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a  b  s  t  r  a  c  t

Optimization  in  dynamic  environment  is  considered  among  prominent  optimization  problems.  There  are
particular  challenges  for  optimization  in dynamic  environments,  so  that  the  designed  algorithms  must
conquer  the  challenges  in  order  to  perform  an  efficient  optimization.  In  this  paper,  a  novel  optimization
algorithm  in  dynamic  environments  was  proposed  based  on particle  swarm  optimization  approach,  in
which several  mechanisms  were  employed  to  face  the  challenges  in  this  domain.  In  this  algorithm,  an
improved  multi-swarm  approach  has been  used  for  finding  peaks  in  the  problem  space  and  tracking
them  after  an  environment  change  in an  appropriate  time.  Moreover,  a novel  method  based  on  change
ynamic environments
warm intelligence
oving Peak Benchmark
ulti-swarm

in velocity  vector  and particle  positions  was  proposed  to increase  the  diversity  of  swarms.  For  improv-
ing  the  efficiency  of the  algorithm,  a local  search  based  on  adaptive  exploiter  particle  around  the  best
found  position  as  well  as a novel  awakening–sleeping  mechanism  were  utilized.  The experiments  were
conducted  on Moving  Peak  Benchmark  which  is  the  most  well-known  benchmark  in this  domain  and
results  have  been  compared  with  those  of  the state-of-the  art  methods.  The  results  show  the  superiority
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of  the  proposed  method.

. Introduction

Optimization is considered among the most important problems
n mathematics and sciences. The importance of optimization and
ts numerous applications has inspired the scientists to investigate
n different aspects of it. Optimization problems could be seen in
eal-world applications, e.g. itinerary selection. The goal in all opti-
ization problems is to maximize or minimize one or more cost

unctions in a problem considering its limitations. While there are
 limited number of limitations in a problem space, it can be solved
asily. However, increasing limitations leads to an NP-hard prob-
em which needs a high computational cost to be solved. Therefore,
esearchers are continually seeking the efficient ways for solving
uch NP-hard problems. Meta-heuristic methods are among these
echniques.

Meta-heuristic methods present a computing method for solv-
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

ng optimization problems in which an iterative process for
nhancing the obtained solution is utilized until a terminating
tate is reached. Until now, most existing meta-heuristic methods
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have focused on static problems. In such problems, the problem 

space remains unchanged during the optimization process. How- 

ever, most optimization problems in real world are dynamic and 

non-deterministic, i.e. the problem search space changes during the 

optimization process. For example, scheduling tasks is a problem 

usually solved as a static optimization problem. However, by arriv- 

ing of a new task during the scheduling procedure, or occurrence of 

some other problems such as failures in resources, the search envi- 

ronment is changed from a static problem into a dynamic one. As 

a result, the previous static solutions may  no longer be applicable 

on the new environment. Such problems are called dynamic state 

optimization problems. 

In static optimization problems, finding a global optimum is 

considered as the main goal. On the other hand, finding a global 

optimum is not the only goal in dynamic environments and track- 

ing the optimum in the problem space is extremely important in 

this domain. In fact, the proposed methods for optimization in static 

environments fail to appropriately follow the optimum. Thus, such 

methods are not suitable to be used in dynamic environments and 

the necessity of finding different techniques involving different 

goal functions and different evaluation criteria for optimization in 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

dynamic environments is obvious. 62

In this paper, a new optimization method based on PSO has 63

been proposed, by presenting a set of consistency techniques with 64

the problem space for optimization in dynamic environments. To 65
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valuate the proposed method, Moving Peak Benchmark (MPB) has
een used, which is the best-known benchmark for evaluating opti-
ization methods in dynamic environments.
The rest of the paper is organized as follows. Section 2 reviews

he previous literature on the subject. Section 3 explains the
roposed method for solving optimization problems in dynamic
nvironments. Section 4 is dedicated to the experiments and the
btained results. The last section concludes the paper and presents
he scope of the future works.

. Related work

Using meta-heuristic methods for optimization in dynamic
nvironments has its own  challenges which do not exist in static
nvironments. The most important challenges encountered by
eta-heuristic methods in dynamic environments are outdated
emory and diversity loss.  The outdated memory challenge exists

n optimization in dynamic environments, because when the envi-
onment changes, the fitness value of the obtained solutions will
hange and will no longer correspond to the stored value in the
emory used by these methods.
Diversity loss occurs because of the intrinsic nature of meta-

euristic methods for convergence. The reason for this challenge
s the inherent characteristic of these algorithms for converging to
he previous optimum position and the exorbitant proximity of the
olutions to each other. The easiest way to solve these two issues
s re-initialization [1].  In re-initialization, we look at the changed
nvironment as a new problem and re-start the optimization
ethod using the changed environment. However, due to this fact

hat the efficiency of the optimization process in the changed envi-
onment could be improved using the knowledge acquired from
he previous environment, the re-initialization methods imply the
oss of all the knowledge obtained so far from the problem space.

In the following, the presented solutions for resolving these two
ain challenges are studied in details. The first challenge, i.e. out-

ated memory, is of less importance compared to the other one, and
wo solutions have been proposed for it, which are forgetting mem-
ry and re-evaluating memory [2].  These two solutions are also
sed for optimization methods which use the memory for storing

nformation obtained from the problem space. In forgetting mem-
ry method, the position stored for each solution will be replaced
y its position in the new environment. In re-evaluating memory
ethod, the stored positions in the memory are re-evaluated.
Several solutions have been proposed for the second challenge,

.e. diversity loss. The solutions have been classified into two main
ategories: presenting diversity methods and diversity mainte-
ance methods.

.1. Presenting diversity methods

In this category, the algorithms allow the diversity loss to occur,
nd afterward they try to solve it. They are divided into two  sub-
ategories as well:

.1.1. Mutation and self-adaptation
In this subcategory, the algorithms try to generate the lost

iversity in the environment by performing mutation and self-
daptation. In [3],  an adaptive mutation operator called Triggered
yper-Mutation was proposed as a coefficient which was multi-
lied by the normal mutation. In [4],  a chaotic mutation is used
daptively to create diversity in the environment. Another method
s proposed in [5],  introducing a variable local search which solves
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

he problem of constancy in mutation step size in [3] by making
t adaptive. Replacing the random solutions by the previous suit-
ble solutions after the environment change is another strategy
uggested in [6] for producing diversity. In [7] a variable relocation
 PRESS
puting xxx (2013) xxx–xxx

method has been proposed which relocates the solutions according 

to the amount of change in the fitness function value at the time 

of the environment change, performing such relocations for each 

solution with different radiuses. Also, in [55] a hyper-reflection 

scheme is presented for optimization in dyanmic environments. 

2.1.2. Other approaches 

There are other methods proposed for creating diversity in the 

environment after discovering a change in the environment. In [8],  

a method called RPSO has been proposed for randomizing some or 

all of the solutions after detecting changes in the environment. In 

[9],  another algorithm called PBIL (Population-Based Incremental 

Learning) is presented which uses a flexible probability vector for 

generating solutions. In [56] a hybrid approach for dynamic contin- 

uous optimization problems is presented and in [57] a cooperative 

meta-heuristic approach configured via fuzzy logic and SVMs.

2.2. Diversity maintenance methods

In this method, it is tried to keep diversity in the environment
at all times (before and after the change). The proposed algorithms 

in this category are divided into three subcategories: 

2.2.1. Dynamic topology
Algorithms in this subcategory try to decrease the rate of algo- 

rithm convergence into a global optimum by limiting the existing 

communications among solutions, and thus keep the diversity in 

the environment. In [10], a method called FGPSO with a proximity 

structure similar to a grid is proposed for maintaining diversity. In 

[11], HPSO has been proposed for preserving diversity, with its hier- 

archical and pseudo-tree structure. Another method, called Cellular 

PSO [12] has been suggested for optimization in dynamic environ- 

ments, and this method utilizes the local information exchange 

and cellular automata distribution features. In [13], the presented 

model in [12] has been improved by changing the roles of some 

particles to quantum particles just after the environment change. 

2.2.2. Memory-based methods 

When the environment changes are periodical or recurrent, it 

will be very useful to store previous optimal solutions for using in 

the future. Memory-based methods try to store such information. 

These methods have been usually suggested for evolutionary meth- 

ods such as GA and EDA which are genetic-based. Memory-based 

methods themselves can be divided into two  main subclasses of 

implicit memory and explicit memory. 

2.2.2.1. Implicit memory. In this subcategory of memory-based 

methods, memory is integrated with meta-heuristic methods as a
redundant representation. Redundant representation using diploid 

genomes is the most widely used method in this subclass [14,15]. In 

diploid genome, each solution consists of two  alleles in every locus. 

In [14,15],  two methods based on diploid genetic algorithms have 

been proposed for optimization in dynamic environments using 

implicit memory methods. 

2.2.2.2. Explicit memory. In this subclass, memory is created explic- 

itly. This subclass has its own  two  subclasses as follows: 

(a) Direct memory: most of the times, direct memories include the 

previous suitable solutions [16], but in some cases solutions 

with the most diversity are also kept in memory. 

(b) Associative memory: a wide variety of information is stored 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

in associative memories, such as the maintained information 181

about the environment in certain times, a list of environment 182

variables and the probability of their state change [17], the 183

probability of occurrence of a suitable solution in a certain 184

dx.doi.org/10.1016/j.asoc.2012.12.020
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       initialize xi , vi
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repeat: 
   for each Particle i  [1 .. N]
         update vi using Eq. (1) 
         Check the velocity boundaries. 
         update xi using Eq. (2) 
          perform absorbing walls [44,60] for particle position ; 
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Pi=xi 
          endif 
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 endfor
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region [18], the probability vector for generating the best solu-
tion [19], the probability of feasible regions [20], and so forth.

