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Abstract- A novel hybrid approach involving Particle Swarm Optimization (PSO) and Bacterial Foraging
Optimization Algorithm (BFOA) called Bacterial Swarm Optimization (BSO) is illustrated for designing Power
System Stabilizers (PSSs) in a multimachine power system. In BSO, the search directions of tumble behaviour
for each bacterium are oriented by the individual’s best location and the global best location of PSO. The
proposed hybrid algorithm has been extensively compared with the original BFOA algorithm and the PSO
algorithm. Simulations results have shown the validity of the proposed BSO in tuning PSSs compared with
BFOA and PSO. Moreover, the results are presented to demonstrate the effectiveness of the proposed
controller to improve the power system stability over a wide range of loading conditions.
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1. Introduction

Low frequency oscillations are observed when
large power systems are interconnected by weak tie
lines. These oscillations may sustain and grow,
causing system separation if no adequate damping is
available. Moreover, low frequency oscillations
present limitations on the power transfer capability
[1]. Power system stabilizers (PSSs) are now
routinely used in the industry to damp out
oscillations. An appropriate selection of PSS
parameters results in satisfactory performance
during system disturbances [2].

The problem of PSS parameter tuning is a
complex exercise. A number of conventional
techniques have been reported in the literature
pertaining to design problems of conventional PSSs
namely: the eigenvalue assignment, mathematical
programming, gradient procedure for optimization
and also the modern control theory [3].
Unfortunately, the conventional techniques are time
consuming as they are iterative and require heavy
computation burden and slow convergence. In
addition, the search process is susceptible to be
trapped in local minima and the solution obtained
may not be optimal [4]. The power system stability
enhancement via PSS and a thyristor controlled
series capacitor (TCSC) based stabilizer when
applied independently and also through coordinated
application is discussed and investigated in [5]. An
augmented fuzzy logic PSS for stability
enhancement of power system is presented in [6].
The design of robust PSS which place the system
poles in an acceptable region in the complex plane
for a given set of operating and system conditions is
introduced in [7]. A novel evolutionary algorithm
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based approach to optimal design of multimachine
PSSs is developed in [8]. This approach employs a
particle swarm optimization (PSO) technique to
search for optimal settings of PSS parameters.
Optimal — multi-objective  design  of  robust
multimachine PSSs using genetic algorithm (GA) is
addressed in [9]. PSSs design using the rule based
bacteria foraging (RBBF) optimization techniques is
investigated in [10]. A comprehensive assessment of
the effects of PSS based damping controller is
carried out in [11]. The design problem of the
controller is transformed into an optimization
problem. PSO based optimal tuning algorithm is
used to optimally tune the parameters of the PSS.
Optimal  locations and design of robust
multimachine PSSs using GA is presented in [12].
The possibility of using a linearized power system
model to evaluate the stability and estimate the
attraction area of the system in a particular operating
condition is investigated in [13]. Multi-objective
design of multimachine PSSs using PSO is
introduced in [14]. A new robust control strategy to
synthesis of robust proportional-integral-derivative
(PID) based PSS is addressed in [15]. The design of
a simple, yet robust controller for power system
stabilization, using Kharitonov’s stability theory is
employed in [16]. A novel algorithm for
simultaneous coordinated designing of PSSs and
TCSC in a multimachine power system is discussed
in[17].

GA has attracted the attention in the field of
controller parameter optimization. However, GA is
very satisfactory in finding global or near global
optimal result of the problem; it needs a very long
run time that may be several minutes or even several
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hours depending on the size of the system under
study. Moreover swarming strategies in bird
flocking and fish schooling are used in the PSO and
introduced in [18]. However, PSO suffers from the
partial optimism, which causes the less exact at the
regulation of its speed and the direction. Also, the
algorithm cannot work out the problems of
scattering and optimization [19-20]. In addition, the
algorithm pains from slow convergence in refined
search stage, weak local search ability and algorithm
may lead to possible entrapment in local minimum
solutions. A relatively newer evolutionary
computation algorithm, called Bacteria Foraging
(BF) scheme has been proposed by [21-24]. The BF
algorithm depends on random search directions
which may lead to delay in reaching the global
solution. A new algorithm BF oriented by PSO is
proposed that combine the above mentioned
optimization algorithms [25-26]. This combination
aims to make use of PSO ability to exchange social
information and BF ability in finding a new solution
by elimination and dispersal. This new hybrid
algorithm called Bacterial Swarm Optimization
(BSO) is adopted in this paper to solve the above
mentioned problems and drawbacks.

