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Abstract

Particle swarm optimization (PSO) has been injtiploposed as an optimization technique for static
environments; however, many real problems are digyanmeaning that the environment and the char-
acteristics of the global optimum can change owee.t Thanks to its stochastic and population based
nature, PSO can avoid being trapped in local optané find the global optimum. However, this is
never guaranteed and as the complexity of the enoblses, it becomes more probable that the PSO
algorithm gets trapped into a local optimum dugr@mature convergence. In dynamic environments
the optimization task is even more difficult, sirafeer an environment change the earlier global opt
mum might become just a local optimum, and if thvarsn is converged to that optimum, it is likely
that new real optimum will not be found. For thensareason, local optima cannot be just discarded,
because they can be later transformed into glof@na. In this paper, we propose novel techniques,
which successfully address these problems and iexhisignificant performance over multi-modal
and non-stationary environments. In order to addiies premature convergence problem and improve
the rate of PSO’s convergence to global optimuracttonal Global Best Formation (FGBF) tech-
nique is developed. FGBF basically collects alltiest dimensional components and fractionally cre-
ates an artificial Global Best particleGB) that has the potential to be a better “guidehttiee PSO’s
nativegbestparticle. In this way the potential diversity thgpresent among the dimensions of swarm
particles can be efficiently used within th&B particle. To establish follow-up of (current) lbcg-
tima, we then introduce a novel multi-swarm aldort which enables each swarm to converge to a
different optimum and use FGBF technique distimitiv\We investigated the proposed techniques
over the Moving Peaks Benchmark (MPB), which isibliply available test bench for testing optimi-
zation algorithms in a multi-modal dynamic enviramh An extensive set of experiments show that
FGBF technique with multi-swarms exhibits an impres speed gain and tracks the global maximum
peak with the minimum error so far achieved witbpext to the other competitive PSO-based meth-

ods.

Index Terms—Particle Swarm Optimization, Fractional Global BEsrmation

1 Introduction

Many real-world problems are dynamic and thus
require systematic re-optimizations due to system
and/or environmental changes. Even though it is

possible to handle such dynamic problems as a se-

ries of individual processes via restarting thei-opt
mization algorithm after each change, this may lead
to a significant loss of useful information, espdyi
when the change is not too drastic. Since most of
such problems have multi-modal nature, which fur-
ther complicates the dynamic optimization prob-
lems, the need for powerful and efficient optimiza-
tion techniques is imminent. In the last decade the
efforts have been focused on evolutionary algo-
rithms (EAs) [3] such as Genetic Algorithms (GA)
[12], Genetic Programming (GP) [14], Evolution

Strategies (ES), [4] and Evolutionary Programming
(EP) [11]. The common point of all EAs is that they
have population based nature and they can avoid
being trapped in a local optimum. Thus they can
find the optimum solutions; however, this is never
guaranteed.

Conceptually speaking, Particle Swarm Optimi-
zation (PSO) [13], which has obvious ties with the
EA family, lies somewhere in between GA and EP.
PSO is originated from the computer simulation of
individuals (particles or living organisms) in adi
flock or fish school [22], which basically show a
natural behavior when they search for some target
(e.g. food). Their goal is, therefore, to convetge
the global optimum of a possibly nonlinear function
or system. Similarly, in a PSO process, a swarm of
particles (or agents), each of which represents-a p



tential solution to an optimization problem, navega
through the search space. The particles are igitial
distributed randomly over the search space with a
random velocity and the goal is to converge to the
global optimum of a function or a system. Each par-
ticle keeps track of its position in the searchcspa
and its best solution so far achieved. This ispire
sonal best value (the so-callpdestin [13]) and the
PSO process also keeps track of the global bast sol
tion so far achieved by the swarm by remembering
the index of the best particle (the so caligmbstin
[13]). During their journey with discrete time iter
tions, the velocity of each agent in the next tiera

is affected by the best position of the swarm (the
best position of the particigbestas the social com-
ponent), the best personal position of the particle
(pbestas the cognitive component), and its current
velocity (the memory term). Both social and cogni-
tive components contribute randomly to the velocity
of the agent in the next iteration.