.2.2.3. Other approaches. Other methods have also been presented
or maintaining the diversity in the environment after detecting
hange in the environment. In [21], a Sentinel Placement method is
sed for diversity maintenance. In this method, a series of sentinels
istributed in the search space are utilized in order to generate

 new population. In [22], using Random Immigrant method has
een proposed in which in every generation a number of random
olutions are added to the population to preserve diversity. In [23] a
ulti-objective method is proposed in which two  goal functions are

mplemented. The first one is the main goal function, and the second
ne is a goal function for keeping diversity in the environment.
urthermore, in [24], a method based on fitness sharing is suggested
n order to preserve diversity.

.3. Hybrid methods

This category is a hybrid of both presenting diversity and diver-
ity maintenance methods. This means that diversity is maintained
uring execution, and also diversity creation is considered in the
nvironment, in case of change in the environment. The algorithms
resented in this category can be categorized as follows:

.3.1. Multi-population
In this subcategory of algorithms, a number of subpopulations

re used for covering different regions of the search space. All sub-
opulations usually have the similar tasks, but they may  also have
ifferent tasks. In [25], a method called Shifting Balance Genetic
lgorithm (SBGA) has been proposed in which a number of small
ubpopulations are responsible for global search in the problem
pace, and a large subpopulation is responsible for tracking the
hanging peaks. Another approach is suggested in [26] and it is
alled Self Organizing Scouts (SOS), which contrarily uses a big sub-
opulation for global search and a number of small subpopulations
or tracking changes. This strategy has also been proposed with
ther meta-heuristic methods such as Genetic Algorithm in [27]
nd Differential Evolution in [28]. In [29] and [30], two  methods
imilar to SOS are proposed, called FMSO and MPSO, in which a
arent type is responsible for exploring the search space for dis-
overing existing promising areas in the environment, and a series
f child types has the task of local search. Another approach is to
se a population for both local search and global search simulta-
eously. In [31], a population is first used to global search, and when
n optimum is discovered, the population is divided into two  sub-
opulations, one responsible for tracking optimum changes and
nother responsible for global search. In [32–34] speciation based
SO approaches are proposed for optimization in dynamic envi-
onments. Also in [35], a regression-based approach named rSPSO
s suggested for enhancing the convergence rate using speciation
ased methods. In [36], a technique named SPSO is proposed in
hich every cluster is divided into two. The first cluster is respon-

ible for exploitation and the second one is in charge of exploration.
n [37], a method based on clustering is proposed for creating sub-
opulations, and in [38], this method has been improved and has
een named PSO-CP. It uses simplifications such as removing the

earning procedure, and reducing the number of phases for cluster-
ng from two  phases to only one phase. In [39] two multi-population

ethods, namely mQSO and mCPSO, are proposed. In the former
ne, quantum particles and in the latter one, charged particles are
sed to generate diversity. In [40], an approach for enhancing this
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

ethod is proposed by making the number of subpopulations adap-
ive, and it is named AmQSO. It has significantly improved the
erformance of the algorithm. In [41] a method for optimization

n dynamic environments is proposed and it is based on composite
   until stopping criterion is met 

Fig. 1. PSO algorithm pseudo-code [44,60].

particles. This method has an acceptable efficiency. Finally, in [58]
a new approach based artificial fish swam algorithm represented. 

3. Finder–tracker multi-swarm PSO (FTPSO) 

In this section, a novel algorithm based on PSO is proposed for
optimization in dynamic environments. PSO is one of the swarm 

intelligence methods proposed by Kennedy and Eberhart in 1995
[42]. In the following, we  briefly describe PSO algorithm as the base 

approach of the proposed method. 

Let N be the population size. For the ith particle (1 ≤ i ≤ N) in a 

D-dimensional space, the current position is xi = (xi1, xi2, . . .,  xiD), 

and the velocity is vi = (vi1, vi2, . . .,  viD). During the optimization 

process, the velocity and the position of every particle in every step 

is updated using Eqs. (1) and (2):  

vi,j(t + 1) = �(vi,j(t) + c1R1
i,j(Pi,j(t) − xi,j(t)) + c2R2

i,j(Gj(t) − xi,j(t))) 

(1) 

xi(t + 1) = xi(t) + vi(t + 1) (2) 

In which vij is equal to the jth dimension of the ith particle veloc- 

ity. c1 and c2 are acceleration coefficients. R1 and R2 are two  random 

numbers with a uniform distribution in the range of [0,1]. � is the 

constriction factor which reduces the particles velocity during the 

optimization process [43]. Pi(t) is the best position found so far by 

particle i by the time t (particle i’s best individual experience) and 

G(t) is the best position found so far by all members by the time t 

(the best group experience). Particle i’s best individual experience 

can be computed using Eq. (3): 

Pi(t + 1) =
{

Pi(t), if f (xi(t + 1)) ≥ f (Pi(t))

xi(t + 1),  if f (xi(t + 1)) < f (Pi(t))
(3) 

in which f(x) is the fitness value of vector x. The best group experi- 

ence is calculated by Eq. (4): 

G(t + 1) = arg min
Pi

f (Pi(t + 1)), 1 ≤ i ≤ N (4) 

Pseudo-code of PSO algorithm is demonstrated in Fig. 1. 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

The proposed algorithm which is extended version of PSO algo- 278

rithm has been designed based on particular challenges of dynamic 279

environments. The proposed algorithm uses various mechanisms 280

in order to remove the dynamic environment challenges, and to 281

dx.doi.org/10.1016/j.asoc.2012.12.020
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Finder _mov e() 
intt rac ker_size  = nu mber of parti cles i n eac h t rac ker_swarm 
for eac h parti cle i infind er_swarmF 
   upd ate VF,i based on  Eq. (1); 
   chec k Velocit y bound aries; 
   upd ate XF,i based on  Eq. (2); 
   perform ab sorbing  wall s [44 ,60] for parti cle po sition  ; 
   upd ate Pb estF,i based on  Eq. (3); 
   upd ate GbestF based on  Eq. (4); 
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if finde r_swarm is conve rged   then
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acti vate an i nacti ve_ t rac ker _swarm y
for coun ter=1 t o  t rac ker_size

Xy,coun ter= XF,li st(counter);
Vy,coun ter= VF,li st(counter);
Pbesty,coun ter= Pb estF,li st(counter);

end for

Gbe sty = GbestF;
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333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

an environment change, optimization algorithms encounter two 375

prominent problems of invalid memory and remarkable diversity 376

reduction in swarms. Consequently, the algorithms designed for 377

finder _exc lusion()
for eac h acti ve_trac ker_swarmi

if Eucli dian distance  betwee n Gbes tF and  Gbesti is l ess t han rexclthen
end for 

Fig. 2. Pseudo-code for tracker swarm movement.

mprove efficiency. In the following, the various mechanisms used
n the proposed algorithm will be discussed.

.1. Eliminating the potential optimums’ coverage challenge

As previously mentioned, there are many peaks in most of
ynamic environments, every one of which can change into a
lobal optimum after environment change. This implies that each
eak can be a potential optimum. Therefore the algorithm which

s designed for optimization in a dynamic environment should
bserve all the peaks so as to quickly detect the optimum peak
fter environment change.

In the proposed algorithm, a multi-swarm mechanism is used to
over the peaks. There are several particle swarms in the proposed
lgorithm which are responsible to observe all the existing peaks
n the problem space. The mechanism used in the proposed algo-
ithm to control swarms in a finder-tracker type. Hence, there is one
nder swarm and several similar tracker swarms. The finder swarm

s the one whose number of particles exceeds that of the tracker
warms, and is responsible for finding the peaks. At the beginning
f algorithm execution, only the finder exists in the search space,
nd other swarms are inactive, i.e. their particles make no move. At
rst, the particles in the finder swarm are randomly initialized in
he problem space, and they start the search. When the finder con-
erges into a peak, it activates a tracker swarm to be replaced on the
nder position placed at the peak. After activation and placement
t the peak found by the finder, the tracker swarm covers the peak
nd will be responsible for following that peak after environment
hange. Furthermore, finding the top of the peak by a local search
s another responsibility of the tracker swarm placed at that peak.
he pseudo-code for the movement of the finder is shown in Fig. 2.

As already mentioned, the number of particles in the finder
warm exceeds the number of particles in each tracker swarm. Thus,
uring the replacement of a tracker swarm on the finder swarm,
he better particles’ parameters in the finder swarm are copied into
hose of the tracker swarm. For instance, if there are 10 particles
n the finder swarm and 6 in the tracker swarm, then the veloc-
ty,  position, and Pbest components of the 6 particles in the finder
warm with a better Pbest fitness value are copied into those 6 parti-
les in the tracker swarm. After tracker swarm activation, the finder
articles are once more randomly initialized in the problem space.
herefore, performing local search and covering the peaks are the
unctions of the tracker swarm particles, and the finder swarm starts
ts search for discovering other peaks not already found and not
lready covered by active tracker swarms. The aforementioned pro-
ess will continue until all the peaks are covered by tracker swarms,
nd the finder replaces a tracker swarm after finding each uncov-
red peak and activates it. The finder has found a peak and has
onverged to it, when the Euclidean distance of Gbest position in
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

ts mth iteration and Gbest position in its (m + n)th iteration is less
han a threshold value called Conv limit. The pseudo-code for acti-
ation and replacing a tracker swarm in a newly found peak by the
nder is shown in Fig. 3.
end if

Fig. 3. Pseudo-code for activating a tracker swarm.

If the finder finds a peak which is already found, then it is
reinitialized without activating a tracker swarm. In fact, the peaks
previously found by the finder are covered by one active tracker
swarm. As a result, when the Euclidean distance of Gbest position
for the finder swarm and Gbest position of an active tracker swarm
is less than a certain number rexcl, it means that the finder has con- 

verged into a peak already found. The value of rexcl in the proposed 

algorithm is determined according to [39]. 