This paper proposes a new optimization
algorithm known as BSO for optimal designing of
the PSSs controller in a multimachine power
system. The performance of BSO has been
compared with these of PSO and BFOA in tuning
the PSSs controller parameters. The design problem
of the proposed controller is formulated as an
optimization problem and BSO is employed to
search for optimal controller parameters. An
eigenvalue based objective function reflecting the
combination of damping factor and damping ratio is
optimized for different operating conditions.
Simulations results assure the effectiveness of the
proposed controller in providing good damping
characteristic to system oscillations over a wide
range of loading conditions. Also, these results
validate the superiority of the proposed method in
tuning controller compared with BFOA and PSO.

2. Bacteria foraging optimization: A

brief overview

The survival of species in any natural
evolutionary process depends upon their fitness
criteria, which relies upon their food searching and
motile behaviour. The law of evolution supports
those species who have better food searching ability
and either eliminates or reshapes those with poor
search ability. The genes of those species who are
stronger gets propagated in the evolution chain since
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they possess ability to reproduce even better species
in future generations. So a clear understanding and
modelling of foraging behaviour in any of the
evolutionary species, leads to its application in any
nonlinear system optimization algorithm. The
foraging strategy of Escherichia coli bacteria
present in human intestine can be explained by four
processes, namely  chemotaxis, swarming,
reproduction, and elimination dispersal [25-26].

2.1 Chemotacxis

The characteristics of movement of bacteria in
search of food can be defined in two ways, i.e.
swimming and tumbling together knows as
chemotaxis. A bacterium is said to be ‘swimming’ if
it moves in a predefined direction, and ‘tumbling’ if
moving in an altogether different direction.
Mathematically, tumble of any bacterium can be
represented by a unit length of random direction ¢(;)
multiplied by step length of that bacterium C(7). In
case of swimming, this random length is predefined.

2.2 Swarming

For the bacteria to reach at the richest food
location (i.e. for the algorithm to converge at the
solution point), it is desired that the optimum
bacterium till a point of time in the search period
should try to attract other bacteria so that together
they converge at the desired location (solution
point) more rapidly. To achieve this, a penalty
function based upon the relative distances of each
bacterium from the fittest bacterium till that search
duration, is added to the original cost function.
Finally, when all the bacteria have merged into the
solution point, this penalty function becomes zero.
The effect of swarming is to make the bacteria
congregate into groups and move as concentric
patterns with high bacterial density.

2.3 Reproduction

The original set of bacteria, after getting
evolved through several chemotactic stages reaches
the reproduction stage. Here, best set of bacteria
(chosen out of all the chemotactic stages) gets
divided into two groups. The healthier half replaces
with the other half of bacteria, which gets
eliminated, owing to their poorer foraging abilities.
This makes the population of bacteria constant in
the evolution process.

2.4 Elimination and dispersal

In the evolution process, a sudden unforeseen
event can occur, which may drastically alter the
smooth process of evolution and cause the
elimination of the set of bacteria and/or disperse
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them to a new environment. Most ironically, instead
of disturbing the usual chemotactic growth of the set
of bacteria, this unknown event may place a newer
set of bacteria nearer to the food location. From a
broad perspective, elimination, and dispersal are
parts of the population level long distance motile
behaviour. In its application to optimization, it helps
in reducing the behaviour of stagnation (i.e. being
trapped in a premature solution point or local
optima) often seen in such parallel search
algorithms. The detailed mathematical derivations
as well as theoretical aspect of this new concept are
presented in [26-27].

3. Problem Statement

3.1 Power System Model
A power system can be modelled by a set of
nonlinear differential equations are:

X =f(X,0) (1)
Where X is the vector of the state variables and
U is the vector of input variables. In this study

X:[é,a),E'q,Efd,Vf]Tand U is the PSS

output signal. Here, § and @ are the rotor angle and

speed, respectively. Also, E' ,E and V . are
the internal, the field, and excitation voltages

respectively.