Similar to the aforementioned EAs, PSO might
exhibit some major problems and severe drawbacks
such as parameter dependency [17] and loss of di-
versity [20]. Particularly the latter phenomenon in
creases the probability of being trapped in logal o
tima and it is the main source of premature conver-

ronment. Branke in [7] has provided a publicly
available Moving Peaks Benchmark (MPB) to en-
able dynamic optimization algorithms to be tested i

a standard way in a multi-modal environment. MPB
allows creation of different dynamic fitness func-
tions consisting of a number of peaks with varying
location, height and width. The primary measure for
performance evaluation is offline error, whichhse t
average difference between the optimum and the
best evaluation since the last environment change.
Obviously, this value is always a positive number
and it is zero only for perfect tracking. Sever&idP
methods are developed and tested using MPB such
as [5], [6], [16], and [18]. Particularly Blackwedhd
Branke in [5] proposed a successful multi-swarm
approach. The idea behind this is that different
swarms can converge to different peaks and track
them when the environment changes. The swarms
interact only by mutual repulsion that keeps two
swarms from converging to the same peak.

In this paper, we shall first introduce a novel al-
gorithm that significantly improves the global con-
vergence performance of PSO by forming an artifi-
cial Global Best particleaGB) fractionally. This
algorithm, the so-called Fractional GB Formation
(FGBF), collects the best dimensional components

gence problem especially when the search space is from each swarm particle and fractionally creates

in high dimensions and the problem to be optimized
is multi-modal [20]. Since PSO was proposed for
static problems in general, effects of such draw-
backs eventually become more severe for dynamic
environments. Various modifications and PSO vari-

the aGB particle, which will replacgbestas guide
for the swarm, if it turns out to be better thae th
swarm's nativegbest We then propose a novel
multi-swarm algorithm, which combines multi-
swarms with the FGBF technique so that each

ants have been proposed in order to address theseswarm can apply FGBF distinctively. Via applying

problems such as [1], [8], [15], [17] and [20]. 8uc
methods usually try to improve the diversity among
the particles and the search mechanism either by
changing the update equations towards a more di-
versified versions or adding more randomization to
the system (to particle velocities, positions, )etc.
However, their performance improvement might be
quite limited even in static environments and most
of them use additional parameters and/or thresholds
to accomplish this whilst making the PSO variant

the proposed techniques on MPB we shall show that
they can find and track the global peak well even i
high dimensions and usually in earlier stages. Fur-
thermore, no additional parameter is needed to per-
form the proposed techniques.

The rest of the paper is organized as follows.
Section 2 surveys related work on PSO and MPB.
The proposed techniques, multi-swarms and FGBF
and their applications over the MPB are presemted i
detail in Section 3. Section 4 provides the experi-

even more parameter dependent. Therefore, they do ments conducted and discusses the results. Finally,

not set a reliable solution for dynamic environnsent
which usually have multi-modal nature and high
dimensionality.

There are some efforts for simulating dynamic
environments in a standard and configurable way.
Some early works like [2] and [10] use experimental
setup introduced by Angeline in [2]. In this sethp
minimum of the three-dimensional parabolic func-

tion f(X,y,2)= X+ Y+ Z is moved along a

linear or circular trajectory or randomly. However,
this setup enables testing only in an uni-modal-env

Section 5 concludes the paper.

2 Related work

2.1The basic PSO algorithm

In the basic PSO methodhRSQ, a swarm of
particles flies through arN-dimensional search
space where each particle represents a potential so
lution to the optimization problem. Each partiee

in the swarm,& :{)ﬁ,--,xa,--,)%} , is represented



by the following characteristics:

Xaj t): j™ dimensional component of the posi-
tion of particlea, at timet

V,; (1) j dimensional component of the ve-
locity of particlea, at timet

Ya,j (t): j™ dimensional component of the per-
sonal bestgbes} position of particle, at timet

9] t): j™ dimensional component of the global

best position of the swarm, at timne

Let f denote the fitness function to be optimized.
Without loss of generality assume that the objectiv
is to find the maximum of in an N-dimensional

earlier discussion that the first term in the summa
tion is thememoryterm, which represents the role of
previous velocity over the current velocity, the-se
ond term is theognitivecomponent, which repre-
sents the particle’s own experience and the third
term is thesocialcomponent through which the par-
ticle is “guided” by thegbestparticle towards the

GB solution so far obtained. Accordingly the gen-
eral pseudo-code of the bPSO can be given as in
Table 1.