In [39] it was  illustrated that two  swarms whose Gbests 

Euclidean distance is less than rexcl = 0.5 × (X/p1/d) have converged 

into one peak. In the mentioned equation, p is the number of peaks, 

d is the number of dimensions in the problem space, and X indi- 

cates the length of the search space in every dimension. So in every 

iteration of algorithm execution, the Euclidean distance of Gbest 

position for the finder swarm and Gbest position of all active tracker 

swarms in the problem space is calculated, and if its amount is less 

than rexcl for any of the tracker swarms, then the finder is reinitial- 

ized. The pseudo-code for establishing exclusion between the finder 

swarm and the tracker swarms is illustrated in Fig. 4. 

Sometimes, it is possible that the finder is converged before 

reaching a peak. Therefore, it replaces a tracker swarm in its place 

and activates it. This tracker swarm may  move toward a peak which 

is previously covered by another active tracker swarm. As a result, 

there will be two  active tracker swarms in a peak. Moreover, some- 

times two  covered peaks may  get very close to each other and the 

tracker swarm in one peak may  leave its covered peak and move into 

the other peak. This also means that one peak will be covered by 

two active tracker swarms. Such situations not only do not improve 

results, but also lead to performing inefficient fitness evaluations. 

To solve this problem, the Euclidean distance of Gbest position in all 

involving active tracker swarms should be calculated in every iter- 

ation. Therefore, two swarms with a Gbest distance of less than rexcl
are placed at one peak. In this case, the swarm with worse fitness 

value will be deactivated, and the other swarm will continue its 

function. This situation is a local relation between activated tracker 

swarms whose Gbests distance is less than rexcl. The pseudo-code for 

establishing exclusion among active tracker swarms is illustrated in 

Fig. 5. 

3.2. Environment change 

One of the major challenges in dynamic environments is detec- 

ting environment change and to adapt the algorithm against 

the outcomes of the problems. As mentioned in Section 2, after 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

Reiniti ali zefinde r_swarm;
end if

end for

Fig. 4. Pseudo-code for exclusion between the finder swarm and tracker swarms.
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ARTICLE ING Model
ASOC 1852 1–15

D. Yazdani et al. / Applied Soft Com

tracker s_exc lusion()
for eac h acti ve_trac ker_swarmi

for eac h acti ve_trac ker_swarm j
if Eucli dian distance  betwee n Gbes ti and  Gbestj is l ess t han rexcl then

if F(Gbesti)< F(Gbestj) then

ina cti vate trac ker_swarm j;
else

ina cti vate trac ker_swarm i;
end if

end if

end for
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end for

Fig. 5. Pseudo-code for exclusion among tracker swarms.

ynamic environments should be able to detect the environment
hanges quickly so that they can use their utilized mechanisms to
liminate these two problems.

To detect environment change in the proposed algorithm, a
oint with a random position called test point is selected in the
earch space at the beginning of algorithm execution, and its fitness
alue is stored. In every iteration of the proposed algorithm execu-
ion, the fitness value of test point is evaluated and compared to its
revious result. If the two results in two subsequent executions are
he same, it means the environment has not changed. On the other
and, their difference illustrates a change in the environment.

It must be noted that using test point is only adequate for those
ynamic environments in which change occurs globally. If the
hange is local, then it may  not occur in the vicinity of test point
osition, and therefore using test point can no longer be useful to
etect environment change. If changes happen in the neighbor-
ood of an optimum, Gbest position of the best swarm can be used
s test point. To do so, Gbest value of the best swarm is evaluated
t the end of every iteration of algorithm execution, and this value
s compared with the value previously stored. If the two values are
ifferent, it means the environment has changed. But if the change

s local, and the change neighborhood in the environment is also
ndetermined, then Gbest fitness value must be evaluated for all
warms at the end of each iteration. If the obtained results in any of
he swarms differ from the stored value, it means the environment
as changed.

After detecting change in the environment, the mechanisms for
liminating the problems of diversity loss in the swarms and invalid
emory will be deployed.
After detecting change in the environment in the proposed algo-

ithm, the diversity increase mechanisms are executed first. In fact,
he diversity problem in the proposed algorithm results from the
act that before the environment change, the existing particles in
racker swarms have converged into the peak positions they have
overed. In this situation, the distance of particles positions in each
f the tracker swarms are considerably close to each other and their
elocity components will be near zero. Also, the distance of parti-
les Pbest positions and the swarm Gbest will be substantially close
o each other.

In such conditions, the particles positions and their Pbest will
emain around the previous position of the peak after relocating
he peak covered by a tracker swarm, and they cannot move toward
he new position of the peak. The reason behind this problem is that
n PSO, particles movement toward the new position is according
o their velocity obtained by Eq. (1).  As can be seen in Eq. (1),  the
articles velocity is determined by their previous velocity, the vec-
or between particles positions and Pbest, and the vector between
articles positions and Gbest, all of which are near zero after the
nvironment change. As a result, the diversity in the swarm will be
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

onsiderably low, and the particles cannot move.
To solve this problem in the proposed algorithm, a new mecha-

ism is deployed on the active tracker swarms. In this mechanism,
he positions of all the particles in the tracker swarms will change
 PRESS
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according to their position before the environment change. Before 

the environment change, Gbest is the nearest position that every 

active tracker swarm has found to its covered peak. After the envi- 

ronment change, the new position of the peak will be inside the 

space with a radius of Shift length according to its previous position. 

Therefore, to increase the speed of finding the new position of the 

peak, the particles should be uniformly and randomly distributed 

in the vicinity of the swarm Gbest position and in the space whose 

difference value from its previous position is determined by Shift 

length.  Consequently, a swarm will expand according to the space 

that should be searched for better values. After the environment 

change, the new position of particle j in the tracker swarm i can be 

calculated by Eq. (5): 

Xi,j = Gbesti + (RandD(−1, 1) × P × Severity) (5) 

in which D is the number of problem dimensions, and Rand function 

produces a D-dimension vector of random numbers with a uniform
distribution in the range of [−1,1]. P determines the radius based 

on which the particles should scatter around Gbest according to 

Shift length.  Indeed, P × Shift length indicates the maximum distance 

value that particles positions can have according to Gbest in every 

dimension. 

As it was  mentioned, the velocity components value of the parti- 

cles is near zero after the environment change. To increase diversity 

in the proposed algorithm, the velocity components value of the 

particles is determined randomly, according to Shift length after 

detecting environment change. Therefore, by adjusting the velocity 

and position of the particles based on Shift length,  we can put the 

tracker swarms in a condition where the new position of the peak in 

the new environment could be found quickly. The particles velocity 

vector is calculated by Eq. (6): 

Vi,j = RandD(−1, 1) × Q × Severity (6) 

in which Q determines the maximum percentage of Shift length by 

which the particles velocity components should be chosen. 

When the position of the particles in active tracker swarms has 

been chosen according to their Gbest and Shift length,  every parti- 

cle’s Pbest is equal to its new position (Pbesti,j = Xi,j). Then, the new 

Pbest fitness values are calculated and their best will be considered 

as Gbest. So the previous memory of the particles in active tracker 

swarms resets and the invalid memory problem is also resolved. 

There is no need to increase diversity in the finder swarm after 

the environment change, since this swarm is automatically reini- 

tialized automatically after convergence, but its associated memory 

should be updated so that it can continue to search with a valid 

memory after the environment change. To update the memory of 

the finder swarm, Pbest position fitness for all particles in the finder 

swarm is calculated first, and then their best value is considered 

as Gbest. The pseudo-code for the mechanisms after detecting the 

environment change is shown in Fig. 6. 

3.3. Mechanisms for performance improvement

Two  different mechanisms are used in the proposed algorithm 

to improve its performance, which are discussed as follows. 

3.3.1. Awakening and sleeping active tracker swarms
After the environment change, every active tracker swarm 

moves toward the peak where it is placed by performing a local 

search. Among the active tracker swarms, this task is much more 

important for the swarm placed near the highest peak. In fact, the 

value of the current error is determined according the results of
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

the swarm whose Gbest fitness value is better than the rest of the 488

swarms. Therefore, other active tracker swarms do not contribute 489

to determining the result in the current environment, but perform- 490

ing a local search is important for them as well. If these swarms do 491

dx.doi.org/10.1016/j.asoc.2012.12.020
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After  Enviro nment Change ()

for eac h acti ve_trac ker_swarmi
for eac h parti cle j

Upda te Xi,j using  Eq.  (5)
Upda te Vi,j using  Eq.  (6)
Pbesti,j= Xi,j
Evaluate f( Pbes ti,j );

end for

( )jiPbesti PbestfGbest
ji

,
,

maxarg=

end for

for eac h parti cle k i n find er_swarm
Evaluate f( Pbes tF,k);

end for

( )kFPbestF PbestfGbest
kF

,
,

maxarg=
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and if its fitness value is better than Gbestbest fitness value, Gbestbest 574

position is updated as shown in Eq. (8): 575

Gbestbest = XR (8) 576

Tracker _mov e()

for eac h Acti ve_trac ker_swarm   j
if Active_ tracke r_swarm  j is awake then

for eac h parti cle k in Acti ve_trac ker_swarmj
update Vj,k based on  Eq. (1)
chec k Velocit y bound aries
update Xj,k based on  Eq. (2)
perform ab sorbing  wall s [44 ,60] for parti cle po sition  ;
update Pb estj,k based on  Eq. (3)
update Gbestj based on  Eq. (4)

end for
ig. 6. The pseudo-code for mechanisms after detecting the environment change.

ot perform a local search, their distances from their peaks may
ncrease after several environment changes and peak relocations,
nd they may  even lose it. As a result, performing a local search
s essential for all active tracker swarms after the environment
hange.