In the design of PSS, the linearized incremental
models around an equilibrium point are usually
employed. Therefore, the state equation of a power
system with # machines and m PSSs can be written
as:

X =AX +Bu )

Where A is a 5nx5n matrix and equals of / 0X
while B is a5nxm matrix and equalsdf/0U .

Both A and B are evaluated at a certain operating
point. X is a Snx1 state vector and U is a mx1
input vector.

3.2 Structure of PSS

The operating function of a PSS is to produce a
proper torque on the rotor of the machine involved
in such a way that the phase lag between the exciter
input and the machine electrical torque is
compensated. The supplementary stabilizing signal
considered is one proportional to speed. A widely
speed based used conventional PSS is considered
throughout the study [2]. The transfer function of

the i th PSS is given by:
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Where Aa)l. is the deviation in speed from the

synchronous speed. This type of stabilizer consists
of a washout filter, a dynamic compensator. The
output signal is fed as a supplementary input

signal, U ; to the regulator of the excitation system.

The washout filter, which essentially is a high pass
filter, is used to reset the steady state offset in the
output of the PSS. The value of the time constant

T, W is usually not critical and it can range from 0.5

to 20 second. The dynamic compensator is made up
to two lead lag circuits, limiters and an additional
gain. The adjustable PSS parameters are the gain of

the PSS, Ki and the time constants, Tli7T4i' The

lead lag block present in the system provides phase
lead compensation for the phase lag that is
introduced in the circuit between the exciter input
and the electrical torque.

3.3 System under Study

Fig. 1 shows the single line diagram of the test
system used. Details of system data are given in
[27]. The participation matrix can be used in mode
identification. Table (1) shows the eigenvalues, and
frequencies associated with the rotor oscillation
modes of the system. Examining Table (1) indicates
that the 0.2371 Hz mode is the interarea mode with
G1 swinging against G2 and G3. The 1.2955 Hz
mode is the intermachine oscillation local to G2.
Also, the 1.8493 Hz mode is the intermachine mode
local to G3. The positive real part of eigenvalue of
Gl indicates system instability. The system and
generator loading levels are given in Table (2).

@ @ > load C @ @

04—

o [ 6

A\
~

Local load |

Fig. 1. System under study.
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Table (1) The eigenvalues, and frequencies of
the rotor oscillation modes of the system.

Generator | Eigenvalues Frequencies Damping
ratio§
Gl +0.15 + 1.49j 0.2371 -0.1002
G2 -0.35+ 8.14; 1.2295 0.0430
a3 -0.67+ 11.62 1.8493 0.0576

Table (2) Loading of the system (in p.u)

Light Normal case Heavy

Generator | P Q| P Q| P Q
Gl 0.965 022 | 1.716 0.6205 | 3.57 1.81
G2 1.0 -0.193 | 1.63 0.0665 | 2.2 0.713
G3 045 -0267 | 0.85 -1086 | 1.35 043
Load P QP Q|P Q
A 0.7 035 | 1.25 05| 20 0.9

B 0.5 03| 0.9 03| 18 0.6

C 0.6 0.2 | 1.00 035 | 1.6 0.65

at G1 0.6 0.2 | 1.00 035 | 1.6 0.65

4. Objective Function
To maintain stability and provide greater damping,
the parameters of the PSSs may be selected to

minimize the following objective function:
n, P4 5

J=2X X (goy+ X X (§5) “4)
i=10.20 4 j=1¢&.2¢ Y
J ii 0 ij "0

This will place the system closed loop eigenvalues
in the D-shape sector characterized by o <o, and

gl_j),go as shown in Fig. 2.

Where, np is the number of operating points
considered in the design process, ¢ and ¢ are the
real part and the damping ratio of the eigenvalue of

the operating point. In this study, % and ¢ p are
chosen to be -0.5 and 0.1 respectively [9]. To reduce

the computational burden in this study, the value of

the wash out time constant TW is fixed to 10

second, the values of T, 0y and T 4; are kept constant

at a reasonable value of 0.05 second and tuning of
T li and T 3; are undertaken to achieve the net phase
lead required by the system. Typical ranges of the
optimized parameters are [1- 100] for K and [0.06-
1.0] for T, li and T3i' Based on the objective function

J ; optimization problem can be stated as: Minimize

J p subjected to:

Klf""” <K, < K"
min max
I s Ty s Ty

Tmin < T. < TMax

3 < T3 =Ty )
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Fig. 2. A D-shape sector in the s-plane.

