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ABSTRACT

In numerous real world optimization problems, objective function or constraints of the prob-

lem can be changed during time. If these undefined situations are occurred in optimization
process, this problem is called dynamic. There are several challenges in dynamic envi-
ronments optimization, so that algorithms designed for optimization in these environments
would utilize several mechanisms in order to conquer the challenges. In this paper, a novel
algorithm for optimization in dynamic environments is proposed based on particle swarm
optimization in which a novel mechanism have been used for improving the performance.
In this mechanism, it is tried to increase the ability of local search around optimum with
focusing on best found peak in each environments. The results of the proposed approach
are evaluated on moving peak benchmarks and are compared with results of several state
of the art algorithms. Experimental results show the superiority of the proposed method.

Keywords: Dynamic optimization problems, particle swarm optimization, moving peaks
benchmark, dynamic environments, swarm intelligence, Local Search.

Mathematics Subject Classification Number: 68T01.

1 Introduction

In many real world problems, uncertainty is obvious and clear. Swarm intelligence and evo-
lutionary algorithms are used for solving this kind of problems. Up to now, uncertain problems



are divided into four categories: existence of noise in evaluation function, disturbance in design
variables, approximation in fitness function and time-dependent fitness function. In this paper,
time-dependent fitness function has been considered, which belongs to the most general types
of uncertainties.

So far, different methods have been presented for solving dynamic problems using evolu-
tionary algorithms and swarm intelligence methods (Cheng and Yang, 2010) (Blackwell and
Branke, 2006). Four prominent challenges of evolutionary and swarm intelligence algorithms
that cause inability in direct use of these methods for optimization in dynamic environments are
outdated memory (Carlisle and Dozier, 2000), losing diversity (Cobb, 1990), the existence of
multiple potential optimums in the problem space and convergence speed (Blackwell, Branke
and Li, 2008).

When an environment changes, current obtained solutions in memory are not valid anymore.
Forgetting memory and re-evaluating memory approaches could be contributed for solving out-
dated memory problem (Carlisle and Dozier, 2000). These solutions are utilized for optimiza-
tion problem in which the memory is used for storing the acquired information of the problem
space as well. In forgetting memory approach, the stored position of each solution is replaced
with its current positions in the new environment and in the second approach; the stored posi-
tions in memory are re-evaluated. In addition, since most evolutionary algorithms and swarm
intelligence methods converge to a point because of their characteristic, so group diversity is
lost in the environment and in case of changing the environment, convergence to a new goal
would be impossible or time consuming and slow. There are various methods for generating
or maintaining group diversity in the environment.

Generally, the approaches for solving diversity loss problem could be divided into two groups.
The first group methods solve the problem after its occurrence. Up to now, researchers pro-
posed several methods in this regard. In (Cobb, 1990), an adaptive mutation operator, so
called Triggered Hyper-Mutation, which was projected as a coefficient in mutation operator
was proposed. In (Nanayakkara, Watanabe and Izumi, 1999), a chaotic mutation in form of
adaptive was used for the sack of creating diversity in the environment. In addition, a method
with variable local search was presented in (Vavak, Jukes, Fogarty et al., 1998), in which the
problem of constant size of mutation step was solved for its adaptation. Replacing the previous
solutions after environment changes instead of using random solutions was pursued in (Yu
and Suganthan, 2009) for increasing diversity. In (Woldesenbet and Yen, 2009), a variable re-
location method was proposed which relocates the solutions regarding changing rate of fithess
function during environment change. This method was performed with different radius for each
solution. In (Hu and Eberhart, 2002), RPSO method was proposed in consideration of random-
izing some parts of the solutions or the whole solutions after detecting environment change.
In (Yang and Yao, 2005), an algorithm, called Population-Based Incremental Learning (PBIL)
was proposed in which a statistical vector with adaptation ability was used in order to generate
solutions. In this method, the vector was used for adapting learning rate after environment



change.

In the second approaches, it is tried to keep diversity of the environment (before and af-
ter change). Researchers proposed different methods for keeping diversity. In (Kennedy and
Mendes, 2002), a pseudo-grid method with neighborhood structure was presented which was
called FGPSO. In (Janson and Middendorf, 2004), HPSO was proposed which was a hierar-
chical structure for keeping diversity. In addition, a method for optimization in dynamic envi-
ronments in (Hashemi and Meybodi, 2009a) was proposed, so called Cellular Pso, with re-
spect to utilizing local information exchange property as well as distribution property of cellular
automata. In (Hashemi and Meybodi, 2009b), the model proposed in (Hashemi and Mey-
bodi, 2009a) was improved by changing the role of some particles to quantum patrticles just
after changing in the environment. In (Morrison, 2004) , a sentinel placement method was used
for keeping diversity. In this method, some sentinels which were distributed in search space
were used for creating new population. These sentinels are continuously in the environment
and are not removed. Thus, they could be employed for recognizing changes in the system. In
(Grefenstette et al., 1992), random immigrant method was proposed in which some random so-
lutions were added to population in order to keep diversity. In (Bui, Abbass and Branke, 2005),
a multi objective method was presented in which two objective functions were considered. The
first function was the main object and the second one was an objective function to keep diver-
sity in the environment. Finally, in (Andersen, 1991), a method based on fithess sharing was
proposed for the sack of keeping diversity.

There are several dynamic problems involve different properties. One of the most important
dynamic problems is the one in which there exist several peaks whose height, width and posi-
tion are changed after each environment change. The simplest way for reacting to these types
of environments is considering any changes as an entrance of a new optimization problem
which has to be solved again. If there is enough time, this solution is a proper option, but time
is often rather short for re-optimization. A common attempt to accelerate optimization process
after a change is to use related information of the search space before change to improve the
search after change. For instance, if it is supposed that a new optimal point should be near a
previous optimal one, it can limit the search to the previous optimal neighbor point. Whether
reusing previous information is suitable or not depends on the change characteristic.