After a swarm approaches its goal by performing a local search,
t performs yet another local search in order to improve the accu-
acy of the result. As previously noted, the obtained result from
very environment is determined by the swarm residing near the
ighest peak. Therefore, this swarm should perform more accurate

ocal searches to improve results. One way to perform more accu-
ate local searches is to give more chance for performing another
ocal search. But for performing such a task in dynamic environ-

ents, there is a little time until the environment change, due to
he high frequency of the environment change influenced by the
umber of fitness evaluation. As a result, each swarm will have

 limited number of iterations to perform local searches before
he next environment change, and this can turn into a challenge
hen the number of active tracker swarms in the problem space

s considerable. In this case, the algorithm performs many fitness
valuations in every iteration of its execution, and so the swarms
nd a limited number of chances to be executed before the next
nvironment change.

To improve performance and to give more chance for the swarm
earest to the highest peak, a sleeping–awakening mechanism is
sed for the active tracker swarms in the proposed algorithm. In
his mechanism, the active tracker swarms can have two different
tates of sleeping and awakening.  The awake tracker swarm is the
warm whose particles exist in the problem space and evaluate
tness in the search process, and whose particles relocate in every

teration of the algorithm execution. The asleep tracker swarm is
he swarm whose particles exist in the problem space, but they do
ot move and do not perform fitness evaluation.

In this mechanism, all active tracker swarms are awakened
fter each environment change, and they perform the optimiza-
ion process. As discussed earlier, the active tracker swarms placed
t non-optimum peaks should perform a local search after each
nvironment change so as not to increase their distance from their
overed peaks. However, continuing the local search for improving
ccuracy, after drawing near their peaks, is not helpful for these
warms and has no effect on the algorithm outcome. Therefore, as
oon as an active tracker swarm residing at a non-optimum peak
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

ets close to its goal, it is asleep.
By applying this mechanism, after active tracker swarms placed

t non-optimum peaks in the current environment have reached
end for 

Fig. 7. Pseudo-code for sleeping–awakening mechanism.

their goals, they are asleep and they stop fitness evaluation until 

the next environment change. So a considerable number of inef- 

fective fitness evaluations are eliminated and this time could be 

used to give more chances to the swarm placed at the global opti- 

mum  peak. Therefore, it leads to performing more local searches in 

the neighborhood of the global optimum position, which results in 

an improvement in performance and accuracy of the algorithm.
In the proposed algorithm, particles velocity components are

used to determine whether a swarm has reached its goal or not. 

Indeed, when a swarm converges to the position of its goal and
approaches it, particles velocity decreases. In the proposed method, 

there exists an L parameter. When all particles velocity components 

in an active tracker swarm are in the range of [−L,L], it means the 

swarm has approached its goal, and it must be asleep. It is worth 

mentioning that in every environment, the swarm including the 

best Gbest fitness value among all active tracker swarms will not 

be asleep. Furthermore, all asleep swarms will awaken after detec- 

ting environment change. The pseudo code for sleeping–awakening 

mechanism is depicted in Fig. 7. 

Therefore, the movement of active tracker swarms is per-
formed as illustrated in pseudo code in Fig. 8, according to the 

sleeping–awakening mechanism. 

3.3.2. Using exploiter particle
In the proposed algorithm, a new strategy based on an exploiter 

particle is used in order to increase local search capability around
the best position found by the active tracker swarms. For this pur- 

pose, there is a cloud with a radius rcloud, whose center is the Gbest 

position of the tracker swarm involving the best Gbest fitness value 

among all tracker swarms. There is a exploiter particle which can 

relocate in the cloud n times. The exploiter particle position in the 

cloud is determined randomly according to Eq. (7):  

XR = Gbestbest + RandD(−rcloud, rcloud) (7) 

in which XR shows the exploiter particle position, and Gbestbest is 

the best Gbest in all active tracker swarms. Rand function gener- 

ates a D-dimensional vector of random numbers in the range of 

[−rcloud,rcloud] with a uniform distribution. Every time the exploiter 

particle position is obtained by Eq. (7), its fitness value is calculated 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

end if

end for

Fig. 8. Pseudo-code for movement of tracker swarms.
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Rand om_local_searc hing ()

forE_try=1 :  n
Obtain Exp loit er particle po sition  XR by Eq. (7)
if f(Gbe stbest) < f(XR) then

Gbe stbest = XR
end if

end for

Obtain CF using  Eq.( 9)

I577

c578

p579

n580

n581

p582

t583

c584

585

i586

t587

p588

a589

s590

u591

592

i593

i594

r595

a596

C597

i598

r599

b600

t601

i602

f603

l604

r605

a606

b607

r608

609

w610

n611

a612

d613

d614

1615

4616

617

P618

m619

p620

d621

e622

r623

624

t625

Propose d Algo rithm: 

//find er_swarm Initi alizati on 
for eac h parti cle I i n find er_swarm 
       Rando mly i niti alize  VF,i , Pb estF,i = XF,i 
       Evaluate f( Pbes tF,i) 
       Gbe stF=arg max(f(Pb estF,i)) 
end for 
Rando mly i niti alize  Tes t_po int 
Evaluate f( Tes t_po int) 
Repea t 

      Find er_mov e() ; 
      Find er_exclusion() ; 
      Activation() ; 
      Trac kers_mov e() ; 
      Rando m_loca l_sea rching() ; 
      Trac kers_exclusion() ; 
      Slee ping_ awakening() ; 
      Evaluate f( Tes t_po int) 
      if new value i s diff erent  from previou s value then 
            Wake up  all  aslee p acti ve_trac ker_swarm; 
            After_env iromen t_change() ; 
      end if 
Until  nu mber of performed fun ction  evaluation s > max 
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App ly Eq. (10) on  rClou d based on  CF    

Fig. 9. Pseudo-code for random local searching.

f Eq. (8) is performed, the position of the cloud center, i.e. Gbestbest,
hanges. So the position of the cloud will also change. But if the
osition of the exploiter particle is worse than Gbestbest, Eq. (8) will
ot be performed, and Gbestbest position and the cloud position will
ot change either. Eq. (7) will perform E try times for the exploiter
article, and in the best case, Gbestbest position will improve E try
imes and in the worst case, its position will not encounter any
hanges.

Since the exploiter particle is used for performing local searches
n the proposed algorithm, the size of the cloud should match
he space which is searched for finding better positions. For this
urpose, the cloud should decrease as the local searches improve
nd the space explored for finding better values decreases. Con-
equently, the probability of finding better positions increases by
sing Eq. (7).

To decrease rcloud value, we should multiply its value by a pos-
tive number less than one called contraction factor (CF) in every
teration. In the proposed algorithm, an equation for generating a
andom number is used to calculate this number in every iteration,
s shown in Eq. (9):

F = CFmin × (Rand × (1 − CFmin)) (9)

n which Rand is a function for random number generation in the
ange of [0,1] with a uniform distribution, and CFmin is the lower
ound of contraction factor value. The reason for using Eq. (9) is that
his equation can generate the contraction factor without consider-
ng the problem information, particularly the environment change
requency. So it can be used in different situations in dynamic prob-
ems. Determining CF should be randomly done in an adequate
ange, i.e. [CFmin,1]. Therefore choosing a suitable CFmin will have
n important role in generating an adequate CF.  After choosing a CF
y Eq. (9),  rcloud value will be updated according to Eq. (10):

cloud = rcloud × CF (10)

It must be noted that after the environment change, rcloud value
ill be reset so as to perform a local search in the neighborhood of a
ew position. The pseudo-code of the final module of the proposed
lgorithm, i.e. exploiter particle is illustrated in Fig. 9. Finally, after
escribing all modules of the proposed algorithm, the main proce-
ure for performing the proposed algorithm is demonstrated in Fig.
0.

. Experiments

In this section, we have tested proposed algorithm on Moving
eaks Benchmark (MPB) [45,53], which is the best-known bench-
ark in dynamic environments optimization [54]. The reason for its

opularity among the researchers is that this benchmark can pro-
uce numerous and various conditions and situations of dynamic
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

nvironments. By utilizing this benchmark, we can study algo-
ithms performances from different aspects.

In order to measure the efficiency of the algorithms, offline error
hat is the average of the difference between fitness of the best

655
Fig. 10. Pseudo-code of main procedure of the proposed algorithm.

solution found by the algorithm and fitness of the global optimum
is used [45,53]. 

offline error = 1
FEs

FEs∑
t=1

fitness(Gbest(t)) − fitness(global optimum(t))

(11)

where FEs is the maximum function evaluations, and Gbest(t) and 

global optimum(t) are the best position found by the algorithm and 

the global optimum at the tth fitness evaluation, respectively. In 

other word, the amount of offline error equals to the average of 

all current errors which is defined in time t as deviance between 

the best found position by the algorithm in time t in the current 

environment and the position of the global optimum in the current 

environments. The value of Offline error is constantly a non-negative 

number, where it is zero in the ideal situation.

4.1. Reflections on parameter settings 

In this section, the effect of different values of the parameters of 

the proposed algorithm is studied on the algorithm efficiency. The 

main objective in this section is to determine appropriate parame- 

ter values by performing various experiments. The experiments in 

this section are executed in MPB  Scenario 2, which is considered 

as one of the best-known benchmarks. MPB  parameters setting 

for this scenario, also called standard setting for this benchmark 

[45,53],  is illustrated in Table 1. 

The initial configuration of the proposed algorithm is as follows: 

rexcl parameter is considered according to [39]; the number of par- 

ticles in tracker swarms is equal to 5 as mentioned in [40]. The 

number of particles in the finder swarm is 10 by default. The values 

of P and Q in Eqs. (5) and (6) are set to 0.5 by default. In addition, two  

mechanisms including exploiter particle and awakening–sleeping 

are inactive. Every experiment is executed 50 times. Also, in every 

experiment the initial position of the particles and the peaks are 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

determined randomly and with different random seeds. Termina- 656

tion condition of the algorithm is 100 environment changes or, in 657

other words, 500,000 fitness evaluations. 658
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Table 1
Setting standard parameters for MPB.

