE III: COMPARISON BETWEEN DIFFERENT PSO METHODS FOR
/50114, DIFFERENT FUNCTIONS. ALL RESULTS ARE AVERAGED ONES OVER 50 RUNS
R oy 0556, 0.852) £ (x1077), number of iteration: 1000
A= °X’{ 2k p”)} 0y =l ~3.8628 WPSO APSO SPSO
Mean 2.8608 328.173 30152x10’
an?(z3e) Best 0.81486 57.7915 15000x10’
» Std Dev 1.6948 213.7089 7324x107
700=014+ 3, ~1P -+ sin® G, )]
i=1 _ - = T "
+ (g~ P+ sin* (20 )] -50<x; <50 fs(h=0 £ (x107%), number of iteration: 1000
WPSO APSO SPSO
+ > u(x;,5,100,4) Mean 1.1275 1.4616 7580.1
m Best 0.5892 0.5951 1.0182
£,(x)= 3|2 ~ 10cos(27x,)+ 10] —-5.12<x; <1024 f7(0)=0 Std Dev 0.3873 0.4222 6102.2
i=1
fi(x)= 7206;;;{7 02 %f“x,ﬁ J WP;‘Z)(XIO']), number[;)lfétgation: 1000 -
i=l
—64<x; <32 0)=0
| Y A® Mean 4.3048 73.4740 227.638
*“p[@;““’“r]”"” Best 2.6381 1.9197 24.1125
Std Dev 0.9796 174.03476 225384

TABLE II. T-VALUE OF WPSO TO THE OTHER PSO METHODS 7 (xlO'l), umber of iteration: 1000

Functions t-value of WPSO to t-value of WPSO to WPSO APSO SPSO
APSO SPSO Mean 2.7059 6.7076 7.9826
fi 10.76 29.11 Best 0.5056 0.6854 0.4682
I3 a2 378 Std Dev 59618 9.0324 9.0317
f 2.81 7.01
fa 261 3.45 £+ (x10%), number of iteration: 100
7 NA 330 WPSO APSO SPSO
I 137 537 Mean -3.8628 3.8628 -3.8614
I 511 10.10 Best -3.8628 -3.8628 -3.8628
% 219 279 Std Dev 4.0867x10™"° 2.9870x10” 3.0140x10°
‘ . ‘ ‘ S ‘ ‘ f5 (x10™), number of iteration: 1000
WPSO APSO SPSO
Mean 2.2945 23.3635 26666529
Best 0.03287 5.5488 8376.2988
Std Dev 15.539 30.3876 35138848.8

f; (x10"), number of iteration :1000

3 WPSO APSO SPSO
3 Mean 4.5550 7.7107 13.2319
° Best 1.3990 1.4266 3.5107
Std Dev 2.1928 3.7735 5.6646
10— wrso & (x107), number of iteration :1500
——— APSO WPSO APSO SPSO
, SPSO_ ‘ ' ' ) ‘ ‘ ‘ Mean 0.5825 16006 31260
00 10 200 a0 400 500 600 700 800 900 1000 Best 0.2195 4.9647 336.21

iteration Std Dev 0.1509 51803 46185
Fig. 7. Comparisons between different PSO methods for tuning a linear
auto-associative memory (neural network).

TABLE IV: COMPARISON BETWEEN DIFFERENT PSO METHODS FOR TUNING
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A LINEAR AUTO-ASSOCIATIVE MEMORY (NEURAL NETWORK). ALL

RESULTS ARE AVERAGED ONES OVER 50 RUNS

(xlO'('), number of iteration :1000
WPSO APSO SPSO
Mean 0.6725 2.2726 61246.0
Best 0.0320 0.0534 8308.11
Std Dev 1.1459 2.8936 36721.0
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