If the change is considerable and there is little similarity between pre- and post-change in the
environment, restarting optimization algorithm can be the only proper option and any new use
of collected information based on the problem space before change will be misleading. In most
real world problems, it is hoped that changes are rather gradual, which means there should
be a relation between the problem environment before changing and the problem environment
after changing so that it enables us to use previous information for improving optimization
process. The fundamental question discussed here is what information should be kept and how
this information should be used to accelerate search process after changes in the environment.



Another challenge in solving dynamic problems is that there are several potential optimums
in these problems. In fact, there are some peaks in dynamic environments whose width, height
and location may vary after the environment change in different problems. Therefore, in such
problems, each of these peaks can be modified to a global optimum after the environment
change. As a result, the algorithms designed for solving these problems should have the
ability to cover all peaks so that whenever one of them is transformed to a global optimum,
they can find it fast.

Multiswarming is an appropriate way to resolve this problem. In (Blackwell and Branke, 2006)
there are some predetermined groups which consist of some agents and every group has to
cover one peak. The problem of this method is that if the number of peaks is not equal to
the number of groups, algorithm efficiency will decrease. In (Blackwell et al., 2008), Number
of groups was determined adaptively according to the number of found peaks in the problem
space. Regarding this fact that there is time limitation in dynamic problems, increasing conver-
gence speed of optimization algorithm in dynamic environments is considerably important. The
designed algorithms for performing optimization process in dynamic environments are usually
the extended versions of the base algorithms which were proposed in static environments.
Thus, one of the most important factors in the convergence speed of dynamic algorithms is the
used base algorithm.

Up to now, for optimization in dynamic environments, various evolutionary and swarm intelli-
gence algorithms have been used such as particle swarm optimization (PSO) algorithm. PSO
algorithm was introduced by Kennedy and Eberhart in 1995 (Kennedy and Eberhart, 1995).
Different versions of this algorithm have been proposed since then and appropriate improve-
ments have been done on them. This algorithm has been used for optimization in dynamic
environments frequently (Li and Yang, 2012) (Li, Branke and Blackwell, 2006).

In this paper, an optimization algorithm based on PSO is proposed which is designed to
be used in dynamic environments for satisfying all requirements of such environments. The
proposed algorithm utilizes new approaches to reach better results.

In the proposed algorithm, various mechanisms are used. Some mechanisms that were
proposed in previous works are utilized with minor changes. However, the most important con-
tribution of the work is proposing a novel mechanism based on quantum particle which leads to
a significant improvement of local search ability around the global optimum and subsequently
that of performance.

The proposed algorithm was applied on different configurations of moving peak benchmarks
(MPB) (Branke, 1999) which are of the most well-known benchmarks of dynamic environments,
and its efficiency is compared with various state of the art algorithms. Experimental results
show that the performance of the proposed method outperforms that of other algorithms in this
domain. This paper is organized as follows. Particle swarm optimization will be discussed in



section 2. Section 3 describes the proposed algorithm. Experiments and their results will be
analyzed in section 4 and the final section concludes the paper.

Algorithm 1: Standard PSO
1 begin

2 for each Particle ic[1..N] do

3 initialize x; , v;

4 P, =ux;

5 end

6 G = arg max f(P)

7 repeat

8 for each Particle ic[1..N] do

9 update v; using equation (2.1)
10 Check the velocity boundaries.
11 update x; using equation (2.2)
12 end

13 if f(x;) > f(P;) then

14 ‘ P = x;

15 end

16 if f(P;) > f(G) then

17 ‘G:B

18 end

19 until stopping criterion is met

20 end

2 PARTICLE SWARM OPTIMIZATION

PSO is one of the swarm intelligence methods and evolutionary optimization techniques
which was proposed by Kennedy and Eberhart in 1995 (Kennedy and Eberhart, 1995). PSO
was presented according to animals social interactions such as bird flock and fish swarm. In
this method, there is a swarm of particles in which each particle shows a feasible solution for
an optimization problem. Every particle tries to move toward the final solution by adjusting its
path and moving toward the best individual experience and also the best swarm experience.

Suppose the population size is N. For particle i (1 <1i < N) in D-dimension space, current
position is ©; = (z41,zi2,,z;p) and velocity is v; = (vi1,vi2,,v;p). During the optimization
process, velocity and position of each particle at each step is updated by (2.1) and (2.2):

Vi 5 (t + 1) = X{'Ui,j (t) + ClRil’j<Pb68ti7j (t) — X (t)) + CQRij(GbeStj (t) — X (t))] (21)



Where, z;; is component j of particle i. c¢; and c; are acceleration coefficients and x is
constriction factor which has a fixed value less than one. R is a random number with uniform
distribution in [0, 1]. Pbest; is the best individual experience of particle i and Gbest is the best
experience of swarm. PSO is an iterative algorithm and all particles update their position by
equations (2.1) and (2.2) in each performance iteration. In each iteration, after all particle
positions are updated, Pbest value of all particles and also Gbest value of swarm are updated
with respect to new positions.

Depending on how particles move in PSO, particles may leave the search space, which
leads to decreased efficiency and algorithm convergence rate. To solve this problem, some
limitations are considered for velocity components values. For this reason, after computing
velocity by equation (2.1) in each iteration, all its components values would be reviewed in
various dimensions. The value of each velocity vector component can be clamped to the
range [—Vmaz, Vmaz] to reduce the likelihood of particles leaving the search space.

Pseudo code of PSO algorithm is shown in Algorithm 1. Here we suppose the optimization
problem is maximizing problem.