5. The Bacterial Swarm Optimization
Algorithm

PSO is a stochastic optimization technique that
draws inspiration from the behaviour of a flock of
birds or the collective intelligence of a group of
social insects with limited individual capabilities. In
PSO a population of particles is initialized with

—

%
random positions X ; and velocities Vi, and a

fitness function using the particle’s positional
coordinates as input values. Positions and velocities
are adjusted, and the function is evaluated with the
new coordinates at each time step. The velocity and
position update equations for the d-th dimension of
the i-th particle in the swarm may be given as
follows:
A= 0G0 oy o )
Xid(t+1):Xid(t)+Vl.d(t+1) )
On the other hand, the BF is based upon search
and optimal foraging decision making capabilities of
the Escherichia coli bacteria [25]. The coordinates
of a bacterium here represent an individual solution
of the optimization problem. Such a set of trial
solutions converges towards the optimal solution
following the foraging group dynamics of the
bacteria population. Chemotactic movement is
continued until a bacterium goes in the direction of
positive nutrient gradient. After a certain number of
complete swims the best half of the population
undergoes reproduction, eliminating the rest of the
population. In order to escape local optima, an
elimination dispersion event is carried out where,
some bacteria are liquidated at random with a very
small probability and the new replacements are
initialized at random locations of the search space.
A detailed description of the complete algorithm can
be traced in [25-26].
[Step 1] Initialize parameters
m § NC’ Nre’ Ned’ Ped’

Ci)i =12, N), L.
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Where,

n: Dimension of the search space,

S : The number of bacteria in population,
N ol The number of chemotactic steps,

N re - The number of reproduction steps,

Nt The number of elimination-dispersal
events to be imposed over the bacteria,

Pe E The probability with which

elimination and dispersal will continue,
C(i): The size of the step taken in the random

the

direction specified by the tumble,
o : The inertia weight,
C1 : The swarm confidence,

%

0 (i, j,k): Position vector of the i-th bacterium,
in j-th chemotactic step and k-th reproduction,
%

Vz' : Velocity vector of the i-th bacterium.

[Step 2] Update the following

J(@,j,k): Cost or fitness value of the i-th
bacterium in the jth chemotaxis, and the k-th
reproduction loop.

_)

0 g best :Position vector of the best position
found by all bacteria.

J best (i, j,k): Fitness value of the best position

found so far.
[Step 3] Reproduction loop: k =k +1
[Step 4] Chemotaxis loop: j=j+1
[Sub step a] Fori=l, 2,..., S, take a chemotaxis
step for bacterium i as follows.
[Sub step b] Compute fitness function,
J(,J, k).
[Sub step c] Let J last

value since one may find a better cost via a run.
[Sub step d] Tumble: generate a random vector

=J(i, j,k) to save this

A(i) € R with each element
Am @),m=12,....,p,a random  number
on[-1,1].
[Sub step e] Move:

AD)

Let0(i, j+L,k)=0(, j,k)+ C(i) — .
VAl ()aG)
[Sub step f] Compute J(i, j +1,k).

[Sub step g] Swim: one considers only the i-th
bacterium is swimming while the others are not
moving then

i) Let m = 0(counter for swim length).
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i) While m < N s (have not climbed down too

long)

. Let m=m+1

. IfJG, j+1,k)< Jlast (if doing better),
Let Jlast =J(i,j+1,k)and let

A

VAL ()AG)

and use this 6(i, j +1,k) to compute the new

03, j+Lk)=0(,j,k)+C()

J (i, j+1,k) as shown in new [sub step f]
o Else, letm = N . This is the end of

S
the while statement.
[Step 5] Mutation with PSO operator
Fori=1, 2,...... S

N
[ Update the 0 g_bes[ and JbeSt(i’j’k)

e Update the position and velocity of the d-th
coordinate of the i-th bacterium according
to the following rule:

id id

new_ g mnew old,. .
VT =aV. +C11p1(0g_bes‘tl, —Qd (1,]+1,k)j

new,. . _pold ;. . new
Bd (z,]+1,k)—9d (l’J+1’k)+Vid
[Step6] Let S r=S/2
The S r bacteria with highest cost function
(J)values die and other half bacteria population

with the best values split (and the copies that are
made are placed at the same location as their
parent).