Although the use of inertia weight, was later
added by Shi and Eberhart [21], into the velocity
update equation, it is widely accepted as the basic
form of PSO algorithm. A larger value wffavors
exploration while a small inertia weight favors ex-

space. Then the personal best of particle a can be ploitation. As originally introducedy is often line-

updated at iteration t as,
y (t):{ya‘,(t—l) if £ )< fy,.(t-1)

X, (D) else }j=l,2,...N (1)

Then at each iteration in a PSO process, posi-

tional updates are performed for each dimensional
component, je{1, N} and for each particle,

aec{lS}, as follows:
Vo, )=y, O+ ¢ (O ¥, (0%, () + a5 ()
X (D) =% (O+y;(t+D)

where w is the inertia weight, [21] arg], C, are the
acceleration constants which are usually set 9 1.4
or2.1; ~U Oandr,; ~VU (01)are random
variables with uniform distribution. Recall frometh

@)

arly decreased from a high value (e.g. 0.9) tona lo
value (e.g. 0.4) during iterations of a PSO run. De
pending on the problem to be optimized, PSO itera-
tions can be repeated until a specified number of
iterations, sayterNo, is exceeded, velocity updates
become zero, or the desired fitness score is asthiev

(i.e. f > &.). Velocity clamping to the user-defined

maximum velocity rangé/ max (@and — Vmax for the

minimum) is one of the earliest attempts to avoid
premature convergence [9].

Table 1: Pseudo-code bPSOalgorithm

bPSO ( termination criteria:{lterNo, & ,...}, Vmax )

For Vae {1, S} do:
1.1. RandomizeX, (1), v, (1)

1.2. Let ¥, (0)= X, (1)
1.3. Let ¥(0)=x, (1)
End For.

For Vt € {1, IterNc} do:

3.1. For Vae {1, S} do:
3.1.1. Compute Y, (t) using (1)
3.1.2.

I<i<a
3.2. End For.
3.3. If any termination criterionis met, therReturn.

3.4. For Vae {1, S} do:

it ( f(ya (1)) >max(f (¥ (t— 1), f (y ¢)))) thengbest = aand Y(t) = y,(1)

3.4.1. For Vj € {1, N} do:
3.4.1.1. ComputeV, ; (t+1) using (2)
3.4.1.2. If( v, ; (t+ 1)‘ >V__,) then clamp it tc{Va'j (t+ 1)‘ =V .,
3.4.1.3. ComputeX, ; (t+1) using (2)
3.4.2. End For.
3.5. End For.

End For.




2.2Moving Peaks Benchmark

Conceptually speaking, MPB developed by Branke
in [7], is a simulation of a configurable dynamic
environment changing over time. The environment
consists of a certain number peaks with varying lo-
cation, height and width. The dimensionality of the
fitness function is fixed in advance and thus is an
input parameter of the benchmark. Type and number
of peaks along with their initial heights and wiglth
environment dimension and size, change severity,
level of change randomness and change frequency
can be defined. To facilitate standard comparative
evaluations among different algorithms, three stan-
dard settings of such MPB parameters, so called
“Scenario§ have been defined.Scenario 2is the
most widely used. Where the scenario allows a
range of values, the following are commonly used:
number of peaks = 10, change sevevilgngth =

1.0, correlationambda=0.0 and peak change fre-
guency = 5000. Irscenario 2no basis landscape is
used and peak type is a simple cone. Due to the pag
limit more formal description and further detailnc

be obtained from [7].

2.3 Multi-swarm PSO

The main problem of using the basic PSO algo-
rithm in a dynamic environment is that eventually
the swarm will converge to a single peak — whether
global or local. When another peak becomes the
global maximum as a result of an environmental
change, it is likely that the particles keep ciatinlg
close to the peak to which the swarm has converged
and thus they cannot find the new global maximum.
Blackwell and Branke have addressed this problem
in [5] and [6] by introducing multi-swarms. Multi-

swarms are actually separate PSO processes. Each

particle is now a member of one of the swarms only
and it is unaware of other swarms. The main idea is
that each swarm can converge to a separate peak.
Swarms interact only by mutual repulsion that keeps
them from converging to the same peak. For a single
swarm it is essential to maintain enough diversiy
that the swarm can track small location changes of
the peak to which it is converging. For this pugpos
Blackwell and Branke introduced charged and quan-
tum swarms, which are analogues to an atom having
a nucleus and charged particles randomly orbiting i
The particles in the nucleus take care of the fine
tuning of the result while the charged particles ar
responsible of detecting the position changes. How-
ever, it is clear that, instead of charged or quent
swarms, any method can be used to ensure sufficient
diversity among particles of a single swarm so that
the peak can be tracked despite of small location

changes. As one might expect, the best results are
achieved when the number of swarms is set equal to
the number of peaks.