3 The Proposed Algorithm

In this section, a new algorithm based on PSO with adaptive quantum based local search,
called PSO-AQ is presented for optimization in dynamic environments. In the proposed al-
gorithm, there are a predetermined number of swarms. Particles in each swarm update their
position based on their Pbest and Gbest of their own swarm. Each swarm could have two
active and inactive modes. An active swarm is the one whose particles are working and are
searching in the problem environment. An inactive swarm is the one whose particles are sta-
tionary and do not perform any activity during algorithm process. Indeed, fitness evaluation is
performed for particles in active swarms, however, no fitness evaluation is performed for inac-
tive swarms particles. In the proposed algorithm, the number of active swarms conforms to the
number of found peaks by the algorithm.

At first, only one swarm is active in the problem space. After the first swarm converges to
a peak, another swarm will be initialized in the search space and then activated. In order to
determine whether a swarm is converged or not, Euclidean distances of all pairs of particles
in that swarm should be calculated. If all available particles distances of this swarm from each
other are less than a determined value, rconv, the swarm has converged. During the execution
of the algorithm whenever all active swarms converge, another inactive swarm will be activated
after being initialized. If a recently activated swarm converges to a peak which is covered
by another active swarm, a race condition occurs. In this condition, the swarm with a better
Gbest fitness value continues its activity and the beaten swarm becomes inactive. Two swarms
converge to a peak when Euclidean distance of their Gbest positions is less than a specified



value rexcl. Therefore, when all active swarms have converged, an inactive swarm is initialized
in the problem space and becomes active and when two swarms converge to a peak one of
them becomes inactive.

As a result, any swarm that becomes active has the chance to converge to a peak where
no swarm has resided yet. But if it converges to a covered peak, it will be inactivated with a
high probability, because after approaching the peak, the probability of being placed in a better
position than the previously residing swarm is very low. According to this trend, the number of
active swarms is always one more than the number of found peaks by the algorithm since other
than the residing swarms on peaks, there is always a new activated swarm trying to find an
undiscovered peak. Indeed, there is always an active swarm which search for finding possible
undiscovered peaks.

To discover change in the environment, at the beginning of algorithm execution, a random
point called test point is selected in the problem space and its fithess value will be stored.
After executing each iteration of algorithm for all active swarms, fitness value of test point is
reevaluated. If the obtained fitness value is not equal to the stored value based on previous
fitness evaluation of test point, then the environment has changed. It should be noted that
test point position would remain fixed until the end of algorithm. Test point approach has been
proposed for such environments in which environments are changed globally. Otherwise, it
could not be applicable.

After the environment changes, invalid memory problem has to be resolved first. In the
proposed algorithm, after discovering change in the environment, fitness values of all active
swarms’ particles’ Pbest positions are reevaluated and in each swarm Gbest becomes equal
to the best Pbest of its particles. So, invalid memory problem is resolved. After discovering
changes in the environment, diversity problem in swarms would be solved as well. In fact, this
problem occurs, due to this fact that in converged swarms, the density of swarm has increased
considerably and particles have been set too much close to each other. On the other hand,
Pbest position of particles and Gbest of swarm are also very close to each other and the
values of vectors components of particles velocity is very close to zero in this condition. In
this case, diversity in swarm is too low and swarm ability is considerably weak to continue
optimization process after the environment change and displacement of optimal point. In the
proposed algorithm, for increasing diversity in swarms, random values are given to velocity
vector components. The range in which particle velocity components are randomly initialized
must be based on the length of peaks movements (viength). The length of peaks movements
has been omitted from the prior knowledge of the problem in many references. On the other
hand, in case of lacking this knowledge, the length of peaks movements could be extracted,
based on position of the peaks in consecutive environments.

For example, after the environment change, if vlength is equal to x, the goal is located in a
neighborhood of radius x of its previous position, where currently the swarm is concentrating.



Therefore, particles have to search the goal at this distance. Indeed, after the environment
change, the goal is located in a d-dimensional ball with the centrality of the goal position before
the environment change and with radius z in every dimension. As a result, particles have to
be distributed in this d-dimensional ball. Now, if velocity components values of particles are
adjusted randomly in [—z, x], after one iteration of algorithm execution, particles are distributed
at the mentioned distance. Thus, increase in diversity is done based on peaks shift length.
It should be noted that the discussed process is only performed on swarms which have con-
verged. If a swarm is active but has not converged yet, it means that the swarm maintains its
diversity and after changes in the environment, no change is needed to increase diversity.

In the proposed algorithm, in order to increase accuracy of obtained results, a novel ap-
proach is applied based on quantum particles. In this approach, a quantum particle is used
only for the best swarm in order to do a better local search around the possible optimum
peak. Quantum particles approach is used for maintaining diversity and enhancing optimiza-
tion (Blackwell et al., 2008) (Blackwell and Branke, 2006). The idea is that all swarms have a
quantum cloud around their Gbest and in each iteration, quantum particles of every swarm are
located randomly in this cloud (radius of this quantum cloud remains fixed during the execution
of algorithm). Then, if the position of the best quantum particle is better than swarm Gbest,
Gbest will become the position of the best quantum particle. In the proposed algorithm, a
quantum particle is used in sequential form just for the best swarm. The best swarm is the one
which has the best Gbest amongst active swarms according to the Gbest fitness value. With
respect to (Blackwell et al., 2008) and (Blackwell and Branke, 2006), value of quantum cloud
has to be determined based on peaks shift length, which could be calculated after a number of
environment changes.

