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Study of Intelligent Optimization Methods
Applied 1n the Fractional Fourier Transform

Wei Hongkai, Cai Zhiming, Wang Pingbo and Fu Yinfeng

Abstract—In order to overcome the inefficiency shortcoming
of traditional step-based searching method for extremum
seeking in two-dimensional fractional Fourier domain, some
typical intelligent optimization methods such as genetic
algorithms, continuous ant colony algorithm, particle swarm
optimization and chaos optimization method are introduced
and applied successfully in fractional Fourier transform. To
accelerate the convergence further, three optimization methods
containing two improved chaos optimization methods and
another hybrid method combing chaos optimization and
Quasi-Newton method are proposed. The performances of the
proposed optimization methods are verified by comparing with
step-based method and other intelligent optimization methods
based on simulation. Results show that the presented hybrid
optimization algorithm is much more preferable considering
computation efficiency, precision and resolution in all the above
mentioned optimization methods.

Index Terms—the fractional Fourier transform; genetic
algorithms; continuous ant colony algorithm; particle swarm
optimization; chaos optimization algorithm; Quasi-Newton
algorithm; extremum seeking

I. INTRODUCTION

Traditional Fourier transform, which is used to deal with
stationary signals, can’t demonstrate the time-variation
characteristic of non-stationary signals. And the fractional
Fourier transform (FRFT) ['M?! is developed recently to
resolve the problem of Fourier transform. As one kind of
non-stationary signals, linear frequency modulation (LFM)
signal is widely used in radar, sonar and communication
systems. So how to detect LFM echo signal degraded by
noise is an important question and attracting more and more
attention P11 FRFT is suitable for dealing with chirp signal
due to its orthonormal chirped basis. LFM signal can be
concentrated in the proper fractional Fourier domain. Usually
the detection and parameter estimation of LFM signal is
accomplished by step-based searching method ¥ in
two-dimensional fractional Fourier domain using this
concentrated characteristic. But the step-based seeking
method is poor efficient especially when the precision is
highly expected. It is significative and necessary extremely to
develop some other optimization methods to decrease the
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time-cost of classical step-based searching method in
fractional Fourier domain.

It shows that LFM signal transformed with FRFT may
appear some different peak values in fractional Fourier
domain but only the maximum of them conformable with
LFM signal need to be found out. Intelligent optimization
methods ') such as genetic algorithms (GA), continuous
ant colony algorithm (CACA), particle swarm optimization
(PSO) and chaos optimization method (COA) are heuristic
global searching techniques. In this paper, the intelligent
optimization methods are introduced and applied to the
problem of searching maximum value in two-dimension
fractional Fourier domain. Some computation results show
that the COA takes less iterative numbers than the former
three global optimization methods in continuous function
optimization problems !'*!. But the traditional COA has the
deficiency of costing much time to get the maximum value at
the late process of iteration, which affects the rapidity of
convergence. To overcome this limitation the two improved
chaos optimization methods and another three hybrid
algorithm combing COA and Quasi-Newton method are
presented and compared with step-based searching method
and the former intelligent optimization methods. Simulation
results show that the performances of the three proposed
optimization methods are better than that of the other five
optimization methods and it seems that the proposed hybrid
optimization method has the best performance in all the
above mentioned optimization methods. This paper is
organized as followed: The mathematical description of the
fractional Fourier domain optimization problem is given in
Section II. Intelligent optimization methods applied in
fractional Fourier domain are introduced and summarized in
Section III. Three proposed optimization methods based on
COA is presented in Section IV in detail. Some simulation
results are described and analyzed in Section V. conclusions
are given in Section VI.

II. PROBLEM DSECRIPTION

The fractional Fourier transform of signal x(t) is defined
as:

X, ()= j: K, (u,0)x(t)dt
+oo . 2 2 (1)
— J: Aaem(u cotr—2ut csc+t cota)x(t)dt

where:
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The kernel of FRFT approaches K (u,t)=06(u—t) for
p=0and K (u,t)=06(u+t) forp==2.