[Step 7] If k£ < Nre’ go to [step 1]. One has not

reached the number of specified reproduction steps,
so one starts the next generation in the chemotaxis
loop.

The detailed mathematical derivations as well as
theoretical aspect of this new concept are presented
in [25-26].

6. Results and Simulations

In this section, the superiority of the proposed
BSO algorithm in designing PSS (BSOPSS) in
compare to optimized PSS with BFOA (BFPSS) and
optimized PSS controller based on PSO (PSOPSS)
is illustrated. Fig. 3. shows the variations of
objective function with various optimization
techniques. The objective functions decrease
monotonically over generations of BFOA, PSO and
BSO. The final value of the objective function is
J ; =0 for all algorithms, indicating that all modes

have been shifted to the specified D-shape sector in
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the S-plane and the proposed objective function is
satisfied. Moreover, BSO converges at a faster rate
(51 generations) compared to that for PSO (64
generations) and BFOA (80 generations).

Table (3), shows the system eigenvalues, and
damping ratio of mechanical mode with three
different loading conditions. It is clear that the
BSOPSS shift substantially the electromechanical
mode eigenvalues to the left of the S-plane and the
values of the damping factors with the proposed
BSOPSS are significantly improved to be (o=-
0.95,-0.94,-1.05) for light, normal, and heavy
loading respectively. Also, the damping ratios
corresponding to BSOPSS controllers are almost
greater than that corresponding to PSOPSS and
BFPSS. Hence, compared to BFPSS and PSOPSS,
BSOPSS greatly enhances the system stability and
improves the damping characteristics  of
electromechanical modes. Results of PSSs
parameters set values based on the proposed
objective function using BFOA, PSO and BSO are
given in Table (4).

14 T T T T T T

BSO
-=e=-PSO ||
oo BEOA

o
©
;

L

o
=
T
L

Objective function

o
o~
T

L

50 60 70 80 90
Generations

100

Fig. 3. Variations of objective function.

Table (3) Mechanical modes and ¢ under different loading
conditions and controllers.

BFPSS PSOPSS BSOPSS
Light | -346+ 727,043 | -3.53+737.043 | -3.6=6.01j,0.51
load | 2774 599j,042 | -6.36+7.07},0.67 | -629+ 6.70},0.68

-0.90+ 0.71j,0.78 | -0.92+0.67,0.81 | -0.95+ 0.63},0.83

Normal | 2974621043 | -3.95+8.07},044 | -4.17+8.16},045

load 387+ 645,051 | -7.23+750.0.69 | -6.83%7.00j,0.7
-0.73 £ 0.851,0.65 | -0.74 % 0.83},0.66 | -0.94 % 0.84j,0.75

Heavy | -3.66+ 673,048 | -45+775j,0.50 | -4.59+7.76},0.50

load 275+567,044 | -7.9+667,0.77 | -7.96+ 556}, 0.81
-1.02+ 0.85j,0.77 | -1.03 £ 0.86},0.77 | -1.05 0.85},0.78
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Table (4) Parameters of PSSs for different techniques.

BFOA PSO BSO
PSS1 K=36.3696 | K=26.6544 | K=38.6585
T1 =0.2365 T1 =0.4684 T1 =0.4153
T3=0.2495 T3=0.7428 T3 =0.6455
PSS2 K=7.8812 K=14.3287 K=6.4051
7,=0.4986 7;=0.2918 7,=0.3776
T3=0.1921 T3=0.1149 T3=0.984O
PSS3 K=3.5031 K=9.2317 K=2.2337
T1=0.5031 T1=O.4356 T1=0.2027
T3=0.3789 T3=0.3955 T3 =0.9160

6.1 Response for light load condition:
The effectiveness of the performance due to 0.1
step increase in reference voltage of generator 1 is

verified. Figs. 4-6, show the response ofAcolz,

Aa)23 , and Aa)13due to this disturbance for light

loading condition. From these figures, it can be seen
that the BSOPSS using the proposed objective
function achieves good robust performance, and
provides superior damping in comparison with the
other controllers. Moreover, the required mean time
to suppress these oscillations is approximately 2.1
second with BSOPSS, 2.5 second for PSOPSS, and
2.8 second with BFPSS so the designed controller is
capable of providing sufficient damping to the
system oscillatory modes.