In the proposed algorithm, in each iteration, there is a quantum particle that can try try_number
times to improve Gbest position of the best swarm. In this process, first a random position with
a uniform distribution is determined in the quantum cloud which is the quantum particle posi-
tion. Quantum particle position is obtained by equation (3.1):

LQuantum,j = Gbe‘StbestSwarm,j + (Tcloud X R]) (31)

In this equation, Rj is a random number with a uniform distribution in [—1, 1]. So component
jth of quantum particle locates at [-7¢oud,7c10ud] @round the same component in Gbest of the
best swarm. Therefore, the quantum particle position is placed in a d-dimensional ball around
Gbest of the best swarm. Then, fithess value of the quantum particle is compared with the
fitness value of Gbest of the best swarm. If Gbest fithess value of the best swarm is better, no
change is done in Gbest position of the best swarm. But if quantum particle fitness value is
better, then Gbest position of the best swarm is modified based on equation (3.2):

GbeStbestSwarm = TQuantum (32)



This action is performed try_number times based on the Gbest position of the best swarm
and each time, if the quantum particle position is better, Gbest position of the best swarm will
change by equation (3.2). Therefore, after changing Gbest position based on equation (3.2),
new position of the quantum particle is determined by equation (3.1) according to the new
Gbest position. So in each iteration and in the best case, Gbest position of the best particle
would be improved try_number times by equation (3.2) and in the worst case no changes
would occur.

Quantum approach is proposed in order to increase accuracy and convergent rate of the
best swarm toward the goal with respect to fithess evaluation However, as it can be observed in
equation (3.1), efficiency of this method depends completely on r,,q value. r,.q Value must
be determined according to viength, but a fixed value of this parameter may decrease quantum
particle efficiency; Because, at first, the value of this parameter is appropriately adjusted to
the space that has to be searched, but this space decreases gradually while moving toward
the goal and after a while r.,,4 value is much bigger than the space that has to be searched.
Consequently, the probability of this quantum particle position obtained by equation (3.1) being
better that Gbest position of the best swarm decreases too much. For removing the discussed
weakness and to adapt r...q t0 the search area, r,.q value should decrease simultaneously
with the swarm movement toward the goal. For this reason, r...q Value has to be multiplied by
a number less than one in each iteration. We can use various mechanisms to determine this
number.

In this paper, a self—adaptive mechanism is proposed in consideration of determining this
value. In this mechanism, after performing ¢ry_number times of equation (3.1), the number
of performing equation (3.2), which means the number of improving Gbestpest_swarm POSItiON
using quantum particle are tracked. The value of .4 in each iteration is updated by equation

(3.3)
S

try_number

rcloud(t) = Tcloud(t - 1) X (LLow + (( ) X (1 - LLow))) (33)

In this equation, S indicates the number situations, in which Gbestpesi_swarm Value is improved
in the current iteration using the quantum particle.

S/try_number always is a number in range of [0,1], due to this fact that the amount of S is
equal to try-number in the best case. When the value of S/try_number approaches to 1, means
that the success rate of quantum particle is high. In this situation, there is no necessity for more
decreasing r..uq-, Since, quantum particle using this cloud involves acceptable efficiency. On
the other hand, when the value of S/try_number approaches to zero, it could be concluded that
the space of quantum particles search cloud is greater than the space which must be searched
by quantum particle for finding better positions. In this case, the probability of occurrence of
the situation obtained using equation (3.1) is decreased. Thus, the value of r. .., must be
decreased with a greater rate. Equation (3.3), decreases the value of the r,,4 in each iteration
regarding the defined range.
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Algorithm 2: Proposed Algorithm PSO-AQ

begin

for first swarm do

activate first swarm;

foreach Particle j do
initialize z1,; , v1,;
Pbesty,; = x1,;

end

Gbest = arg max f(Pbest,;)

end

initialize testpoint
repeat
TestForChange()
Exclusion()

IsConverged()

‘ Activation()
end
foreach activated swarm i do
foreach Particle j do

end

Gbest = arg max f(Pbest;, ;)
end
for cnt=1 to TryNumber do

| Gbestpestswarm = Quantum
end
end
Update r...q based on equation 5
until stopping criterion is met

end

if all activated swarm are converged then

| Update X;,; (t + 1)andPbest,; (t + 1)

Update Quantum based on equation 3
if f(Quantum) > f(Gbest gestswarm) then
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Algorithm 3: TestForChange

begin
Evaluate testpoint
if new value is different from last iteration then
Reinitialize roud
foreach activated swarm i do
foreach Particle j do
‘ Reevaluate Pbest; ;
end
Gbest = arg max f(Pbest; ;)
if swarm i is converged then
‘ Set each particle Velocity vector based on vlenght randomly
end

end

end
end

Algorithm 4: Exclusion

begin
foreach couple activatedSwarm; ; do
if Euclidian dist. between Gbest; and Gbest; < ¢z then
if f(Gbest;) < f(Gbest;) then
‘ inactivate swarm ¢
else
‘ inactivate swarm j
end

end

end

end

Algorithm 5: IsConverged

begin
foreach activatedSwarm,; do
if Euclidian dist. between all couple particle m , n is < r.on, then
swarm i is converged
end

end
end
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Algorithm 6: Activation

begin

for an inactivated Swarm i do
Activate swarm i
Initialize z; ; , v; ;

end

Pbest; j = x;

Gbest = arg min f(Pbest; ;)

end

Thus, r.uq Value in each iteration is adaptively in [7¢oua(t—1) X Lrow » Teloua(t—1)]. It should
be mentioned that r.,,4 value is initialized after every environment change to adapt itself with
the problem space conditions. The pseudo code for the proposed algorithm is presented in
algorithm 2 and applied functions are shown in algorithm 3 to 6.