Parameter Value

Number of peaks, M 10
Change frequency 5000
Height change 7.0
Width change 1.0
Peaks shape Cone
Basic function No
Shift length 1.0
Number of dimensions, D 5
Correlation coefficient, � 0
Peaks location range [0–100]
Peak height [30.0–70.0]
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Table 3
The obtained results from the proposed algorithm with different values of k on
Scenario 2 of MPB.

k Offline error ± standard error

1 1.2365 ± 0.0844
2 1.0104 ± 0.0353
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Peak width [1–12]
Initial value of peaks 50.0

.1.1. The effect of different values of Conv limit
In this sub-section, different cases are studied for determin-

ng the convergence of the finder swarm. Conv limit parameter
etermines the threshold for finder convergence. To determine con-
ergence, the Euclidean distance of the swarm Gbest position in its
urrent iteration and its position in k previous iterations (i.e. the
m − k)th and mth iterations) are calculated and are then compared
ith Conv limit. In fact, if the amount of relocation for Gbest posi-

ion of the finder swarm in k + 1 consecutive iterations is less than
onv limit, it implies that the finder swarm has converged. Offline
rror and standard error results along with the average of the num-
er of active tracker swarms during the optimization process are
abulated in Table 2, obtained from different values of Conv limit.
ere, the value of k is set to 2.

As it is evident in the results presented in Table 2, decreasing
he values of Conv limit leads to degrading the efficiency of the pro-
osed algorithm. The reason for such deterioration in efficiency is
hat the finder convergence condition will not be met  in an appro-
riate time, and it will take more time for the finder swarm to place

 tracker swarm in its position and continue its search for finding
ther peaks. Thus, the rate of finding various peaks by the finder is
educed. As a result, it will take more time for all the peaks to be fully
overed and the efficiency of the algorithm decreases. By increasing
he value of Conv limit up to 1, the algorithm efficiency increases
s well, but increasing its value beyond 1 will decrease efficiency.
n fact, a high value of Conv limit results in a quick convergence
or the finder and this problem activates those tracker swarms in
he problem space whose existence is not useful. In other words,
t will be possible for a finder to meet its convergence condition
efore approaching a peak, and as a result it activates a tracker
warm. So there will be more active tracker swarms in the prob-
em space than what is required, and these swarms will perform
oo many useless fitness evaluations before they are deactivated
y trackers exclusion() function.
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

An average number of active tracker swarms for different val-
es of Conv limit is presented in Table 2. We  can observe that
ecreasing the value of Conv limit leads to more time for the peaks

able 2
he obtained results from the proposed algorithm with different values of Conv limit
arameter on Scenario 2 of MPB.

Conv limit Offline error ± standard error Average number of
active tracker swarm

0.01 1.1699 ± 0.0612 9.1634
0.05  1.1304 ± 0.0686 9.3519
0.1  1.2096 ± 0.0324 9.5137
0.5  1.0792 ± 0.0555 9.7546
1 1.0104 ± 0.0353 9.9718
2 1.0489 ± 0.0512 11.4867
5 1.1094 ± 0.0403 13.5680

735

736

737

738

739

740

741

742

743

744

745

746
3  1.0408 ± 0.0772
4  1.1832 ± 0.1117
5  1.2116 ± 0.1260

to be covered by tracker swarms. Furthermore, if this parameter 

increases exceedingly, the number of useless active tracker swarms 

will increase as well. For instance, when Conv limit is set to 5, there 

will be 3.5680 active tracker swarms in the problem space in aver- 

age, regarding this fact that there are 10 peaks in the space. To
conclude, a value of 1 for Conv limit will be considered as an appro- 

priate value, yielding better results compared to other values.
Concerning the details presented in Section 4.1,  the metric for 

convergence is determined by the Euclidean distance of the finder 

swarm’s Gbest in its (m − k)th and mth iterations. The reason we  

have for setting k as 2 is that this level of difference is most appro- 

priate for determining convergence in this swarm. Table 3 shows 

the effect of different values of k on the efficiency of the proposed 

algorithm, with a Conv limit equal to 1. 

As observed from Table 3, the efficiency of the proposed algo- 

rithm with k = 2 is the best state, compared to other values of k. 

When Gbest positions of the finder swarm are compared in two 

consecutive iterations of the algorithm (k = 1), for determining con- 

vergence, we will be unable to determine the convergence properly 

and it will be possible to wrongly consider the finder swarm as con- 

verged while it has not converged yet. Because it will be possible 

that before convergence, the particles of the finder swarm cannot 

find a better position, compared to Gbest in one iteration. The algo- 

rithm efficiency increases with k = 2. Increasing k to values more 

than 2 results in efficiency reduction because more iterations will 

be needed to determine whether the finder swarm has converged, 

and generating new swarms for discovering other uncovered peaks 

will be postponed, which will lead to a decrease in efficiency. 

4.1.2. The effect of different values of P and Q 

Two parameters of P and Q have been used in Eqs. (5) and (6) 

to control the diversity increase after discovering change in the
environment. As it was discussed earlier, the new position of each 

peak after the environment change in every dimension will be at 

most in Shift length distance from its previous position. So it can 

be concluded that it is better for the particles to distribute in the 

same distance in order to increase diversity. This process is done by 

placing the particles at the previous position of the peak before the 

environment change. To increase diversity in the proposed algo- 

rithm, both velocity and position of the particles are modified using 

Eqs. (5) and (6).  Since the particles should distribute at most in an 

area with a Shift length radius from their previous Gbest position,
and considering the structure of Eqs. (5) and (6),  it can be concluded 

that there is a tradeoff between two parameters P and Q and their 

summation should be equal to Shift length.  Therefore, according 

to the new positions of the particles determined by Eq. (5) and 

their new velocity determined by Eq. (6),  all the particles will be 

placed at Shift length radius of their previous Gbest, after one exe- 

cution. Table 4 illustrates the obtained results with different values 

of parameters P and Q. 

As we can observe in Table 4, when P and Q are equal to 0.5, 

better results are obtained. Worst results are acquired when one of
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

these parameters equals 0 and the other one equals 1. Indeed, in the 747

latter case, diversity is tried to increase either by evaluating velocity 748

using Eq. (6) or by distributing particles using Eq. (5).  The results 749

in Table 4 show that as P and Q values move toward each other, 750

dx.doi.org/10.1016/j.asoc.2012.12.020


ARTICLE IN PRESSG Model
ASOC 1852 1–15

D. Yazdani et al. / Applied Soft Computing xxx (2013) xxx–xxx 9

Table  4
Obtained results from the proposed algorithm with different values of parameters
P  and Q on Scenario 2 of MPB.

P Q Offline error ± standard error

0.0 1.0 1.3356 ± 0.0569
0.1  0.9 1.2027 ± 0.0909
0.2  0.8 1.1944 ± 0.0947
0.3  0.7 1.1393 ± 0.1087
0.4  0.6 1.0197 ± 0.0672
0.5  0.5 1.0104 ± 0.0353
0.6  0.4 1.0181 ± 0.1005
0.7  0.3 1.1349 ± 0.1418
0.8  0.2 1.1430 ± 0.0729
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Table 6
Obtained results from the proposed algorithm with different values of E try param-
eter on Scenario 2 of MPB.

E try Offline error ± standard error

5 0.9803 ± 0.0580
10 0.9760 ± 0.0921
15  0.9712 ± 0.0889
20 0.9661 ± 0.0972
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( 818

819

820

821

822

823

824

825
0.9  0.1 1.1958 ± 0.0538
1.0  0.0 1.2937 ± 0.0754

he efficiency of the mechanism for increasing diversity improves,
nd consequently, the swarms will find the new peak position more
uickly after the environment change. Therefore the algorithm effi-
iency increases and it will yield better results. So the values of P
nd Q will be considered 0.5 from now on.

.1.3. The effect of different population size in the finder swarm
In this section we study the effect of the number of existing parti-

les in the finder swarm on the efficiency of the proposed algorithm.
able 5 illustrates the obtained results from the proposed algorithm
ith different number of particles in the finder swarm. As it can

e observed, the efficiency of the algorithm is in its highest value
ith 10 particles in the finder swarm. When the number of parti-

les in the finder swarm is less than 10, the efficiency of the swarm
n finding peaks decreases. In fact, the convergence rate decreases

hen the population size decreases and in this case the swarm dis-
overs the peaks at a later time and therefore the efficiency of the
lgorithm decreases as well.

By increasing the number of swarm particles beyond 10, once
ore the efficiency decreases. Indeed, by increasing the number of

warm particles the amount of fitness evaluation increases in the
warm and it leads to a high volume of fitness evaluations being
xecuted by the swarm. Thus, there is no chance for performing

 better search using other active tracker swarms. The following
xample completely clarifies this issue. If we  consider 10 peaks
n an environment with a change frequency of 5000 fitness eval-
ations, and 10 active tracker swarms, each tracker swarm has 5
articles, it means they perform 50 fitness evaluations in total in
very iteration. This means there is possibility to execute 100 iter-
tions before the environment change and they can move toward
he goal. So, if the number of the particles in the finder swarm is
0, the number of iterations reduces to half and they may  execute
p to only 50 times before the next environment change. It implies
hat 2500 fitness evaluations are performed by the finder swarm in
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

0 iterations. This example shows how an excessive increase in the
umber of particles in the finder swarm can decrease the algorithm
fficiency. So the number of the particles in the finder swarm will
e considered 10 from now on.

able 5
btained results from the proposed algorithm with different population sizes for

he  finder swarm on Scenario 2 of MPB.

Finder’s population size Offline error ± standard error

5 1.1100 ± 0.0518
7  1.0703 ± 0.0492

10  1.0104 ± 0.0353
12  1.0380 ± 0.0688
15  1.1045 ± 0.0754
20 1.1888 ± 0.1159
30  1.3775 ± 0.1518
50 1.6731 ± 0.1475

826

827

828

829

830

831

832

833

834

835

836

837
30 1.0206 ± 0.1488
50 1.0647 ± 0.0550

4.1.4. The effect of parameters involved exploiter particle
mechanism

In this section, the exploiter particle mechanism is added to the 

proposed algorithm to improve its efficiency. Three parameters are 

effective on this efficiency: E try, rcloud and CFmin. In the follow- 

ing, the effect of different values of these three parameters on the 

algorithm efficiency is studied. 

a) The effect of E try 

In this section, rcloud value is considered 0.5 by default, accord- 

ing to [40] and we do not apply Eq. (10) on it. The goal in this 

section is to study the effect of the maximum number of times 

the exploiter particle may  improve Gbestbest in each iteration. 

