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Abstract— This paper introduces the application of Particle
Swarm Optimization (PSO) technique to identify the
parameters of pole-zero plants or infinite impulse response
(IIR) systems. The PSO is one of the evolutionary computing
tools that performs a structured randomized search of an
unknown parameter space by manipulating a population of
parameter estimates to converge to a suitable solution with low
computational complexity. This paper applies this powerful
PSO tool to identify the parameters of standard IIR systems
and compares the results with those obtained using the Genetic
Algorithm (GA). The comparative results reveal that the PSO
shows faster convergence, involves low complexity, yields
minimum MSE level and exhibits superior identification
performance in comparison to its GA counterpart

I. INTRODUCTION

I n recent years, many research activities are underway to
extend the finite impulse response (FIR) filter into the
more general infinite impulse response (IIR) configuration
that offers potential performance improvements and less
computational cost than the equivalent FIR filters[1]. As the
error surface of an adaptive IIR filters is multimodal with
respect to the filter coefficients, the learning algorithms for
IIR filters can easily be stuck at local minima and can not
converge to the global optimum[2]. A few modifications to
gradient decent algorithms exists that can improve the
performance such as adding noise to the gradient calculation
or using the equation error[11] adaptation. Identification of
pole-zero or IIR plants finds extensive applications in
control, instrumentation, acoustic noise and vibration control
and telecommunication. Multi layer perceptron (MLP) has
been used for identification of pole-zero systems[12].
However the MLP is associated with some inherent draw
backs, e.g., multiple local minima problem, the difficulty of
selecting the number of hidden units and the possibility of
over fitting.

In recent past the GA has been employed for multimodal
optimization in adaptive IIR filtering, system identification
and control[3]-[7]. However, the disadvantages of using GA
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are slow convergence and high computational complexity.
Again there are only two key operations i. e. crossover and
mutation involved in GA to overcome the trap situation, but
there is still some possibility that the solution is trapped in
local minima.

The PSO on the other hand is another structured stochastic
search algorithm that has recently gained popularity for
multimodal optimization problems and adaptive IIR
filtering[8]-[10]. The PSO does not use evolution operators
such as crossover and mutation although it shares many
similarities with the GA. The PSO emulates the swarm
behaviour of insects, animal herding, birds flocking and fish
schooling where these swarms search for food in a
collaborative manner. Each member in the swarm adapts its
search patterns by learning from its own experience and
other members’ experiences. Each member in the swarm,
called a particle, represents a potential solution in the search
space. The global optimum is regarded as the location of
food. Each particle has a fitness value and a velocity to
adjust its flying direction according to the best experiences
of the swarm to search for the global optimum.

In this paper we have chosen the PSO as a candidate for
adapting coefficients of the pole-zero systems because it
offers faster convergence during training and it is
computationally involves low complexity as compared to
GA. Performance of the proposed PSO based model is
compared with its GA counterpart by simulating standard
IIR systems. Simulation results exhibit that the PSO based
training of parameters offers better and faster pole-zero
system identification. Rest of the paper is organized as
follows :

Section II discusses the pole-zero identification problem.
Basics of particle swarm optimization is dealts in Section III.
In Section IV the PSO based update algorithm is developed
for IIR system identification. For performance evaluation,
the simulation study is carried and the results are presented
in Section V. Finally, conclusion of the paper is outlined in
Section VI.

II. SYSTEM IDENTIFICATION WITH IIR DIRECT-FORM
REALIZATION

In the system identification configuration, the adaptive
algorithm identifies the pole-zero coefficients of the adaptive
filter such that its input/output relationship matches as close
as that of the unknown system.
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Fig. 1 shows the general block diagram of an adaptive
system identifier where the unknown system or plant is
descried by

x(n

U]
y,(n)= { x(n) (1)
A(g™)
y(n)=y,(n)+v(n) )
where A(q‘l) =1- Z”:aiq"’ and B(qg™") = ﬁ:quif are
i=1 Jj=0
v(n)
Plant
| B(q:]')
Alg™)
Model
| B ()
A(g™,n)
L Adaptive algorithm
using PSO

Fig. 1 Block diagram of an adaptive pole-zero system identifier

co-prime polynomials of the unit delay operator qil, and

x(n)and v(n)are the input signal and the additive

Guassian noise respectively. The adaptive filter is
implemented with the direct form structure described by

N B _l,n
$my =| 24" |y G
A(g~,n)
where,
i, ) A i3 A »
g™ m=1=Y (g™ and Bg'.m= b,
i=l Jj=0
The error is given by e(n) = y(n) — y(n) “)

The PSO is employed in this paper to estimate 4 and B such
that the responses 1(72) and P(n) match as closely as
possible.