4 Experimental Study

In this section, we first describe Moving Peaks Benchmark (MPB)(Branke, 1999) which is
the most well-known benchmark for evaluating the performance of optimization algorithms in
dynamic environments. Then, we assess accuracy and efficiency of the proposed algorith-
mand some other state of the art algorithms which are applied on MPB. The main metric for
evaluating the performance of algorithms in this domain is offline error which is indicates the
average of the best found positions fitness using algorithms during the running optimization
process (Branke, 1999). In other word, the value of offline error is the average of current er-
rors. Current error at time t is the deviance of the best found position using algorithm at time t
in the current environment and the position of global optimum in the current environment. The
value of offline error is equal or greater than zero, where zero indicates the ideal situation. In
this paper, we used the source codes presented in (Branke, 1999) in the experiments.

4.1 EXPERIMENTAL SETUP

In this section, we have tested proposed algorithm on Moving Peaks Benchmark (MPB)
(Branke, 1999), which is the best-known benchmark in dynamic environments optimization (Jin
and Branke, 2005). The reason for its popularity among the researchers is that this benchmark
can produce numerous and various conditions and situations of dynamic environments. By
utilizing this benchmark, we can study algorithms performances from different aspects.

In order to measure the efficiency of the algorithms, offline error that is the average of the
difference between fitness of the best solution found by the algorithm and fitness of the global



optimum is used (Branke, 1999).

FEs
of fline_error = L Z(fitness(gbest(t)) — fitness(globalOptimum(t))) (4.1)
FFEs pt

Where FEs is the maximum function evaluations, and gbest(t) and globalOptimum(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.

Experiments were done with respect to MPB parameters which are given in table (1).

Table 1: MPB Parameters Configuration

Parameter Value

Number of peaks, M Variable between 1 to 200
Change frequency 500,1000,2500,5000,10000
Height change 7.0

Width change 1.0

Peaks shape Cone

Basic function No

Shift length, s 1.0

Number of dimensions,D | 5
Correlation Coefficinet, 0

peaks location range [0 100]
Peak height [30.0 70.0]
Peak width [1 12]
Initial value of peaks 50.0

Adjustments of parameters values in the proposed algorithm are as follows:

There are 5 particles in each swarm. It was proved in (Blackwell et al., 2008) that this number
of particles has the best efficiency in solving MPB problems. At the start of algorithm exe-
cution, there is only one active swarm. According to (Blackwell et al., 2008) c1 and c2 are
considered 2.05 and value is considered 0.729843788. rexcl and rconv are determined based
on (Blackwell and Branke, 2006) (Blackwell et al., 2008). In accordance with many other ref-
erences in this domain, it is considered that there is a prior knowledge about viength. It was
shown in (Blackwell et al., 2008) that adjusting r...q¢ Value equal to the half of viength (shift
severity) leads to appropriate results, so we consider this as the initialized value of r. .4 as
well.



After finding the environment change, to increase diversity in active swarms, different com-
ponents values of particles velocity vector are determined randomly in [—vlength, viength] to
expand in the range of the new position of the goal. Experiments were repeated independently
50 times and each time they were performed by different random seeds. Every experiment
continued until environment changes reached 100 times. For example when the change fre-
quency was 5000, experiments performed 5105 fitness evaluations and during this time the
environment changed 100 times. Table 2 shows the effect of various values of try_number
parameter on algorithm efficiency for optimizing MPB with 10 peaks, the change frequency
5000 and severity 1. Experimental results in table 2 were obtained such that r.,q remained
constant during the algorithm execution.

Table 2: effect of various values of try_number parameter on algorithm efficiency

try_number | Offline_error (Standard _error)
5 1.30(0.06)
10 1.17(0.05)
15 1.13(0.06)
20 1.09(0.07)
25 1.20(0.09)
30 1.32(0.10)
50 1.97(0.14)

As it is observed in the course of experiments, by increasing try_number up to 20, algorithm
efficacy improves because of the increase in local search ability around the global optimum
position. However,it decreases after a period of increase, and thus the efficiency decreases.

In fact, the degree of executing fitness evaluation for quantum particles grows by try_number
increase and it leads to the consumption of high amount of fitness evaluation by that particle
and swarms will lose the opportunity for a better search. To be more precise, an environment
is supposed in which the change frequency is 5000, fithess evaluations is performed for 10
peaks, with 10 swarms being located in them. Since each of them has five particles, they
execute 50 fitness evaluations in total, and each one of the 100 iterations are performed until
the environment changes and they move toward the goal. Now if try_number is 50, this chance
reduces in half and only 50 iterations can be executed until the next environment change, which
means that 2500 fitness evaluations are done in 50 iterations. Therefore, swarms cannot
shorten their distance enough from the new position of the peak, which results in swarms
efficacy decrease in following the peaks. With a proper value for try_number, and through
local search ability increase, algorithm efficiency improves. As it is observed in table 2, when
try_number is 20, a better result is obtained. So from now on, try_number is considered 20.

Table 3 shows algorithm efficiency when r;,,.4 is decreased by using equation 5. It shows the
effect of different values of L;ow on algorithm performance. Obviously, when Lo is more



Table 3: The effects of decreasing 7.4 On the efficiency of the proposed algorithm

L, | Offline_error (Standard_error)
1 1.09(0.07)
0.95 1.06(0.03)
0.9 1.04(0.05)
0.8 0.99(0.08)
0.75 0.89(0.03)
0.7 0.92(0.06)
0.65 1.18(0.11)
0.6 1.33(0.10)
0.5 1.70(0.12)

than or equal to 0.7, quantum particle performance is better than the time r. .4 is constant
(rerouqg=1)- When Lpow is less than 0.7, quantum particle efficiency, and consequently the
algorithm efficiency, decreases. Indeed, in this case, quantum cloud decreases by equation 5
with a higher rate than quantum particle development. Therefore, in this condition, the number
of fitness evaluations done by quantum particle not only does not increase efficiency, but also
it takes the chance of more searches from particles. According to table 7, the most appropriate
CFmin is 0.75.