Table 6 illustrates the results obtained from different values 

of E try. As it can be seen, the efficiency of the algorithm has 

improved by adding the exploiter particle mechanism for val- 

ues 5, 10, 15, and 20, and it has decreased for values 30 and 

50. In fact, excessively increasing the value of E try leads to the 

same problem as excessively increasing the number of the finder 

swarm particles which was  discussed in the previous section. 

Here, by raising the value of E try, the number of fitness eval- 

uations performed for the exploiter particle increases and it 

eliminates the chance for performing a better search using other 

active trackers. As a result, their distances from their covered 

peaks increase, and the efficiency of the algorithm accordingly 

decreases. 

By determining a proper value for E try,  the algorithm effi- 

ciency will improve as a result of more local searches in the 

neighborhood of Gbestbest. As we can see in Table 6, the result 

improves when E try is equal to 20. Therefore the value of E try 

will be 20 from now on. 

b) The effect of cloud radius 

rcloud shows the region in which the exploiter particle per- 

forms local searches. The value of this parameter should be set 

so that the probability of finding better positions increases by 

using Eq. (7).  When rcloud value is low, the convergence rate 

toward the position of the goal reduces, and when it is high, the 

chance for finding better positions using Eq. (7) reduces. There- 

fore the value of rcloud should be set so that the search space 

of the exploiter particle is in accordance with the space the 

exploiter particle should search in pursuit of better positions. 

It can be concluded that the value of this parameter should be 

determined according to the value of Shift length.  To this end, 

rcloud should be a modulus of Shift length.  In other words, rcloud
is obtained from the R × Shift length.  In Table 7, the effect of dif- 

ferent values of R on the algorithm efficiency is illustrated with 

Shift length = 1 and Shift length = 5. 

As the results in Table 7 show, when the initial value of rcloud
is considered less than or equal to Shift length after the envi- 

ronment change, the efficiency of the algorithm improves. In 

this case, the local search is performed well and the probability
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

of success in Eq. (7) rises. However, when the initial value of 838

rcloud is considered greater than Shift length after the environ- 839

ment change, the probability of finding better positions using 840

Eq. (7) declines. Therefore the exploiter particle cannot improve 841

dx.doi.org/10.1016/j.asoc.2012.12.020
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Table 7
Obtained results from the proposed algorithm with different values of R and with
Shift length equal to 1 and 5 on Scenario 2 MPB.

R Offline error ± standard error

Shift length = 1 Shift length = 5

0.01 0.9141 ± 0.0811 3.0253 ± 0.1607
0.05 0.7906 ± 0.1031 2.8352 ± 0.1345
0.1  0.7533 ± 0.0923 2.8215 ± 0.2032
0.2  0.7494 ± 0.0368 2.6343 ± 0.1944
0.5  0.9440 ± 0.0889 3.7869 ± 0.2183
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Table 9
Obtained results from the proposed algorithm with different values of L on Scenario
2  of MPB.

L Offline error ± standard error

0.01 0.7102 ± 0.0977
0.02 0.7079 ± 0.0697
0.05 0.7013 ± 0.0911
0.1  0.6973 ± 0.0661
0.2  0.6909 ± 0.0712
0.3  0.6843 ± 0.0637
0.4  0.6752 ± 0.0394
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In this section, the proposed algorithm is tested on MPB  with 907

various configurations. The parameters values of the proposed algo- 908

rithm are shown in Table 10.  The obtained results are the outcome 909
1  0.9588 ± 0.0809 4.2937 ± 0.2881
2  0.9665 ± 0.0897 4.3615 ± 0.2411
5 1.0640 ±  0.0736 4.5590 ± 0.2811

the efficiency of the algorithm by performing appropriate local
searches. In this situation, not only does not the exploiter par-
ticle improve the efficiency of the algorithm, but also it causes
the efficiency to deteriorate. The reason for such deterioration
in the efficiency is performing useless fitness evaluations by the
exploiter particle, and again there is no chance for performing a
better search using other active tracker swarms. As can be seen
in Table 7, the best results are obtained when the initial value of
rcloud is 0.2 of the Shift length after discovering the environment
change. Henceforth, the initial value of rcloud is considered as
the mentioned value after discovering the environment change.
This value will decrease after each iteration by Eq. (10).

c) The effect of CFmin
In the previous section, an appropriate value for rcloud was

specified for the exploiter particle. In this section, Eqs. (9) and
(10) are added to the exploiter particle mechanism. By introduc-
ing these two equations, the value of rcloud decreases during the
local search process, and as was discussed in Section 4.3.2, by
proper reduction of rcloud, the ability of the exploiter particle for
performing local searches will increase. In Table 8, the effect of
different values of CFmin parameter is illustrated, where CFmin
is the main parameter in determining the amount of decrease
in rcloud.

As it can be observed, the efficiency of the exploiter particle
is improved when CFmin is greater than or equal to 0.7, com-
pared to the situation in which the rcloud value is fixed (that
is CFmin = 1). When CFmin is less than 0.7, the efficiency of the
exploiter particle, and consequently the efficiency of the algo-
rithm decreases. In this case, the cloud decreases at a far higher
rate than the progress of exploiter particle by Eq. (10), and it
results in a decrease in the convergence rate of the exploiter
particle. Therefore, the number of fitness evaluations performed
by the exploiter particle in this case not only does not improve
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

the efficiency, but also it eliminates the chance for performing
a better search using other active tracker swarms. As we  can see
in Table 8, the most proper value for CFmin is 0.8. As a result, the
value of this parameter is considered 0.8 from now on.

able 8
btained results from the proposed algorithm with different values of CFmin param-
ter  on Scenario 2 of MPB.

CFmin Offline error ± standard error

0.1 1.0661 ± 0.0625
0.2 1.0470 ± 0.1326
0.3 0.9854 ± 0.1047
0.4 0.9158 ± 0.0683
0.5 0.8370 ± 0.0839
0.6 0.7797 ± 0.1040
0.7 0.7387 ± 0.0450
0.8 0.7183 ± 0.0977
0.9 0.7242 ± 0.0583
0.95 0.7309 ± 0.0649
1 0.7494 ± 0.0368
0.5  0.7345 ± 0.0577
0.6  0.7406 ± 0.0725

4.1.5. The effect of parameter L
In this section, the sleeping–awakening mechanism is appended 

to the proposed algorithm. The efficiency of the mechanism
depends on parameter L. In fact, L determines how long an active 

tracker swarm residing at a local optimum peak in the current 

environment is able to perform local searches. Table 9 shows 

the algorithm efficiency with different values of L. As we can 

see, introducing the sleeping–awakening mechanism with a proper 

value of L can improve the algorithm efficiency. When L is consid- 

ered greater than or equal to 0.5, the algorithm efficiency declines. 

The reason for such degradation is that in this case, the active tracker 

swarms which are placed at local optimums in the current environ- 

ment will be asleep too early, before they can find the opportunity 

to sufficiently approach the peak. Therefore, some swarms may  

get farther from their covered peaks. In this case, if one of these 

peaks becomes the global optimum after the environment change, 

it needs more time for reducing error, since the distance of the 

covering swarm is high. Thus, the efficiency is degraded. 

On the other hand, considerable reduction in the value of L 

deteriorates the efficiency of sleeping–awakening mechanism as 

well, because it will take a long time for those active tracker 

swarms, which are awake in non-optimum peaks, to be asleep. 

Therefore, the number of fitness evaluations performed by the best 

swarm will decrease, and consequently the algorithm efficiency 

will also decrease. Among the values of L, the algorithm efficiency 

is improved, when L = 0.4. Henceforth, the value of L will be consid- 

ered 0.4. 

4.2. Comparison with other algorithms
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

Table 10
Parameter values of the proposed algorithm.

Parameters Initial value

c1, c2 2.05 [43]
� 0.729843788 [43]
Trackers’ population size 5 [40]
Finder’s population size 10
Conv limit (for determining finder

convergence)
1

P  (in Eq. (6)) 0.5
Q  (in Eq. (7)) 0.5
rexcl (for exclusion) 0.5 × (100/(peak number1/dimension))

[39]
E  try (in exploiter particle mechanism) 20
Rcloud (radius of cloud) 0.2 × Shift length
CFmin (in Eq. (10)) 0.8
L  (in sleep wake mechanism) 0.4
Termination condition Reaching “change

frequency × 100” function
evaluations

dx.doi.org/10.1016/j.asoc.2012.12.020
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Table  11
Comparison of offline error [45] (standard error) of 6 algorithms on MPB problem with different number of peaks and change frequency and Shift length = 1.