The repulsion between swarms is realized by
simply re-initializing worse of two swarms if they
move within a certain range from each other. Using
physical repulsion could lead to equilibrium, where
swarm repulsion prevents both swarms from getting
close to a peak. A proper limit closer to which the
swarms are not allowed to mowe,, is attained by
using the average radius of the peak basig, If p
peaks are evenly distributed in X",

r :X/pllN.

rep = rbas

3 The Proposed Techniques for
Dynamic Environments

3.1FGBF Technique

Fractional Global Best Formation (FGBF) is de-
signed to avoid the premature convergence by pro-
viding a significant diversity obtained from a peop
fusion of the swarm’s best components (the individ-
ual dimension(s) of the current position of each pa
ticle in the swarm). At each iteration in a PSOcpro
ess, an artificial GB particleaGB) is (fractionally)
formed by selecting best particle (dimensional)
components from the entire swarm. Therefore, espe-
cially during the initial steps, the FGBF can be&,an
most of the time, is a better alternative thanrthe
tive gbestparticle since it has the advantage of as-
sessing each dimension of every particle in the
swarm individually, and forming thaGB particle
fractionally by using the best components among
them. This process naturally uses the available di-
versity among individual dimensional components
and thus it can prevent swarm from being trapped in
local optima due to its ongoing and ever-varying
particle creations. At each iteration FGBF is per-
formed after the assignment of the swarmhest
particle (i.e. performed between steps 3.2 andr3.3
the pseudo-code d&fPSQ and, ifaGB turns out to
be better thagbest the personal best location of the
gbestparticle is replaced by the location of #&&B
particle and, sinc¥(t) = Yges(t), the artificially
created particle is thus used to guide the swarm
through thesocial component in (2) . In other
words, the swarm will be guided only by the best
(winner) between nativgbestand theaGB particle
at any time. In the next iteration, a na®B particle
is created and it will again compete against thre pe
sonal best ofibest(which can be also a formaGB
now).

Suppose that for a swarnd, FGBF is per-



formed in a PSO process in a dimenshbnRecall
from the earlier discussion that in a particularat
tion, t, each PSO particle, has the following com-

ponents: position X, (t)), velocity (V. ;(t)) and

the personal best positiorV{ ; ), j €{L,N}). As
the aGB patrticle is fractionally (re-) created from
the dimensions of some swarm particles at each it
eration, it does not need the velocity term aneeth
fore, it does not have to remember its personal bes
location.

Let f(a, j) be the dimensional fitness score of

the " component of the position of particieand
f (gbest ) be the dimensional fitness score of the

j™ component of the personal best position of the

Target: (X, Y1)

AybesI

—~

0

AXbesl

gbestparticle. Suppose that all dimensional fitness
scores (f (a, j),Vae {1, S andf (gbest ))
can be computed in step 3.1 and FGBF can then be
plugged in between steps 3.2 and 3.BRE0s
pseudo-code. Accordingly, the pseudo-code for
FGBF can be expressed as given in Table 2.

Step 2 along with the computation
of f (&, j) depends entirely on the optimization

problem. It keeps track of partial fithess contribu
tions from each individual dimension from each
particle’s position (the potential solution). Tala
instance the function minimization problem as Hlus
trated in Figure 1 where 2D space is used for-llus
tration purposes. In the figure, three particlesain
swarm are ranked as the 1st (or gies}), the 3rd
and the 8th with respect to their proximity to the
target position (or the global solution) of somedu
tion. Althoughgbestparticle (i.e. 1st rank particle)

is the closest in the overall sense, the particles
ranked 3rd and 8th provide the best x and y dimen-
sions (closest to the target’s respective dimesgion
in the entire swarm and hence @B particle via
FGBF vyields a better (closer) particle than the
swarm’s nativegbest

Figure 1: A sample FGBF operation in 2D space.