The results of the table 3 show that how much an appropriate local search around the best
peak could improve the algorithms efficiency.

4.2 EXPERIMENTAL RESULTS

In this subsection, the results of the PSO-AQ are compared with other state of the art
algorithms in this domain. Some presented results of the comparative algorithms are ob-
tained by implementing and others are extracted from their references. Table 4 indicates
the results of five algorithms including mQSO(5,5q) (Blackwell and Branke, 2006), AmQSO
(Blackwell et al., 2008), mPSO (Kamosi, Hashemi and Meybodi, 2010), APSO (Rezazadeh,
Meybodi and Naebi, 2011) and the proposed algorithm on MPB with the number of peaks of
1,5,10,20,30,50,100,200, environment change frequencies of 500, 1000, 2500 and 10000 and
shift severity of 1.

As it can be observed in table 4, the proposed algorithm outperforms other four algorithms
in all cases. When the change frequency of the environment is adjusted low, convergence
rate of algorithms after the environment change would be important because the environment
changes after a short time and in the case of low convergence rate of the algorithm, swarms
may miss optimal points and even some of them may never converge to a peak.



Table 4: Comparison of Offline error (Standard error) of the Proposed Algorithm with four other
algorithms in Different Change Frequencies (C-F) and Number of Peaks

ALG. CF NUMBER OF PEAKS
1 [ 5 [ 10 [ 20 [ 30 [ 50 [ 100 [ 200

mQSO(5,5q) 8.19(0.17) | 8.54(0.16) | 8.72(0.20) | 8.80(0.21) | 9.07(0.25) | 9.62(0.34) | 11.91(0.76) | 33.67(3.42)
AmQSO 7.48(0.19) | 7.34(0.31) | 7.57(0.32) | 7.10(0.39) | 6.82(0.34) | 5.37(0.42) | 5.77(0.56) 3.02(0.32)
mPSO 500 8.88(0.14) | 8.91(0.17) | 8.76(0.18) | 8.43(0.17) | 8.01(0.19) | 7.19(0.23) | 6.69(0.26) 8.71(0.48)
APSO 6.20(0.04) | 6.08(0.06) | 5.95(0.06) | 6.03(0.07) | 5.81(0.08) | 5.16(0.11) | 4.95(0.11) 4.81(0.14)
PSO-AQ 6.13(0.17) | 5.68(0.15) | 6.21(0.16) | 5.43(0.18) | 5.71(0.18) | 4.96(0.17) | 4.27(0.19) 2.88(0.19)
mQSO(5,5q) 554(0.11) | 5.83(0.13) | 5.87(0.13) | 5.81(0.15) | 5.85(0.15) | 5.71(0.22) | 6.56(0.38) | 18.60(1.63)
AmQSO 5.75(0.26) | 4.77(0.45) | 6.06(0.14) | 5.20(0.38) | 5.36(0.47) | 4.56(0.40) | 2.90(0.32) 2.33(0.31)
mPSO 1000 | 5.78(0.09) | 5.60(0.09) | 5.33(0.10) | 5.15(0.12) | 4.97(0.13) | 4.57(0.18) | 3.93(0.16) 4.44(0.24)
APSO 4.21(0.02) | 4.26(0.04) | 4.11(0.03) | 4.12(0.04) | 4.13(0.06) | 3.87(0.08) | 2.99(0.09) 2.72(0.04)
PSO-AQ 3.98(0.09) | 3.97(0.10) | 3.87(0.11) | 3.98(0.13) | 3.66(0.14) | 3.13(0.12) | 2.86(0.12) 1.97(0.12)
mQS0(5,5q) 3.30(0.06) | 3.58(0.08) | 3.63(0.10) | 3.63(0.10) | 3.58(0.13) | 3.12(0.14) | 3.26(0.21) 7.64(0.64)
AmQSO 3.07(0.12) | 3.53(0.14) | 3.68(0.15) | 3.24(0.18) | 2.73(0.11) | 2.49(0.10) | 2.16(0.19) 0.87(0.11)
mPSO 2500 | 3.36(0.05) | 3.31(0.05) | 3.26(0.07) | 3.15(0.08) | 3.07(0.11) | 2.66(0.16) | 2.04(0.12) 1.79(0.10)
APSO 2.64(0.01) | 2.62(0.02) | 2.66(0.02) | 2.61(0.02) | 2.51(0.05) | 2.17(0.07) | 1.55(0.05) 1.06(0.03)
PSO-AQ 2.55(0.05) | 2.65(0.07) | 2.63(0.07) | 2.32(0.05) | 2.14(0.08) | 1.91(0.13) | 1.44(0.09) 0.73(0.12)
mQSO(5,5q) 1.71(0.04) | 1.85(0.05) | 1.99(0.07) | 2.00(0.09) | 1.84(0.08) | 1.10(0.07) | 1.03(0.06) 1.90(0.18)
AmQSO 2.52(0.10) | 1.89(0.14) | 1.55(0.08) | 1.78(0.09) | 1.28(0.12) | 0.76(0.06) | 0.45(0.04) 0.19(0.02)
mPSO 10000 | 1.48(0.02) | 1.50(0.03) | 1.47(0.04) | 1.43(0.05) | 1.34(0.08) | 0.97(0.04) | 0.70(0.10) 0.27(0.02)
APSO 1.36(0.01) | 1.38(0.01) | 1.46(0.01) | 1.39(0.02) | 1.23(0.02) | 0.82(0.02) | 0.57(0.03) 0.25(0.01)
PSO-AQ 1.29(0.18) | 1.32(0.06) | 1.18(0.05) | 0.98(0.06) | 0.70(0.05) | 0.56(0.07) | 0.35(0.08) 0.14(0.00)

By increasing change frequency, algorithms efficiency is improved because swarms have
more chance to reach goals before the environment change. In the proposed algorithm,
swarms perform less fitness evaluations than other algorithms at every iteration. In fact, in
the proposed algorithm, all swarms, except the best swarm, perform only 5 fithess evaluations
at each iteration (equal to the population size of the swarm). It enables swarms to execute
more iterations compared with other algorithms before the environment change, particularly
when the number of swarms is high. Also, in the proposed algorithm, to find the environment
change, just one fitness evaluation is performed for test_point at each iteration of algorithm
execution. In other algorithms, this number is much more than one and is equal to the number
of available swarms in the problem at every iteration.