In practice, signal x(t) is always represented in a series of
discrete values after sampling and A/D transformation.
Corresponding, the fast discrete fractional Fourier transform
algorithm is described as:

2
2uncsca n” cotar
4

Xp(u): i 3 ei;{u%eta- 2Ar (zAxfjx(i) A3)

n=-N

So the optimization problem of Extremum Seeking for
LFM signal in fractional Fourier domain can de expressed as
following:

Look for proper (p,,u,) to make the target function

S(p,u)= X, (u) | maximum. That is:

(Pyu,) =argmax (| X, (u)[*) )

(p.u)

We can see from (3) and (4) that the fractional domain
optimization target function is multi-dimensional and
non-linear exponential complicated function. Moreover, the
discrete signals especially LFM signal transformed by FRFT,
the target function is non-convex, and as a result, many local
peak values may exist besides the global maximum value in
fractional Fourier plane, which increases the difficulty of
Extremum searching further.

III. INTELLIGENT OPTIMIZATION METHODS

A. Genetic Algorithms (GA)

Genetic Algorithms is a population-based approach widely
used to the solution of different optimization problems. The
basic idea of GA approach arises from the thought of
evolution and the diagram of GA is illustrated in Fig. 1.

Encoding and Parameter
initialization

Compute the fitness value
of individuals

Select parent individuals
according to roulette
wheel principle

!

Get next generation using
crossover and mutation,
increment k by 1

k<K
K: maximum
interative number

fitness value
keep invariability
several times

No - -
Decoding and choise the
maximun fitness value

as the output

Figure 1. Diagram of genetic algorithm

B. Continuous Ant Colony Algorithm (CACA)

Continuous Ant Colony Algorithm is developed from the
basic Ant Colony Algorithm to solve the problem of
continuous function optimization. Each ant release
pheromone proportion to function value in the process of
searching. Ant adjusts its behavior by pheromone and is
prone to select the position exists more pheromone. The
outline of CACA is given below:

(1) Set maximum iterative number K, pheromone, and
select several feasible solutions randomly as initialized ants.

(2) Compute the function value of each ant and update
local and global pheromone.

(3) Ants select next solution according to pheromone
information.

(4) Termination criterion: if k<K, then k=k+1 and go back
to (2). Otherwise, stop.

C. Particle Swarm Optimization (PSO)

Particle Swarm Optimization, inspired by the social
behavior of swarms of birds and fish schools, is one of the
artificial lives or multiple agents’ type techniques. PSO
exploits a swarm of particles probing promising regions of
the D-dimension search space with adaptable velocity. Each
particle changes its position according to the best position it
encountered and the best position attained by all particles.
The update formula of velocity and position is stated by (5)
and (6):

Vit =wyl +ealp —x)+eb(p,—x) (5

k+1 k k+1

x T =x 4+ (6)
1 13 1

where:

v,.k : Velocity vector of particle i at iteration .
vl.k+l : Modified velocity of particle i at next iteration k+1.

x,.k : Positioning vector of particle i at iteration .

a , b : Random number between 0 and 1.
p, : Best position found by particle i

D, : Best position found by particle swarm separately.
¢,,C, : Positive constants.

w, : Weight function for velocity of particle i.

xl.k+1 : modified position of particle 7 at next iteration k+1.

D. Chaos Optimization Algorithm(COA)

Chaos is an universal phenomenon occurs in non-linear
and deterministic systems. And chaotic motion has the
feature of ergodicity that is Chaotic movement can go
through all the sates of a certain space. The chaos
optimization method proposed by Li and Wang !"* hunts the
feasible solution based on the ergodicity characteristic of
chaotic variant. The schedule of COA is demonstrated as
followings:

Step 1) Produce chaotic sequences using chaotic evolution
equation (7). Note that the interval of chaotic sequences is
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between 0 and 1.

Vo =My, (1=y))
n

=1, 2, . @)
0<y <1

Step 2) Map the chaotic sequences to variable interval by
way of carrier wave according to the particular resolved
problem.

Step 3) Compare the function value of each chaotic
sequence and pick out the best value as the output when the
function value keep invariant and doesn’t not increment
anymore.

IV. THREE IMPROVED METHODS BASED ON CHAOS
OPTIMIZATION ALGORITHMS

The conventional chaos optimization algorithm has the
shortcoming of inefficiency in the late iteration, and the three
improved optimization algorithms are presented to overcome
that disadvantage.