3.2FGBF Application for MPB

The previous section introduced the principles of
FGBF within abPSO process in a static environ-
ment. However, in dynamic environments this ap-
proach eventually leads the swarm to converge to a
single peak (whether global or local) and therefore
it may loose its ability to track other peaks. @ws/

of the peaks can become the optimum peak as a re-
sult of environmental changes, it is likely to l¢ad

a suboptimal convergence. This is the basic reason
of utilizing the multi-swarms with the FGBF opera-
tion within each of them. The mutual repulsion be-
tween swarms is implemented as described in Sec-
tion 2.3. For computing the distance between two
swarms we use distance of the global best locations
of the swarms. Instead of charged or quantum
swarms, FGBF is the entire mechanism to provide
enough diversity and thus to enable peak tracKing i
peaks’ location are slightly changed. We also re-
initialize the particle velocities after each ewowir
ment change to further contribute to the diversity.

Table 2: Pseudo-code of FGBF

FGBFinbPsO (&, f(a,]))
Leta[j]=arg m

aef |
thej" dimensional component.

XaGBj )= XAl (t) forvj e {1 N}
if f(gbest )> f(& ], ) thenx,gq (1) =
If ( f (XaGB(t)) > f(ygbes(t)) ) then ygbesl(t) =

Return.

o s~ WD

a{>1< N}( f (a, j)) be the index of particle yielding the maximuin(a, ] ) for

Ygbest j(t)
Xacd D) and y(t) = %cs(t)




Each particle a in a swarng, represents a po-
tential solution and therefore, th& gomponent of
an N-dimensional point X;,j €{LN}) is stored in

its positional component, ; (t) at timet. The aim

of the PSO process is to search for the centett poin
of the global maximum peak. Recall thatSce-
nario 2 of MPB the peaks used are all in cone shape
and finding the highest peak is, therefore, eqeival
to minimizing the Hx_cp(t)H term, whereg is a

position found by the algorithm,ép(t) is the cen-

ter point of the highest cone ade" is theEuclid-

ean distance between them. This
yields f (a, j) =—(XJ —Cp,-)z. Step 3.1 inbPSCs
pseudo-code computes the (dimensional) fitness
scores (f (a, j), f (gbest )) of the J" components
(X,jr Ygvest j) @and in step 1 of the FGBF process,

the dimensional component yielding maximum
f(a, j)is then placed imGB In step 3 these di-

mensional components are replaced by dimensional
components of the personal best position of theé
gbestparticle, if they yield even higher dimensional%
fitness scores. We do not expect that dimensiongj

fitness scores can be evaluated with respect to the |

optimum peak since this requires the a priori knowl
edge of the global optimum, instead we use either
the current peak where the particle resides oher t
peak to which the swarm is converging (swarm
peak). We shall thus consider and evaluate both
modes separately.

4 Experimental results

We conducted an exhaustive set of experiments
over the MPBScenario 2using the settings given in
Section 2.2. In order to investigate the effect of
multi-swarm settings, we used different numbers of
swarms and numbers of particles in a swarm. We
applied both FGBF modes using the current and
swarm peaks and to investigate how FGBF and
multi-swarms individually contribute to the results
we also made experiments without using one of
them.

Figure 2 presents the current error plot, which
shows the difference between the global maximum
and the current best result during the first 80000
function evaluation, when 10 swarms each with 4

IZvaffﬁ 77777777 [ Sl e T AT T

ily deteriorate. However, it is clear that aftenvien
ronment changes the results are better than tlye ver
beginning, which shows the benefit of tracking the
peaks instead of randomizing the swarm when a
change occurs. The figure also reveals other &pic
features of algorithm behavior. First of all, aftiee

first few environmental changes the algorithm is no
yet behaving as well as later. This is becausé¢heot
swarms have yet converged to a peak. Generally, it
is more difficult to initially converge to a narrow

low peak than to keep tracking a peak that becomes
narrow and/or low. It can also be seen that tyfyica
the algorithm gets close to the optimal solution be
fore the environment is changed again. In few
cases, where the optimal solution is not found, the
algorithm has for some reason been unable to keep a
swarm tracking that peak, which is too narrow.

30

15
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3 4 5 6 7 8
Number of evaluations x 10°

Figure 2: Current error at the beginning of a run

In Figure 3 and Figure 4 the contributions of
multi-swarms with FGBF are demonstrated. The
algorithm is run on MPB using same random num-
ber seed (same environment changes) first with both
multi-swarms and FGBF, then without multi-
swarms and finally without FGBF. Same settings
are used as before. Without multi-swarms the num-
ber of particles is set to 40 to keep the total lo@m
of particles unchanged.