Algorithm C-F Number of peaks

1 5 10 20 30 50 100 200

mQSO(5,5q) [39] 500 33.67(3.42) 11.91(0.76) 9.62(0.34) 9.07(0.25) 8.80(0.21) 8.72(0.20) 8.54(0.16) 8.19(0.17)
Am  SO [40] 3.02(0.32) 5.77(0.56) 5.37(0.42) 6.82(0.34) 7.10(0.39) 7.57(0.32) 7.34(0.31) 7.48(0.19)
mPSO  [29] 8.71(0.48) 6.69(0.26) 7.19(0.23) 8.01(0.19) 8.43(0.17) 8.76(0.18) 8.91(0.17) 8.88(0.14)
HmPSO [46] 8.53(0.49) 7.40(0.31) 7.56(0.27) 7.81(0.20) 8.33(0.18) 8.83(0.17) 8.85(0.16) 8.85(0.16)
APSO  [47] 4.81(0.14) 4.95(0.11) 5.16(0.11) 5.81(0.08) 6.03(0.07) 5.95(0.06) 6.08(0.06) 6.20(0.04)
FTMPSO 1.76(0.09) 2.93(0.18) 3.91(0.19) 4.83(0.19) 5.05(0.21) 4.98(0.15) 5.31(0.11) 5.52(0.21)

mQSO(5,5q) [39] 1000 18.60(1.63) 6.56(0.38) 5.71(0.22) 5.85(0.15) 5.81(0.15) 5.87(0.13) 5.83(0.13) 5.54(0.11)
Am  SO [40] 2.33(0.31) 2.90(0.32) 4.56(0.40) 5.36(0.47) 5.20(0.38) 6.06(0.14) 4.77(0.45) 5.75(0.26)
mPSO  [29] 4.44(0.24) 3.93(0.16) 4.57(0.18) 4.97(0.13) 5.15(0.12) 5.33(0.10) 5.60(0.09) 5.78(0.09)
HmPSO [46] 4.46(0.26) 4.27(0.08) 4.61(0.07) 4.66(0.12) 4.83(0.09) 4.96(0.03) 5.14(0.08) 5.25(0.08)
APSO  [47] 2.72(0.04) 2.99(0.09) 3.87(0.08) 4.13(0.06) 4.12(0.04) 4.11(0.03) 4.26(0.04) 4.21(0.02)
FTMPSO 0.89(0.05) 1.70(0.10) 2.36(0.09) 3.01(0.12) 3.06(0.10) 3.29(0.10) 3.63(0.09) 3.74(0.09)

mQSO(5,5q) [39] 2500 7.64(0.64) 3.26(0.21) 3.12(0.14) 3.58(0.13) 3.63(0.10) 3.63(0.10) 3.58(0.08) 3.30(0.06)
Am  SO [40] 0.87(0.11) 2.16(0.19) 2.49(0.10) 2.73(0.11) 3.24(0.18) 3.68(0.15) 3.53(0.14) 3.07(0.12)
mPSO  [29] 1.79(0.10) 2.04(0.12) 2.66(0.16) 3.07(0.11) 3.15(0.08) 3.26(0.07) 3.31(0.05) 3.36(0.05)
HmPSO [46] 1.75(0.10) 1.92(0.11) 2.39(0.16) 2.46(0.09) 2.57(0.05) 2.65(0.05) 2.72(0.04) 2.81(0.04)
APSO  [47] 1.06(0.03) 1.55(0.05) 2.17(0.07) 2.51(0.05) 2.61(0.02) 2.66(0.02) 2.62(0.02) 2.64(0.01)
FTMPSO 0.39(0.02) 0.91(0.08) 1.21(0.06) 1.66(0.05) 1.87(0.05) 2.09(0.07) 2.22(0.06) 2.22(0.07)

mQSO(5,5q) [39] 10,000 1.90(0.18) 1.03(0.06) 1.10(0.07) 1.84(0.08) 2.00(0.09) 1.99(0.07) 1.85(0.05) 1.71(0.04)
Am  SO [40] 0.19(0.02) 0.45(0.04) 0.76(0.06) 1.28(0.12) 1.78(0.09) 1.55(0.08) 1.89(0.14) 2.52(0.10)
mPSO  [29] 0.27(0.02) 0.70(0.10) 0.97(0.04) 1.34(0.08) 1.43(0.05) 1.47(0.04) 1.50(0.03) 1.48(0.02)
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HmPSO [46] – – – 

APSO  [47] 0.25(0.01) 0.57(0.03) 0.
FTMPSO 0.09(0.00) 0.31(0.04) 0.

f 50 times execution of the proposed algorithm. The results of
he proposed algorithm and other related methods are obtained
ntil 100 environment changes. As a result, performing change fre-
uency × 100 function evaluations is the Termination condition of
he proposed algorithms and comparative studies.

In the following, the efficiency of the proposed algorithm, which
s called finder–tracker PSO (FTMPSO), will be tested on different

PB  configurations and it will be compared with the efficiency of
everal state-of-the-art algorithms.

Table 11 illustrates the comparison between the efficiency of
he proposed algorithm and that of five other algorithms with dif-
erent peak numbers and various change frequencies. Other MPB
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

arameters are configured as it was shown in Table 1. In the fol-
owing, the results of mQSO [39] and AmQSO [40] algorithms are
btained from their execution, and the results of other algorithms

able 12
omparison of offline error [45] (standard error) of 19 algorithms on MPB problem with d

Algorithm Number of peaks

1 5 10 20 

mQSO(5,5q) [39] 4.92(0.21) 1.82(0.08) 1.85(0.08) 2.4
Am  SO [40] 0.51(0.04) 1.01(0.09) 1.51(0.10) 2.0
CLPSO [12] 2.55(0.12) 1.68(0.11) 1.78(0.05) 2.6
FMSO [30] 3.44(0.11) 2.94(0.07) 3.11(0.06) 3.3
RPSO  [8] 0.56(0.04) 12.22(0.76) 12.98(0.48) 12.7
mCPSO [39] 4.93(0.17) 2.07(0.08) 2.08(0.07) 2.6
SPSO  [36] 2.64(0.10) 2.15(0.07) 2.51(0.09) 3.2
rSPSO [35] 1.42(0.06) 1.04(0.03) 1.50(0.08) 2.2
mPSO [29] 0.90(0.05) 1.21(0.12) 1.61(0.12) 2.0
HmPSO [46] 0.87(0.05) 1.18 (0.04) 1.42(0.04) 1.5
PSO-CP [41] 3.41(0.06) – 1.31(0.06) – 

CESO  [48] 1.04(0.00) – 1.38(0.02) 1.7
ESCA  [49] 0.98(0.00) – 1.54(0.02) 1.8
RVDEA [7] 1.02(–) – 3.54(–) 3.8
SFA  [50] 0.42(0.07) 0.89(0.09) 1.05(0.04) 1.4
APSO [47] 0.53(0.01) 1.05(0.06) 1.31(0.03) 1.6
CLDE [51] 1.53(0.07) 1.50(0.04) 1.64(0.03) 2.4
DynPopDE [59] – 1.03(0.13) 1.39(0.07) – 

DMAFSA [58] 0.55(0.06) 0.78(0.06) 1.01(0.05) 1.4
FTMPSO 0.18(0.01) 0.47(0.05) 0.67(0.04) 0.9
– – – – –
2) 1.23(0.02) 1.39(0.02) 1.46(0.01) 1.38(0.01) 1.36(0.01)
3) 0.56(0.01) 0.69(0.09) 0.86(0.02) 1.08(0.03) 1.13(0.04)

are obtained from their respective papers. The change frequency of 

5000 has been more widely used in different papers, and the results 

of the proposed algorithm FTMPSO and eighteen other algorithms 

on MPB  are illustrated in Table 12 with a change frequency of 5000 

and different peak numbers. 

As the results in Tables 11 and 12 show, algorithms perform- 

ances decline by increasing the number of peaks. However, in 

some algorithms the results improve when the number of peaks is 

remarkable, because the difference between local and global fitness 

values decreases. Furthermore, increasing the frequency change 

leads to more chance for the algorithms to find better values and 

discover the peaks, which results in their improved efficiency. In 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

effect, when the change frequency is low, it will be possible to lose 937

the optimums or to never reach them because of rapid environ- 938

ment changes, which reduces the algorithms efficiency. The results 939

ifferent number of peaks with change frequency = 5000 and Shift length = 1.

30 50 100 200

8(0.09) 2.51(0.10) 2.53(0.08) 2.35(0.06) 2.24(0.05)
0(0.15) 2.19(0.17) 2.43(0.13) 2.68(0.12) 2.62(0.10)
1(0.07) 2.93(0.08) 3.26(0.08) 3.41(0.07) 3.40(0.06)
6(0.06) 3.28(0.05) 3.22(0.05) 3.06(0.04) 2.84(0.03)
9(0.54) 12.35(0.62) 11.34(0.29) 9.73(0.28) 8.90(0.19)
4(0.07) 2.63(0.08) 2.65(0.06) 2.49(0.04) 2.44(0.04)
1(0.07) 3.64(0.07) 3.86(0.08) 4.01(0.07) 3.82(0.05)
0(0.07) 2.62(0.07) 2.72(0.08) 2.93(0.06) 2.79(0.05)
5(0.08) 2.18(0.06) 2.34(0.06) 2.32(0.04) 2.34(0.03)
0(0.06) 1.65(0.04) 1.66(0.02) 1.68(0.03) 1.71(0.02)

2.02(0.07) – 2.14(0.08) 2.04(0.07)
2(002) 1.24(0.01) 1.45(0.01) 1.28(0.02) –
9(0.04) 1.52(0.02) 1.67(0.02) 1.61(0.01) –
7(–) 3.92(–) 3.78(–) 3.37(–) 3.54(–)
8(0.05) 1.56(0.06) 1.87(0.05) 2.01(0.04) 1.99(0.06)
9(0.05) 1.78(0.02) 1.95(0.02) 1.95(0.01) 1.90(0.01)
6(0.05) 2.62(0.05) 2.75(0.05) 2.73(0.03) 2.61(0.02)

– 2.10(0.06) 2.34(0.05) 2.44(0.05)
2(0.06) 1.63(0.06) 1.84(0.07) 1.95(0.05) 1.99(0.04)
3(0.04) 1.14(0.04) 1.32(0.04) 1.61(0.03) 1.67(0.03)

dx.doi.org/10.1016/j.asoc.2012.12.020
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Table 13
Comparison of offline error [38] (standard error) of 5 algorithms on MPB  problem with different number of peaks with change frequency of 5000 and Shift length of 1.