A. The First Improved Chaos Optimization

Algorithm(ICOAI)

COA has two main shortages. Firstly chaotic sequences
are formed using certain chaotic map. The logistic map
signified by (7) is usually adopted in COA. But the
distribution of chaotic sequences produced by logistic map is
non-uniform leading to the slow constringency. The
unlimited fold map remarked by (8) is uniform map with
which we replace logistic map to accelerate the rate of
convergence. The distribution of the two maps is
demonstrated in fig. 2. Secondly the number of chaotic
sequences is always set to large in order to ensure find the
maximum value of multimodal function. The convergence of
COA is affected and related with the initialized value. So we
reduce the number of chaotic sequences and execute several
times of the COA with different initialized value. This is the
first proposed COA.

= 1 2
{yn+l sin(2/y,) n=12.... ®

-1<y <1

2000 T T T
: : : : I:llog\smc rap

1800 I nimited fold map |7

1600 H

1400 H
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1000 H

800 H

600 H

400 H

200 H

Figure 2. Distribution of logistic map and unlimited fold map
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B. The second improved Chaos Optimization
Algorithm(ICOA2)

Like the first improved COA, the second improved COA
also reduces the number of chaotic sequences to enhance the
efficiency but in another way apart from using unlimited fold
map instead of logistic map. Usually after several iterations
the evaluated value is near the true maximum value.
Therefore we use the former results of COA as the initial
value of the next chaotic sequences of COA. The truth value
can be searched after a number of times. The diagram of first
proposed CAO is illustrated in fig. 3. Note that the diagram of
the second proposed method is similar to the first proposed
method except that the iteration of COA is based on the
former searching value in the second proposed method.

C. The Hybrid Optimization Algorithm(HOA)

Although our two proposed improved chaos optimization
methods especially the second one enhance the convergence
rate of the traditional chaos optimization algorithm in a
certain extent, the proposed algorithms only use the function
value of signal with different fractional Fourier domain in the
procedure of iterations affecting the efficiency of the
algorithm. The Quasi-Newton method "' which
overcomes the drawbacks of Newton method for maintaining
the positive-definiteness property of Hessian matrix and
solving its inverse matrix, has the speed of superlinear when
its initial value is nearly the peak value due to its full use of
the objective function value and gradient information.
Usually the COA can find the rough region of possible
solution after several iterations. So it’s feasible to combine
the COA and Quasi-Newton method as hybrid algorithm in
order to ensure both the global solution and the fast
convergence ability. The diagram of the hybrid algorithm is
demonstrated in fig. 4.
Set M,N,P.i=0,j=0

M:chaos sequence number
N:iteration number

!

Produce chaos sequence
with unlimited fold map
carry it to interval of variable

'

Calculate the function value of
each chaos sequence

i

-] i=i+l

function value
keep stable P
times

Choice the maximum value as
the output

Figure 3. Diagram of the first ICOA
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Figure 4. Diagram of the hybrid algorithm

V. SIMULATION RESULTS

We compare the performances of the above mentioned
optimization methods from the following examples.

Example 1. x(£) = ™™ +y(t),te[0.T].

Where the pulse width T is 0.1s, the frequency band is
100-300Hz, the sampling frequency is 2000Hz, w(t) is
Gaussian white noise, and the signal noise ratio is -5dB.

The comparison of different optimization methods is
described in Table 1.

TABLE 1. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS FOR
LFM SIGNAL AND GAUSSIAN NOISE

Optimization Theoretical value Estimated time
methods (uy, Po) va*luf: (s)
(u',p)

Step-based

(0.001) (1.063,1.4496) 17.2
Step-based

(0_5’005) (1.0635,1.4496) | 34.4
GA (1.0633,1.4496) 29.8
CACA (1.0635,1.4072) (1.0633,1.4496) | 21.5
PSO (1.0632,1.4496) | 11.4
COA (1.0634,1.4496) 8.8
ICOAlL (1.0633,1.4496) 5.9
ICOA2 (1.0633,1.4496) | 4.8
HOA (1.0634,1.4496) 33

Example 2. x(¢) = &7 4 y(t),te [0.T].

Where the pulse width T is 0.3s, the frequency band is
100-300Hz, the sampling frequency is 2000Hz, w(t) is
Gaussian white noise, and the signal noise ratio is -5dB.

The comparison of different optimization methods is
described in Table II.