In the proposed algorithm, after covering all peaks, the algorithm performs fitness evalua-
tions in proportion with the number of peaks in the problem space. In addition, in order to
increase diversity, a mechanism was proposed without performing any additional fithess eval-
uations which generates diversity in swarms, well after discovering the environment change.
The result in the proposed algorithm is that swarms perform less fithess evaluations and have
more iterations to reach goals before the environment change. Also, using quantum idea for the
best swarm leads to a better search around the best found position by the algorithm. Indeed,
by decreasing quantum cloud radius during the execution of the algorithm, local search ability
increases around the goal. In addition, quantum idea in the proposed algorithm is designed in
a manner that there would be a probability of Gbest improvement in every fitness evaluation

(try_number).

It is worth mentioning that in (Blackwell and Branke, 2006) and (Blackwell et al., 2008), the
quantum particles approach was used in order to increase diversity. However, in the proposed
algorithm, this approach is used in consideration of a better local search around the optimum



peak which its efficiency is significantly improved thanks to a self-adaptive mechanism.

Figure 1 shows average current_error and of fline_error graphs of 50 times execution of
the proposed algorithm (PSO-AQ) and AmQSO on MPB with 10 peaks, change frequency
5000 and wlenght 1 in scenario 2, for 100 environment changes. As it can be observed, af-
ter each environment change, swarms in the proposed algorithm converge fast to the new
positions of goals and because of increasing local search ability around the best found posi-
tion, current_error value decreases well before the next environment change. A considerable
matter in this graph is a fast decrease in of fline_error value after starting execution of the
proposed algorithm. In the proposed algorithm, activating and inactivating mechanisms of
swarms are designed so that those useless and inefficient swarms would not exist in the prob-
lem space. Also, the increase in local search ability is only done in the best swarm by means of
quantum particle, and it is not used in other swarms in order not to waste the fitness evaluation.
Because, increasing local search ability cannot be useful in non-optimal peaks. Therefore, the
proposed algorithm would have a faster convergent rate by better use of fitness evaluation.

Table 5: A Comparison of Offline errors (Standard errors) belong to seven Algorithms on the
MPB Problem with Different Shift Lengths

Shift Severity

Algorithm(1.0 2.0 3.0 5.0

mQSO |1.75(0.06)|2.40(0.06)3.00(0.06)4.24(0.10)
AmQSO (1.51(0.10)2.09(0.08)|2.72(0.09)(3.71(0.11)
mCPSO |2.05(0.07)|2.80(0.07)[3.57(0.08)4.89(0.11)
SPSO 2.51(0.09)(3.78(0.09)|4.96(0.12)|6.76(0.15)
rSPSO  |1.50(0.08)[1.87(0.05)2.40(0.04)/3.25(0.09)
PSO-CP |1.31(0.06)(1.98(0.06)2.21(0.06)/3.20(0.13)
PSO-AQ |0.89(0.03)[1.14(0.09)(1.86(0.08)2.28(0.12)

In the other parts of experiments, the performance of proposed algorithm is compared with
6 other algorithms on the MPB problems with 10 peaks, change frequency 5000 and different
settings of the shift length (vienght). The experimental results regarding the of fline_error and
standard_error are shown in Table 5.

From Table 5, it can be observed that the results obtained by proposed algorithm PSO-
AQ are considerably better than the results in the other six algorithms on MPB problems with
different shift severities. It is obvious that the peaks are more and more difficult to be tracked
with the increase of the shift lengths. Thus, the performance of all algorithms degrades when
the shift length increases. As it is shown in table 5, with the increase in shift severity, the
proposed algorithm has a better performance compared to other six algorithms and is robust
to the shift severity. The reasons for the appropriate efficiency in the proposed algorithm in



various shift lengths are expanding particles based on shift severities after the environment
change and increasing search ability around the best found peak.

Table 6: A Comparison of Offline errors (Standard errors) belong to 14 Algorithms on the MPB
Problem with Different Number of Peaks