III. BASICS OF PARTICLE SWARM OPTIMIZATION

Assume in  the D -dimensional search  space,
i=12,... , N, the i th particle can be described by a vector

as @ X, = (X, X0 ,xiD)T,the velocity of the particle
V, = (Vs Vigseeeenen Vip ) » the best

ith particle arrived is

can be expressed as :
previous position that the
P =(Py»Digseee stD)T’ The best previous position (the
position giving the best fitness value) of the i th particle is

recorded and represented as : P, = (P, Pyyseeee ,pgD)T,
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the biggest velocity is : V= (V1> Vi see-eeer Vi b ),
the dynamic range of the particle
X, = (X Xn s X p )+ then  the  basic

algorithm of PSO can be described as follows :

1) Initialize particle swarm by adopting the position
and the velocity which are created randomly in the
whole search space, and make the particle move in
the whole problem space in a random way.

2) Compute each particle’s fitness value in its current
position X, .

3) Each particle can remember the best position that
itself once has arrived.

4) Each particle can perceive the best position that the
neighbouring particle has arrived already.

5) While changing the velocity, it considers the best
position that itself has once arrived and that the
neighbouring particle has already arrived. The
velocity and the position of each particle is updated
using 5, 6 and 7.

v, =w*v, +C *rand, *(p,, —x,)+

(5)
C, *rand, * (pgd —X;)
% V>V
maxd > Vid max d
Via :{ ©)
“Viaxd > Vid < "Vmaxd
Xig =Xig TV @)

where, d =1,2,......,D; C, and C, are the factor of

acceleration, rand, and rand, are random numbers

between 0 to 1 and the value of inertial weight, w is
to be chosen carefully.

6) If it satisfies the predefined termination condition or
attains the maximum number of iterations, the
computation is terminated, otherwise the algorithm
goes to step -2.

Various studies have shown that under certain conditions the
convergence of the PSO algorithm is guaranteed to a stable
equilibrium point. These conditions include

w>%(C]+C2)—1and0<w<l ®)

IV. PSO BASED POLE-ZERO SYSYTEM IDENTIFICATION
The objective of an adaptive algorithm is to change the filter

weights iteratively so that the squared error, ez(k) is

minimized and subsequently reduced to a minimum. The
updating of the weights of the PSO based model is carried
out using the training rule as outlined in the following steps:
1.K (K>500) number of input signal samples between -0.5
to +0.5 is generated.
2.Each of the input samples is passed through the plant
and then contaminated with additive noise of known
strength. The resultant signal is the desired signal. In
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this way K numbers of desired samples are produced by
feeding all the K input samples.

3.The same K input samples is fed simultaneously to the
model and K numbers of estimated outputs are obtained.

4.Each of the desired output is compared with the
corresponding model output and K errors are produced.

5.The mean square error (MSE) for a given pole-zero
parameters (corresponding to n™ particle) is determined
by using the relation.

.
e
MSE(n) = % This is repeated for M times.
6. Since the objective is to minimize MSE (n), n=1to M
the PSO based optimization method is used.
7. The velocity and position of each bird is updated using
(5) and (7).
8.In each iteration the minimum MSE, MMSE (expressed
in dB) is stored which shows the learning behavior of
adaptive model from iteration to iteration.
9. When the MMSE has reached the pre-specified level the
optimization is stopped.
10. At this step all the particles attains almost the same
positions, which represent the desired coefficients of the
given pole-zero system.

V. SIMULATION STUDY AND DISCUSSIONS

The system identification configuration as shown in Fig. 1 is
used for simulation. The plant is considered as one of the
benchmark pole-zero system, while the adaptive system is an
IIR system of the same order whose coefficients are updated
by using GA and PSO based training. White Guassian noise
with zero mean and unity variance are added at the output of
the plant.

Example -1 : The plant is a second order pole-zero system
taken from [4].
0.05-0.4z"
1-1.1314z7" +0.2527
by +b,z”!

l-a,z7" —a,z™
simulation study are no. of input samples = 1000,
population=80, no. of bits per chromosome=20, probability
of crossover = 0.8, probability of mutation =0.01 and
Wy = Lw,,, =—1. For PSO we use no. of input samples

520, w=0.729, ¢, =1.49445and
¢, =1.49445. The convergence plot for this example for 10,

20 and 30dB SNRs are shown in Figs. 2(a)-2(c). From these
figures it is evident that the PSO provides faster convergence
and achieves better noise floor level in comparison to the
GA counterpart. For 10dB SNR the PSO based training
yields -16dB whereas the GA settles at -5dB. Similarly
for 20dB and 30dB SNRs the PSO based technique settles at
-28dB and -38dB respectively whereas the GA based
method settles only at -12dB and -14dB.

Plant = The model is given by

. For the GA the parameters used in the

= 500, population =
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Fig. 2 Comparison of convergence characteristics for Example-1 between
PSO and GA with different SNR conditions

Example-2 : The third order pole—zero system used in this
example is taken from [4]. The transfer function of the plant

1.2-0.5z7"+0.1z2
140327 =04z 405z

is given by and the model used

is
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by +bz”" +b,z7

. The parameters used for the GA R e
l-a,z"' —a,z% —a,z> T A S bbied A
based approach are no. of input samples = 1000, | "' ' 1 R S N
population=80, no. of bits per chromosome=20, probability |\ a0 [ I et
of crossover = 0.9, probability of mutation =0.01 and [} ~ 1 o
Woae =1.3, W, =—1.3. For PSO we use no. of input g e
samples = 500, population = 240, w =0.729, ¢, =1.55 and ; el T ‘”’3’”3’”’3”’3’”3’”3’”'
= 4 - ey T |

¢, =1.55. Figs. 3(a)-3(c) show the comparison of ) - | I
convergence plots for 10dB, 20dB and 30dB SNRs ) R
respectively. From these plots it is observed that for 10dB, - B e et

20dB and 30dB SNRs the PSO based training settles at I I I B

-25dB, -35dB and -45dB whereas the GA based approach Lo

settles at -10dB, -12dB and -14dB respectively.