TABLE II. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS FOR
LFM SIGNAL AND GAUSSIAN NOISE
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s Theoretical Estimated .
Optimization 1 time
methods value va* u*e (s)

(g, Po) ,p)

Step-based

(0.001) (1.064,2.4291) 372
Step-based

(0.0005) (1.0635,1.5250) | 76.0
GA (1.0637,2.4291) | 47.5
CACA (1.0635,1.4981) (1.0637,2.4291) | 45.8
PSO (1.0636,2.4291) | 26.9
COA (1.0637,2.4291) | 19.6
ICOA1 (1.0636,2.4291) | 134
ICOA2 (1.0636,2.4291) | 10.6
HOA (1.0635,2.4291) | 7.0

Example 3. x(¢) = €™ 4+ y(t),te[0.T].

Where the pulse width T is 0.5s, the frequency band is
100-300Hz, the sampling frequency is 2000Hz, w(t) is
Gaussian white noise, and the signal noise ratio is -5dB.

The comparison of different optimization methods is
described in Table III.

TABLE III. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS

FOR LFM SIGNAL AND GAUSSIAN NOISE

Optimization Theoretical value | Estimated value | time
methods (uy, Po) ',p") (s)
Step-based

(0.001) (1.064,3.1465) 91.5
Step-based 136.
(0.0005) (1.0635,3.1465) 3
GA (1.0636,3.1465) é”'
CACA (1.0635,3.1466) | (1 0637,3.1465) 538'
PSO (1.0637,3.1465) | 65.8
COA (1.0637,3.1465) | 48.6
ICOAL (1.0637,3.1465) | 334
ICOA2 (1.0636,3.1465) | 25.5
HOA (1.0636,3.1465) 14.9

Example 4. x(¢) = €™ 4+ y(t),te [0.T].

Where the pulse width T is 0.7s, the frequency band is
100-300Hz, the sampling frequency is 2000Hz, w(t) is

Gaussian white noise, and the signal noise ratio is -5dB.

The comparison of different optimization methods is

described in Table IV.

TABLE IV. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS
FOR LFM SIGNAL AND GAUSSIAN NOISE

s Theoretical Estimated .
Optimization 1 time
methods value va* uf (s)

(g, po) (u,p)
Step-based 142.
(0.001) (1.064,3.1465) 9
Step-based 284.
(0.0005) (1.0635,3.1465) s
183.
GA (1.0636,3.7283) 1
198.
CACA (1.0635,3.7231) (1.0637,3.7283) 9
PSO (1.0637,3.7283) éOl.
COA (1.0637,3.7283) | 74.4
ICOA1 (1.0637,3.7283) | 51.1
ICOA2 (1.0636, 3.7283) | 40.1
HOA (1.0637,3.7283) | 25.2

Example 5. x(¢) = (1), € [0.T].

Where the pulse width of transmitted signal T is 0.432s,
the frequency band of the LFM signal is 650-850Hz, the
sampling frequency is

5000Hz,

1(t)

is reverberation
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containing echo signal detected by matched filter. The echo
target appears in the distance of 5.2 kilometer approximately.
As is illustrated in fig. 5.

1

TABLE VI. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS

FOR LFM ECHO SIGNAL IN REVERBERATION BACKGROUND
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The comparison of different optimization methods is

38 4 458 )
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Figure 5. Detection of matched filter

described Table V.

TABLE V. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS FOR
LFM ECHO SIGNAL IN REVERBERATION BACKGROUND

Optimization Theoretical Estimated value time
methods value ,p" (s)
(ug, Po)
Step-based
(0_5’01) (1.024,6.8530) 168.3
Step-based
(0.5005) (1.0235,6.8530) 339.7
GA (1.0237,6.8530) | 2524
CACA (1.0255,6.9472) (1.0237,6.8530) 236.0
PSO (1.0237,6.8530) 112.5
COA (1.0237,6.8530) 87.3
ICOA1 (1.0237,6.8530) 60.2
ICOA2 (1.0237,6.8530) 44.9
HOA (1.0237,6.8530) | 25.1

Example 6. x(¢) =r(t),t[0.T].

Where the pulse width of transmitted signal T is 0.432s,
the frequency band of the LFM signal is 650-850Hz, the
sampling frequency is 5000Hz, r(t) is reverberation
containing echo signal detected by matched filter. The echo
target appears in the distance of 4.1 kilometer approximately.
As is illustrated in fig. 6.