Number Of Peaks

Algorithm 1 5 10 20 30 50 100 200

mQSO  |4.92(0.21)| 1.82(0.08) | 1.85(0.08) | 2.48(0.09) | 2.51(0.10) | 2.53(0.08) |2.35(0.06)|2.24(0.05)
AmQSO |0.51(0.04)| 1.01(0.09) | 1.51(0.10) | 2.00(0.15) | 2.19(0.17) | 2.43(0.13) |2.68(0.12)|2.62(0.10)
CLPSO |2.55(0.12)| 1.68(0.11) | 1.78(0.05) | 2.61(0.07) | 2.93(0.08) | 3.26(0.08) |3.41(0.07)|3.40(0.06)
FMSO 3.44(0.11)| 2.94(0.07) | 3.11(0.06) | 3.36(0.06) | 3.28(0.05) | 3.22(0.05) |3.06(0.04)|2.84(0.03)
RPSO 0.56(0.04)(12.22(0.76)(12.98(0.48)|12.79(0.54)|12.35(0.62)(11.34(0.29)(9.73(0.28)8.90(0.19)
mCPSO [4.93(0.17)[ 2.07(0.08) | 2.08(0.07) | 2.64(0.07) | 2.63(0.08) | 2.65(0.06) |2.49(0.04)|2.44(0.04)
SPSO 2.64(0.10)| 2.15(0.07) | 2.51(0.09) | 3.21(0.07) | 3.64(0.07) | 3.86(0.08) |4.01(0.07)|3.82(0.05)
rSPSO |1.42(0.06)| 1.04(0.03) | 1.50(0.08) | 2.20(0.07) | 2.62(0.07) | 2.72(0.08) |2.93(0.06)|2.79(0.05)
mPSO 0.90(0.05) 1.21(0.12) | 1.61(0.12) | 2.05(0.08) | 2.18(0.06) | 2.34(0.06) [2.32(0.04)2.34(0.03)
PSO-CP (3.41(0.06) - 1.31(0.06) - 2.02(0.07) - 2.14(0.08)2.04(0.07)
RVDEA 1.02(-) 3.54(-) 3.87(-) 3.92(-) 3.78(-) 3.37(-) | 3.54(-)
SFA 0.42(0.07)| 0.89(0.09) | 1.05(0.04) | 1.48(0.05) | 1.56(0.06) | 1.87(0.05) {2.01(0.04)[1.99(0.06)
APSO 0.53(0.01)| 1.05(0.06) | 1.31(0.03) | 1.69(0.05) | 1.78(0.02) | 1.95(0.02) {1.95(0.01)[1.90(0.01)
CLDE 1.53(0.07)| 1.50(0.04) | 1.64(0.03) | 2.46(0.05) | 2.62(0.05) | 2.75(0.05) |2.73(0.03)|2.61(0.02)
PSO-AQ |0.34(0.02) 0.80(0.12) | 0.89(0.03) | 1.45(0.06) | 1.52(0.04) | 1.77(0.05) {1.95(0.05)(1.96(0.04)

In table 6, the efficiency of the proposed algorithm is compared with fourteen other algo-
rithms including mQSO(5,5q) (Blackwell and Branke, 2006), mCPSO (Blackwell and Branke,
2006), AmQSO (Blackwell et al., 2008), mPSO (Kamosi et al., 2010), APSO (Rezazadeh
et al., 2011), CLPSO (Hashemi and Meybodi, 2009a), FMSO (Li and Yang, 2008) , RPSO
(Hu and Eberhart, 2002), SPSO(Du and Li, 2008), rSPSO(Bird and Li, 2007), PSO-CP(Liu,
Yang and Wang, 2010), RVDEA(Woldesenbet and Yen, 2009), SFA(Nasiri and Meybodi, 2012)
and CLDE(Noroozi, Hashemi and Meybodi, 2011) on MPB problems with various numbers of
peaks, change frequency of 5000 and shift severity of 1. As it can be observed in this table,
the proposed algorithm markedly outperforms other algorithms. In fact, the results show the
proposed algorithm is robust with the number of peaks and whether the number of peaks is
low or high, it leads to suitable results. Table 7 shows the results of the proposed method
with different dimensions involving 10 peaks, change frequency of 5000 and shift severity of
1, in addition to those of mMQSO, AmQSO, RPSO and mPSO. As can be seen, by increasing
dimension of the problem space, the performance of the proposed method is less degraded,
compared to other algorithms.



Table 7: Comparison between offline error (standard error) of the proposed method and that
of 4 related algorithms on MPB with different dimensions, change frequency of 5000 and 10

peaks
Shift Severity
Algorithm 2 5 10 15 20
mQSO [1.01(0.04) 1.85(0.08) | 4.22(0.20) | 6.50(0.33) | 8.88(0.34)
AmQSO |0.71(0.05)| 1.51(0.10) | 3.37(0.22) | 4.91(0.31) | 5.83(0.29)
mPSO 1.24(0.07)| 1.61(0.12) | 4.32(0.26) | 7.07(0.25) {10.77(0.40)
RPSO 2.62(0.08)(12.98(0.48)|16.87(0.83)[18.48(0.97)|18.48(0.94)
PSO-AQ |0.46(0.04) 0.89(0.03) | 2.31(0.13) | 4.01(0.32) | 5.64(0.64)
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Figure 1: Offline error and current error curves of the proposed algorithm and AmQSO on
Scenario 2 of MPB.

5 Conclusion

In this paper, a new method for optimization in dynamic environments was proposed based
on particle swarm optimization algorithm. The proposed algorithm used a new quantum based
local search for the sack of enhancing the algorithm efficiency. Results on various configura-
tions of moving peak benchmark problem were compared with several other state of the art
methods in this domain.

In the proposed algorithm, quantum particles approach has been employed for enhanc-
ing the swarm which was placed in the best peak of current environment. By decreasing
the amount of quantums cloud regarding a novel self-adaptive mechanism, the ability of local
search around the best peak was considerably increased. In fact, using this approach leaded
to increasing speed for reaching the new position of optimum peak after each environment
change. The experimental results showed that improving the ability of local search around
best peak, significantly improved the algorithms efficiency. In addition, by increasing diversity



in swarms utilizing a novel method for randomized initializing of velocity vector components,
other swarms could be quickly reached to new position of their goal without any additional
computational cost.

Totally, in proposed algorithm, we attempted to satisfy all requirements of dynamic environ-
ments with MPB characteristics. Experimental results showed that the proposed algorithm has
a suitable efficacy, compared to other algorithms in this domain.

Furthermore, there are some relevant works to pursue in the future. Controlling the value
of fitness evaluation using the swarms placed in peaks which are not optimal leads to more
time for reaching the better results to the swarms placed in the best peak. In addition, hav-
ing two types with different configurations for finding and pursuing peak causes considerable
improvement in algorithm’s efficiency.
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