No. of Generations

(c) 30dB SNR

Fig. 3 Comparison of convergence characteristics of Example-2 between
PSO and GA with different SNR conditions

Example-3 : The transfer function of a fourth order system
used is taken from [12] and is given by

g (1-0.927)(1+0.81z7) " The model
2 (1-0.71z" +0.25272)(1+0.75z ™ +0.56z7°)
is also of the same order and is given as
-1 -2 -3
bythz +b,2 7 +bZ7  por the GA  based
l-a,z"~a,z% ~a,z" —a,z™*
approach the parameters used are no. of input samples =
O et 1000, population=120, no. of bits per chromosome=60,
probability of crossover = 0.9, probability of mutation =0.01
@) 10dB SNR and w_=13,w,, =-1.3. In PSO various values used
are number of input samples = 500, population =500,
T T T s w=0.729,¢c, =2 and ¢, =2. Figs. 4(a)-4(c) show the
Lo it e ekl GA | convergence characteristics plots for 10dB, 20dB and 30dB
. R SNRs respectively. The PSO based training settles at -22dB,
TR R -32dB and -38dB for given 10dB, 20dB and 30dB SNRs,
b bl Atk bl bl whereas the GA based training settles at -13dB, -22dB and
8 . -18dB respectively.
g | | | | | | 0 T T T T T T T
i Bt el el e B Al A | | | | | [ GA
T T R S S .
) S DU SR N N IR R
40 50 60 70 80 90 100 % : : : : : :
5 OSSO SO O S S
(b) 20dB SNR s oo
4‘0 5‘0 6‘0 7‘0 8‘0 9‘0 100
No. of generations
(a) 10dB SNR
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Table -2
Comparison of CPU time and minimum MSE obtained using GA and
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No. of generation
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Fig. 4 Comparison of convergence characteristics of Example-3 between

Table -1
Comparison of estimated parameters of the systems using GA and PSO
with 30dB SNR

PSO

Type CPU Time in Minimum MSE obtained

of second
plant

GA PSO GA PSO

2" [ 3.4297 | 22358 | 0.0011 | 7.5474x10°
order

34 55050 | 2.0404 | 0.0062 | 7.2921x 10°
order

4™ 9.1883 | 4.0771 0.0050 | 7.3337x 10
order

Table-3
Comparison of no. of squared error evaluation between PSO and GA
Type of Nos. of squared error saving in
plant evaluation evaluation
PSO GA

2" order | 26000000 27446000 144, 6000
3% order | 12000000 26206000 142, 06000
4™ order | 25000000 38798000 137, 98000

Order of Actual Estimated Estimated
the parameters parameters parameters
system using GA using PSO

2 0.05 0.0530 0.0505

-0.4 -0.4894 -0.4011

1.1314 0.9158 1.1295

-0.25 -0.0653 -0.2480

34 1.2 1.2355 1.2008

-0.5 -0.4225 -0.4992

0.1 0.5674 0.1050

-0.3 -0.3277 -0.2998

0.4 0.1216 0.3966

0.5 0.3189 0.4986

4T 1 1.0018 1.0014

-0.9 -0.6291 -0.8993

0.81 0.7273 0.8097

-0.729 -0.5838 -0.7273

0.23 0.0125 0.2294

-0.433 -0.5305 -0.4326

0.339 0.2635 0.3382

-0.5184 -0.4237 -0.5184
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It is observed that in all three examples the PSO based
training outperforms the GA both in terms of rate of
convergence and residual mean squared error.

The estimated parameters using PSO and GA algorithms for
all the three pole-zero systems are given in the Table -1. The
values obtained by the PSO based approach are more
accurate in comparison to those obtained using GA. The
minimum MSE obtained and CPU time shown in Table-2
are observed to be lower in case of PSO based technique
than the GA counterpart. Table-3 shows the number of times
the error square to be evaluated to obtain the minimum MSE
using PSO and GA algorithms. It is evident from this table
that in case of PSO based approach the numbers of
evaluation is also less in all cases in comparison to its GA
counterpart. From all these observations it is clear that the
PSO based training is much faster and more accurately
estimates the pole-zero coefficients in comparison to its GA
counterpart.

VI. CONCLUSION

In this paper we have demonstrated how the PSO can be
used to train the pole-zero parameters of various IIR plants.
Computer simulation results reveal that the proposed
approach is robust and offers faster training compared to that
obtained by the conventional GA based method. Further the
proposed method is promising and efficient in the sense that
it requires less computation and estimates the IIR
coefficients more accurately than its GA based counterpart.
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