1
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Figure 6. Detection of matched filter

The comparison of different optimization methods is
described Table VI.
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Optimization Theoretical value | Estimated value time
methods (1o, Po) (u',p") (s)
Step-based

(0.001) (1.026,6.9606) 157.3
Step-based

(0.0005) (1.0255,6.9606) 314.9
GA (1.0257,6.9606) 216.0
CACA (1.0255,6.9658) (1.0257,6.9606) 217.3
PSO (1.0256,6.9606) 115.1
COA (1.0258,6.9606) 81.6
ICOA1 (1.0257,6.9606) 55.5
ICOA2 (1.0256,6.9606) 41.9
HOA (1.0256,6.9606) 23.1

As can be seen from table I to VI that the theoretical and
estimated values are a little different due to the effects of both
discrete sampling and noise background. The time of all the
mentioned optimization methods is related directly with the
pulse width of the signal, which can be seen obviously from
table I to IV with the same parameters except pulse width.
This is because the computation time of fast discrete FRFT
adopted in this paper isO(N log N), N is the time-bandwidth
product. The elapsed time of step-based optimization method
is in proportional with step. When the step is 0.001, it takes
shorter time than that of GA and CACA, but as the increase
of the step such as 0.0005, it costs much time that of GA and
CACA. The estimated errors of the global optimization
methods are not more than 0.0002 and could be regarded as
the same approximately. So the performance of GA is almost
the same as that of CACA but is worse than that of PSO
considering both accuracy and speed. And the performance
of COA is best in all the above optimization methods except
our proposed methods due to the ergodicity property of each
chaotic sequence and the use of second carrier technique that
is the second search nearby the first searching results. The
iteration ratios of the three proposed optimization methods
are better than that of COA. Performance of [COA2 is better
than ICOA1 because it make full use of the former
information. And the performance of the proposed hybrid
algorithm is the best in all the mentioned optimization
methods due to its adopting Quasi-Newton method and using
the information of objective function sufficiently such as the
function value and gradient information.

3
Example 7. x(¢) = z a e rhn e w(t),te [0.T].
m=1
Where the pulse width T is 0.2s, the frequency bands of
three LFM signals are 98-300Hz, 350-500Hz and 600-806Hz
separately, the sampling frequency is 4000Hz, the amplitudes
a,;=1.0, a,=2.99 and a;=3, w(t) is Gaussian noise, and the
signal noise ratio is -5dB.
The comparison of different optimization methods is
described in Table VII.

TABLE VII. OPTIMIZATION RESULTS OF VARIOUS SEARCHING METHODS
FOR THREE LFM SIGNAL AND GAUSSIAN NOISE

Optimization Theoretical value Estimated value
methods (uo, Po) "p")
Step-based

(0.001) (1.0328,4.9644) (1.033,4.9674)
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Step-based

0. 500 D (1.0329,4.9674)
GA (1.0326,4.9674)
CACA (1.0329,4.9674)
PSO (1.0328,4.9674)
COA (1.0329,4.9674)
ICOAL (1.0329,4.9674)
ICOA2 (1.0329,4.9674)
HOA (1.0329,4.9674)

The true peak values of three LFM signals in fractional
Fourier domain demonstrated in Fig. 7 are (1.0321, 1.4054),
(1.0239, 3.0031) and (1.0328, 4.9644) separately. And the
function value of (1.0328, 4.9644) is maximum which is a
little bigger that of (1.0239, 3.0031). As can be seen from
Table VII that all the intelligent optimization methods and
our proposed algorithms can find the true global maximum
value although there exits two almost same values. The
resolution of the first and third LFM signal is no less than
0.0001. It is the reason that the step-based method with step
at least 0.0001 can distinguish the two different LFM signals.
The intelligent optimization methods and our proposed
algorithms can distinguish different LFM signals due to their
searching mechanism with precision less than 0.0001.

first value

second value a5

o
N

third value

1.02 1.025 1.03 1.035 1.04

Figure 7. Counter map of three LFM signals in fractional Fourier domain

VI. CONCLUSIONS

Signals transformed with the fractional transform can be
demonstrated in multi-value objective function and the
maximum of them needed to be found out. The intelligent
optimization methods are global heuristic searching
algorithm. In this paper, we first introduce some intelligent
optimization algorithms such as GA, CACA, PSO and COA
in fractional Fourier transform for extreme searching to
resolve the problem of the common used step-based method
which is time consuming especially when the precision is
highly desired. Then we present two improved chaos
optimization algorithms in order to enhance the iterative
speed. The two proposed improved chaos optimization
algorithms only use the value of the objective function. So
the third hybrid algorithm combing COA and Quasi-Newton
method is proposed in order to accelerate the convergence

rate further. Simulation results show that performances of the
three proposed optimization method are better than that of
step-based method and some other intelligent optimization
methods that is GA, CACA and PSO. And it concludes that
the proposed hybrid optimization algorithm is much more
preferable balancing computation efficiency and precision.