Algorithm Number of peaks

1 5 10 20 30 50 100 200

CPSO [38] 2.29e−04 (1.04e−04) 0.36(0.15) 0.71(0.10) 1.18(0.09) 1.34(0.07) 1.42(0.07) 1.09(0.03) 0.95(0.04)
CGAR  [52] 2.02(0.05) 2.56(0.10) 2.60(0.13) 3.66(0.14) 3.12(0.10) 3.26(0.11) 2.68(0.07) 2.39(0.07)

7.49(0.27) 5.51(0.12) 5.79(0.15) 4.12(0.10) 3.71(0.11)
0.79(0.05) 1.05(0.06) 0.98(0.05) 1.06(0.04) 0.94(0.04)
0.42(0.05) 0.48(0.04) 0.61(0.03) 0.83(0.04) 0.91(0.06)
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Table 14
Comparison of offline error [45] (standard error) of 10 algorithms on MPB  problem
with different Shift length,  change frequency = 5000 and 10 peaks.

Algorithm Shift length

1 2 3 5

mQSO(5,5q) [39] 1.85(0.08) 2.40(0.06) 3.00(0.06) 4.24(0.10)
AmQSO [40] 1.51(0.10) 2.09(0.08) 2.72(0.09) 3.71(0.11)
mCPSO [39] 2.08(0.07) 2.80(0.07) 3.57(0.08) 4.89(0.11)
SPSO [36] 2.51(0.09) 3.78(0.09) 4.96(0.12) 6.76(0.15)
rSPSO [35] 1.50(0.08) 1.87(0.05) 2.40(0.08) 3.25(0.09)
PSO-CP [41] 1.31(0.06) 1.98(0.06) 2.21(0.06) 3.20(0.13)
CESO [48] 1.38(0.02) 1.78(0.02) 2.03(0.0.3) 2.52(0.06)
ESCA [49] 1.54(0.02) 1.57(0.01) 1.67(0.01) 1.78(0.06)

978

979

980

981

982

983

984

985

986

987

988

989

990

991

992

993

994

995
CDER  [52] 0.90(0.20) 8.02(0.34) 5.52(0.16) 

CPSOR [52] 0.03(0.00) 0.54(0.04) 0.59(0.04) 

FTMPSO 3.48e−05  (9.01e−06) 0.20(0.10) 0.25(0.05) 

n Tables 11 and 12 show that FTMPSO involves a very good effi-
iency in different environments using different peak and different
igh and low frequency changes, i.e. its robustness against their
hanges.

As it is evident in the results presented in Table 2, decreasing
he values of Conv limit leads to degrading the efficiency of the pro-
osed algorithm. The reason for such deterioration in efficiency is
hat the finder convergence condition will not be met  in an appro-
riate time, and it will take more time for the finder swarm to place

 tracker swarm in its position and continue its search for finding
ther peaks. Thus, the rate of finding various peaks by the finder is
educed. As a result, it will take more time for all the peaks to be fully
overed and the efficiency of the algorithm decreases. By increasing
he value of Conv limit up to 1, the algorithm efficiency increases
s well, but increasing its value beyond 1 will decrease efficiency.
n fact, a high value of Conv limit results in a quick convergence
or the finder and this problem activates those tracker swarms in
he problem space whose existence is not useful. In other words,
t will be possible for a finder to meet its convergence condition
efore approaching a peak, and as a result it activates a tracker
warm. So there will be more active tracker swarms in the prob-
em space than what is required, and these swarms will perform
oo many useless fitness evaluations before they are deactivated
y trackers exclusion() function.

In [28] and [51], Offline error has been calculated in a different
pproach. In these papers, instead of using the mean value of cur-
ent error in every fitness evaluation for Offline error calculation,
he mean value of current error at the end of each environment has
een used. However, in theses researches, Offline error is consid-
red as the mean value of the best results that the algorithm has
btained in every environment. In other word, it is the mean value
f current error at the final fitness evaluation before each environ-
ent change. In Table 13,  the obtained Offline error results from

he proposed algorithm (FTMPSO) are calculated, and the results
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

re compared with those from 4 other algorithms in which Offline
rror is also calculated using the same approach. As the results in
he table show, the efficiency of the algorithm using this method,
n term of Offline error, outperforms the other 4 algorithms.

996

Fig. 11. Graph related to offline error and current error in the
SFA [50] 1.05(0.04) 1.44(0.06) 2.06(0.07) 2.89(0.13)
FTMPSO 0.67(0.04) 1.20(0.06) 1.40(0.09) 1.69(0.07)

In Table 14,  the efficiency of the proposed algorithm on MPB  

with different Shift lengths has been illustrated and has been com- 

pared with 9 other algorithms. MPB  configuration has been done 

according to Table 1, and only the value of Shift length parameter has
changed in it. By increasing Shift length,  it becomes more difficult 

for algorithms to follow the peaks, because after each environment 

change, the peaks move into farther distances. 

As the results in Table 14 illustrate, the efficiency of all the algo- 

rithms dramatically decreases by increasing Shift length,  but the 

efficiency of the proposed algorithm FTMPSO shows less degrada- 

tion as a result of Shift length increment, and shows more robustness 

in these conditions, compared to other algorithms. 

Fig. 11 shows the chart for Offline error and current error of 

the proposed algorithm during 100 environment changes in MPB  

with 10 peaks, the environment change frequency of 5000, and Shift 

lengths of 1 and 3. Other MPB  parameters have been configured 

according to Table 1 and the amounts of the chart are calculated 

using average of 50 executions. As observed in Fig. 11,  the degrada- 

tion in the proposed algorithm efficiency on MPB with higher Shift 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

lengths is the result of a considerable amount of relocations of the 997

peaks after each environment change. In these conditions, the value 998

of current error increases more as a result of Shift length increment 999

 proposed algorithm in MPB  with Shift lengths 1 and 3.

dx.doi.org/10.1016/j.asoc.2012.12.020
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e finder swarm and covering them by the tracker swarms.
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Fig. 12. Discovering peaks in Scenario 2 of MPB  by th

fter each environment change, and therefore the efficiency of the
lgorithm declines.

As the results of the experiments show, the efficiency of
he proposed method is very high because of utilizing different

echanisms for improving its performance and eliminating the
hallenges in dynamic environments. The peaks are rapidly cov-
red by tracker swarms in the proposed algorithm, and therefore
he algorithm can quickly discover the position of the global opti-

um  after the environment change. Fig. 12 shows the behavior of
he proposed algorithm in two dimensions of Scenario 2 of MPB. In
his figure, Gbest related to the finder swarm is marked by a star,
nd Gbest related to tracker swarms in the problem space is shown
y a blue point. This figure shows the finder swarm speed in dis-
overing the peaks. As could be seen in the figure, 9 peaks have
een discovered by the finder swarm by 4500 fitness evaluations,
nd they have been covered by tracker swarms. Finally in the figure
elated to the fitness evaluation number of 6000, which belongs
o the environment after the first change, all the peaks have been
overed by the tracker swarms. It can be observed that all the peaks
re covered by tracker swarms and these swarms have successfully
ollowed their peaks.

One of the issues leading to improvement in Offline error in opti-
ization algorithms is the values of current error at the beginning of

he optimization process, particularly in the first environment. One
Please cite this article in press as: D. Yazdani, et al., A novel multi-sw
on particle swarm optimization, Appl. Soft Comput. J. (2013), http://d

f the reasons for the high efficiency of the proposed algorithm is its
igh speed in reducing the value of the current error at the begin-
ing of its execution. Fig. 13 illustrates the values of Offline error
nd current error in the proposed algorithm on Scenario 2 of MPB
Fig. 13. Offline error and current error in the proposed algorithm for Scenario 2 of
MPB  in the first four environments.

in the first four environments (i.e. three environment changes). As 

it can be observed in this figure, the proposed algorithm is able to
significantly reduce current error, even in the first environment.

5. Conclusion 
arm algorithm for optimization in dynamic environments based
x.doi.org/10.1016/j.asoc.2012.12.020

In this paper, a novel optimization algorithm based on par- 1032

ticle swarm optimization approach was proposed in dynamic 1033

environments, in which several mechanisms were employed to 1034

conquer challenges and necessities of dynamic environments. In 1035

dx.doi.org/10.1016/j.asoc.2012.12.020
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4 D. Yazdani et al. / Applied So

he proposed algorithms, the swarms in the problem space were
ivided into two categories: finder and tracker.  Finder category
as configured in order to find the peaks in an appropriate time.
n the other hand, tracker category was configured for appropri-
tely performing local optimization process on the covered peaks
nd subsequently tracking them after an environment change. For
ncreasing diversity of the swarms in the proposed algorithm, a
ovel method based on change in velocity vector and particle pos-

tions was presented and in order to improve the efficiency of
he algorithm, a local search based on adaptive exploiter parti-
le around the best found position was suggested. Finally, a novel
wakening–sleeping mechanism has been presented to focus the
ntire load of proposed algorithm on the global optimum peak.

The efficiency of the proposed method were evaluated utilizing
ore than 40 different configurations of Moving Peak Benchmark
hich is the most well-known benchmark in this domain and

esults have been compared with those of the 20 state-of-the art
ethods. The results show the superiority of the proposed methods

n terms of efficiency and accuracy.
It is worth to mentioning that the proposed algorithm has been

esigned for dynamic environments in which changes in problem
pace have been occurred in discrete intervals. However, there are
everal real-world applications in which changes are continuously
ccurred. In order to employ the proposed algorithm in such envi-
onments, the structure of the algorithm must be changed. This
ssue could be pursued in the future works.

A primary knowledge concerning several parameters of the
roblem space including particularly number of peaks, Shift length
nd change frequency needed to be determined in almost all
revious algorithms in dynamic environments. However, in the
roposed algorithm, it was tried to solve dependency to the pri-
ary knowledge. Nevertheless, Shift length parameter must be

etermined to perform the proposed algorithm. By adding online
earning algorithms or self-adaptive mechanisms to the proposed
lgorithm, the algorithm could be completely independent from
he primary knowledge which will be followed in future works.
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