1 T T
—BSOPSS

051 e BFPSS |

05

Change in w12 (rad/second)

2 I I I I I
0 1 2 3 4 5 6

Time in second

Fig. 4. Change in AwlZ for light load.
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—BSOPSS

Change in w23 (rad/second)

1 L 1
3 4 5 6
Time in second

Fig. 5. Change in Aa)23 for light load.
x 10
1 T T
BSOPSS
--+--PSOPSS
ceeen BFPSS |
2 i
2 | L | L |
0 1 2 3 4 5 6
Time in second
Fig. 6. Change in Aa)13 for light load.

6.2 Response for normal load condition:

Figs. 7-9, show the response of the system to the
same disturbance for normal loading condition.
These figures indicate the capability of the BSOPSS
in reducing the settling time and damping power
system oscillations. Moreover, the mean settling
time of these oscillations is TS=1.1, 1.29, and 2.23

second for BSOPSS, PSOPSS, and BFPSS
respectively. In addition, the proposed BSOPSS
outperforms and outlasts PSOPSS and BFPSS
controller in damping oscillations effectively and
reducing settling time. Hence, BSOPSS controller
greatly enhances the system stability and improves
the damping characteristics of power system.
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Fig. 7. Change in Aa)l 2for normal load.
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Fig 8. Change in Aa)23 for normal load.
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Fig. 9. Change in AwB for normal load.
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6.3 Response for heavy load condition:

Figs. 10-12, show the system response at heavy
loading condition with fixing the controller
parameters. From these figures, it can be seen that
the response with the proposed BSOPSS shows
good damping characteristics to low frequency
oscillations and the system is more quickly
stabilized than PSOPSS and BFPSS. The mean

settling time of oscillation is Ts =1, 1.42, and 1.96

second for BSOPSS, PSOPSS, and BFPSS
respectively. Hence, the proposed BSOPSS extend
the power system stability limit.

10
1 T T T

—BSOPSS

o
.'."..\‘".T‘:
3
e
E

L

Change in w12 (rad/second)
o

2 I | I | I
0 1 2 3 4 5 6

Time in second

Fig. 10. Change in Aa)l > for heavy load.

x 10
25 : ‘
——BSOPSS
2 --+--PSOPSS [|
wwereeee BFPSS
15
= 1 i
S
b
» 05 4
o
S
o 0
o~
=
i 05 4
| |
[&]
A5 1
-2 -
25 | [ | |
2 3 4 5 6
Time in second
Fig. 11. Change Aa)23 for heavy load.
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Change in w13 (rad/second)

—— BSOPSS
A6 --+—PSOPSS |
weoaee BPSS

18 | I I I T
0 1 2 3 4 5 6

Time in second

Fig. 12. Change in Aa)l 3 for heavy load.

6.4 Response for severe disturbance:

The effectiveness of the proposed BSOPSS is
verified by applying a three phase fault of 6 cycle
duration at 1.0 second near bus 7. Figs. 13-14, show

the response of Ao, and Adeue to severe

disturbance for normal loading condition. From
these figures, it is can be seen that the BSO based
PSSs using the proposed objective function achieves
good robust performance and provides superior
damping in comparison with the other methods.
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Fig. 13. Change in Aa)lz for severe disturbance.
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Fig. 14. Change in Aa)l 3 for severe disturbance.

6.5 Robustness and performance index:

To demonstrate the robustness of the proposed
controller, a performance index: the Integral of the
Time multiplied Absolute value of the Error (ITAE)
is being used as:

30

k=] S T A AN | VAR

It is worth mentioning that the lower the value of
this index is, the better the system response in terms
of time domain characteristics. Numerical results of
performance robustness for all cases are listed in
Table (5). It can be seen that the values of these
system performance with the BSOPSS are smaller
compared to that of PSOPSS and BFPSS. This
demonstrates that the overshoot, undershoot, settling
time and speed deviations of all units are greatly
reduced by applying the proposed BSO based tuned
PSS:s.