ACKNOWLEDGMENT

This research is partly supported by the project of 973 with
grant NO. 613660202 and the project of China Postdoctoral
Science Foundation with grant No. 200902668.

REFERENCES

[1] L.B. Almedia. “The fractional Fourier transform and time-frequency
reprensentations,” IEEE Transactions on Signal Processing, vol. 42,
pp-3084-3091, November 1994.

[2] H. M. Ozaktas, O. Arikan, A. Kutay and C. Bozdagi. “Digital
Computation of the Fractional Fourier Transform,” IEEE Transactions
on Signal Processing, vol. 44, pp.2141-2150, September 1996.

[3] M. Barbu, E. J. Kaminsky and R. E. Trahan, “Sonar signal
enhancement using fractional Fourier transform,” Proceedings of SPIE,
vol. 5807, pp. 170-177, 2005.

[4] L P.DuandG. Z. Su, “Multi-moving Targets detetion based on p0
order CWD in MMW radar,” Systems Engineering and Electroncis, vol.
27, pp.1523-1527, September 2005.

[5] S.N.Zhang, H. C. Zhao and B. Wu. “LFM Interference Excision
Technique in Pseudo-random Code Fuse Based on Fractional Fourier
Transform,” ACTA ARMAMENTARII, vol. 27, pp.32-36, January
2006.

[6] P.Chen,C. H. Hou, X. C. Ma, and Y. H. Liang, “Detection Algorithm
for the LFM Echo of Underwater Moving Targets Using the Discrete
Fractional Fourier Transform,” Elementary Electroacoustics, vol. 9, pp.
9—12, June 2006.

[7] M. Barbu, E. J. Kaminsky and R.E. Trahan. “Fractional Fourier
Transform for Sonar Signal Processing,” IEEE Transactions on Signal
Processing, vol. 34, pp.1-6, September 2005.

[8] Y.Q.Dong, R. Tao, S. Y. Zhou and Y. Wang. “SAR Moving Target
Detection and Imaging Based on Fractional Fourier Transform,”
ACTA ARMAMENTARII, vol. 20, pp.132-136, May 1999.

[9] T.Back, U. Hammel and H. P. Schwefel. “Evolutionary computation:
Comments on the history and current state,” IEEE Transactions on
Evolutionary Computation, vol. 1, pp.3—17, 1997.

[10] S.K.Pal, S. Bandopadhyay and C. A. Murthy, “Genetic Algorithms for
generation of Class Boundaries,” IEEE Transactions on Systems, Man
and Cybernetics Part B: Cybernetics, vol. 28, pp.816-828, December
1998.

[11] L. Wang and Q. D. Wu. “Ant system algorithm in continuous space
optimiziaion,” Control and Decision, vol. 18, pp.45-48, January 2003.

[12] N. Monmarche, G. Venturini and M. Slimane “On how Pachycondyla
apicalis ants suggest a new search algorithm,” Future Generation
Computer Systems, vol. 16, pp.937-946, 2000.

[13] E. K. Parsopoulos and M. N. Vrahatis “On the computation of all
global minimizers through particle swarm optimization,” IEEE
Transactions on evolutionary computation, vol. 8, pp.211-224, June,
2000.

[14] M. A. Abido. “Optimal design of power system stabilizers using
particle swarm optimization,” IEEE Transactions Energy Conversion,
vol. 17, pp. 406—413, September, 2002.

[15] B.Liand W. S. Jiang. “Chaos optimization method and its
application,” Control Theory and Application, vol. 14, pp.613-615,
August, 1997.

[16] J. A. Ford, I. A. Moghrabi. “Multi-step quasi-Newton methods for
optimization,” Journal of Computational and Applied Mathematics, vol.
50, pp.305-323, August, 1994.

[17] J. A. Ford, S. Tharmlikit. “New implicity updates in multi-step
quasi-Newton methods for unconstrained optimization,” Journal of
Computational and Applied Mathematics, vol. 152, pp.133-146, May,
2003.

537