As expected, the results without multi-swarms
are significantly deteriorated due to the aforemen-
tioned reasoning. When the environment is changed,
the highest point of the peak to which the swarm is
converging can be found quickly, but that can pro-
vide good results only when that peak happens to be

particles are used and the swarm peak mode is ap-the global optimum. When multi-swarms are used,

plied for the FGBF operation. It can be seen from
the figure that as the environment changes after
every 5000 evaluation, it causes results to tempora

but without using the FGBF, it is clear that thgaal
rithm can still establish some kind of follow-up of
peaks as the results immediately after environment



Current error

Current error

changes are only slightly worse than with FGBF.
However, if FGBF is not used, the algorithm can
seldom find the global optimum. Either there is no
swarm converging to the highest peak or the peak
center just cannot be found fast enough.

T

without multi-swarms
with multi-swarms

T T

L _1__J___
e
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,,%“ ,,,,,,,,,,,,,,
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Number of evaluations

Mendes and Differential

Mohais [18] ~ Evolution 1.750.03
Blackwell and

Branke [6] PSO 1.75+0.06
Moser and Extremal

Hendtlass [19] _ Optimization __0-66%0-02

The overall best results have been achieved by
the Extremal Optimization algorithm [19]; however,
this algorithm is specially designed for MPB ard it
applicability for other practical dynamic problems
not clear. The best results by a PSO-based algorith
have been achieved by Blackwell and Branke's
multi-swarm algorithm described in Section 2.3.
The numerical results of the proposed methods in
terms of the offline error are listed in Table 4ck
result given is the average of 50 runs, where each
run consists of 500000 function evaluations.

Table 4: Offline error usin§cenario 2

Figure 3: Effect of multi-swarms on results

without FGBF
with FGBF

L e e e e R

Number of evaluations

Figure 4: Effect of FGBF on results

For comparative evaluations, we selected 5 of
the state-of-the-art methods, which use the same
benchmark system, the MPB. The best MPB results
published so far by these competing methods are
listed in Table 3.

Table 3: Best results on MPB up to date

Offline
Source Algorithm error
Blackwell and
Branke [5] PSO 2.16+0.06
Li et. al[16] PSO 1.93+0.06

No. of No. of ~Swarmpeak Current

swarms  particles peak
10 2 1.81+0.50  2.58+0.55
10 3 1.22+0.43  1.64+0.53
10 4 1.0310.35  1.37+0.50
10 5 1.19+0.32  1.52+0.44
10 6 1.27+0.41  1.59+0.57
10 8 1.31+0.43  1.61+0.45
10 10 1.40+0.39  1.70+0.55
8 4 1.50+0.41  1.78+0.57
9 4 1.31+0.54  1.66+0.54
11 4 1.0940.35 1.41+0.42
12 4 1.11+0.30  1.46%0.43

As expected the best results are achieved when
10 swarms are used. 4 particles in a swarm turned
out to be the best setting. Between the two FGBF
modes, better results are obtained when the swarm
peak mode is used.

4 Conclusion

In this paper, we proposed a novel PSO tech-
nigue, namely, FGBF with the multi-swarms for an
efficient and robust optimization over the dynamic
systems. The technique can also be used over the
static optimization problems particularly as a dare
common drawback of the family of PSO methods,
pre-mature convergence to local optima. Realizing
that the main problem lies in fact at the inabibify
using the available diversity among the dimensional
components of swarm particles, the FGBF technique
proposed in this paper collects the best components



and fractionally creates a&aGB particle that has the

potential to be a better “guide” then the swarm'’s

native gbestparticle. On MPB we do not except to

receive fractional scores with respect to the dloba [11]
highest peak, but instead we use either the peak, o

which the particle is currently located (currenalge

or the peak to which the swarm is converging
(swarm peak). Especially swarm peak mode makes

it possible to find and track the global higheshalpe
successfully in a dynamic environment.

In order to make comparative evaluations with
the current state-of-the-art,
swarms is then applied over a benchmark system,
the MPB. The results over the MPB with common

FGBF with multi-

settings used (i.eScenario 2 clearly indicate the

superiority of the proposed technique over other

PSO-based methods.

Overall, the proposed technique fundamentally
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