Table (5) Values of performance index.

ITAE * 10°
BFPSS | PSOPSS | BSOPSS
Light load 1.1240 | 0.9845 0.5831
Normal load | 1.5176 1.1483 0.7715
Heavyload | 2.2662 | 1.5067 1.3347

7. Conclusions

This paper proposes a new optimization
algorithm known as BSO, which synergistically
couples the BFOA with the PSO for optimal
designing of PSSs controller. The design problem of
the proposed controller is formulated as an
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optimization problem and BSO is employed to
search for optimal controller parameters. An
eigenvalue based objective function reflecting the
combination of damping factor and damping ratio is
optimized for different operating conditions.
Simulations results assure the effectiveness of the
proposed controller in providing good damping
characteristic to system oscillations over a wide
range of loading conditions. Also, these results
validate the superiority of the proposed method in
tuning controller compared with PSO and BFOA
over wide range of operating conditions.

8. References

[17  P. Kundur, “Power System Stability and
Control”, McGraw-Hill, 1994.

[2] P. Kundur, M. Klein, G. J. Rogers, and M. S.
Zywno, “Application of Power System
Stabilizers for Enhancement of Overall System
Stability”, IEEE Transactions on. Power System,
Vol. 4, No. 2, 1989, pp. 614-626.

[3] M. A. Abido , “Pole Placement Technique for

PSS and TCSC based Stabilizer Design Using

Simulated Annealing”, Electrical Power and

Energy Systems, Vol. 22, No. 8 , 2000, pp 543-

554.

Y.L. Abdel Magid, and M.A. Abido,
“Coordinated Design of a PSS and a SVC Based
Controller to Enhance Power System Stability”,
Int. J. of Electrical Power and Energy System,
Vol. 25, No. 9, 2003, pp. 695-704.

[5] Y.L. Abdel Magid and M. A. Abido, “Robust
Coordinated Design of Excitation and TCSC
Based Stabilizers Using Genetic Algorithms”,
Int. J. of Electrical Power and Energy Systems,
Vol. 69, No. 2-3, 2004, pp. 129-141.

[6] H. A. Toliyat, J. Sadeh, and R. Ghazi, “Design
of Augmented Fuzzy Logic Power System
Stabilizers to Enhance Power Systems Stability”,
IEEE Transactions on Energy conversion, Vol.
11, No. 1, March 1996, pp. 97-103.

[7] P. Shrikant, and I. Sen, “Robust Pole Placement
Stabilizer Design Using Linear Matrix
Inequalities”, IEEE Transactions on Power
System, Vol. 15, No. 1, February 2000, pp. 313-
319.

[8] M. A. Abido, “Optimal Design of Power System
Stabilizers Using Particle Swarm Optimization”,
IEEE Transactions on Energy Conversion, Vol.
17, No. 3, September 2002, pp. 406-413.

[9] Y. L. Abdel-Magid and M. A. Abido, “Optimal
Multi-Objective Design of Robust Power System
Stabilizers Using Genetic Algorithms”, IEEE
Transactions on Power Systems, Vol. 18, No. 3,
August 2003, pp. 1125-1132.

(4]

Issue 2, Volume 8, April 2013



WSEAS TRANSACTIONS on POWER SYSTEMS

[10] S. Mishra, M. Tripathy, and J. Nanda, "Multi-
machine Power System Stabilizer Design by
Rule Based Bacteria Foraging", Int. J. of Electric
Power Systems Research, Vol. 77, No. 12,
October 2007, pp. 1595-1607.

[11] S. Panda, and N. P. Padhy, “Robust Power
System Stabilizer Design using Particle Swarm
Optimization Technique”, Int. J. of Electrical
and Electronics Engineering, Vol. 1, No. 1, 2008,
pp- 1-8.

[12] K. Sebaa, and M. Boudour, “Optimal Locations
and Tuning of Robust Power System Stabilizer
Using Genetic Algorithms”, Int. J. of Electric
Power Systems Research, Vol. 79, No. 2,
February 2009, pp. 406-416.

[13] R. A. Ramos, “Stability Analysis of Power
Systems Considering AVR and PSS Output
Limiters”, Int. J. of Electrical Power and Energy
Systems Vol. 31, No. 4, May 2009, pp. 153-159.

[14] H. Shayeghi, H. A. Shayanfar, A. Safari, and R.
Aghmasheh, “A Robust PSSs Design Using PSO
in a Multimachine Environment”, Int. J. of
Energy Conversion and Management, Vol. 51,
No. 4, 2010, pp. 696-702.

[15] H. Bevrani, T. Hiyama, and H. Bevrani,
“Robust PID Based Power System Stabilizer:
Design and Real-Time Implementation”, Int. J.
of Electrical Power and Energy Systems, Vol.
33, No. 2, February 2011, pp. 179-188.

[16] G. Rigatos, and P. Siano, “Design of Robust
Electric Power System Stabilizers Using
Kharitonov’s Theorem”, Int. J. of Mathematics
and Computers in Simulation, Vol. 82, No. 1,
September 2011, pp. 181-191.

[17] E. S. Ali, and S. M. Abd-Elazim, “Coordinated
Design of PSSs and TCSC via Bacterial Swarm
Optimization Algorithm in a Multimachine
Power System", Int. J. of Electrical Power and
Energy Systems, Vol. 36, No. 1, March 2012,
pp- 84-92.

[18] J. Kennedy and R. Eberhart, “Particle Swarm
Optimization”, Proceedings of IEEE Int.
Conference on Neural Networks, 1995, pp. 1942-
1948.

[19] D. P. Rini, S. M. Shamsuddin, and S. S.
Yuhaniz, “Particle Swarm  Optimization:
Technique, System and Challenges”, Int. J. of
Computer Applications, Vol. 14, No. 1, January
2011, pp. 19-27.

[20] V. Selvi, and R. Umarani, “Comparative
Analysis of Ant Colony and Particle Swarm
Optimization Techniques”, Int. J. of Computer
Applications, Vol. 5, No. 4, August 2010, pp. 1-
6.

E-ISSN: 2224-350X

E. S. Ali, S. M. Abd-Elazim

[21] K. M. Passino, “Biomimicry of Bacterial
Foraging for Distributed Optimization and
Control”, IEEE. Control System Magazine, Vol.
22, No. 3, June 2002, pp. 52-67.

[22] S. Mishra, “A Hybrid Least Square Fuzzy
Bacteria Foraging Sstrategy for Harmonic
Estimation’, IEEE Transactions Evolutionary
Computer, Vol. 9, No.1, February 2005, pp. 61-
73.

[23] D. B. Fogel, “Evolutionary Computation
towards a New Philosophy of Machine
Intelligence”, IEEE, New York, 1995.

[24] E. S. Ali, and S. M. Abd-Elazim, “Bacteria
Foraging Optimization Algorithm Based Load
Frequency Controller for Interconnected Power
System”, Int. J. of Electrical Power and Energy
Systems, Vol. 33, No. 3, March 2011, pp. 633-
638.

[25] A. Biswas, S. Dasgupta, S. Das, and A.
Abraham, “Synergy of PSO and Bacterial
Foraging Optimization: A Comparative Study on
Numerical Benchmarks”, Innovations in Hybrid
Intelligent Systems, ASC 44, 2007, pp. 255-263.

[26] W. Korani, “Bacterial Foraging Oriented by
Particle Swarm Optimization Strategy for PID
Tuning”, GECCO’08, July 12-16, 2008, Atlanta,
Georgia, USA, pp. 1823-1826.

[27] P. M. Anderson and A. A. Fouad, “Power
System Control and Stability”, Iowa State
University Press, lowa, 1977.

Appendix
The system data are as shown below:
a) Excitation system: K A~ 400;

TA =10.05 second; Kf =0.025; Tf =1second.

b) Bacteria parameters: Number of bacteria =10;
number of chemotatic steps =10; number of
elimination and dispersal events = 2; number of
reproduction steps = 4; probability of elimination
and dispersal = 0.25.

¢) PSO parameters: C1=C2=2.0, »=0.9.
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