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Abstract. Swarm Intelligence algorithms have been extensively applied
to solve optimization problems. However, some of them, such as Particle
Swarm Optimization, may not present the ability to generate diversity
after environmental changes. In this paper we propose a hybrid algo-
rithm to overcome this problem by applying a very interesting feature
of the Fish School Search algorithm to the Particle Swarm Optimiza-
tion algorithm, the collective volitive operator. We demonstrated that
our proposal presents a better performance when compared to the FSS
algorithm and some PSO variations in dynamic environments.

1 Introduction

The optima solutions for many real-world problems may vary over the time. For
example, the optimal routes for a computer network can change dynamically due
to nodes failures or due to unavailable links. Therefore, optimization algorithms
to solve real-world problems should present the capability to deal with dynamic
environments, in which the optima solutions can change along the time.

Many bio-inspired optimization algorithms have been proposed in the last
two decades. Among them, there are the swarm intelligence algorithms, which
were conceived based on some collective behaviors. In general, swarm algorithms
are inspired in groups of animals, such as flocks of birds, schools of fish, hives
of bees, colonies of ants, etc. Although a lot of swarm-based algorithms were
already proposed, just some few were designed to tackle dynamic problems.

One of the most used swarm intelligence algorithms is the Particle Swarm
Optimization (PSO). Despite the fast convergence capability, the vanilla version
of the PSO can not tackle dynamic optimization problems. It occurs because the
entire swarm often increases the explotation around a good region of the search
space, reducing the overall diversity of the population. However, some variations
of the PSO have been created in order to increase the capacity to escape from
regions in the search space where the optimum is not located anymore [112]3].

On the other hand, another swarm intelligence algorithm proposed in 2008, the
Fish School Search algorithm (FSS) [4/5l6], presents a very interesting feature that
can be very useful for dynamic environments. FSS presents an operator, called
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volitive operator, which is capable to auto-regulate the exploration-exploitation
trade-off during the algorithm execution.

Since the PSO algorithm converges faster than FSS but can not auto-adapt
the granularity of the search, we believe the FSS volitive operator can be applied
to the PSO in order to mitigate this PSO weakness and improve the performance
of the PSO for dynamic optimization problems. Based on this, we propose in
this paper a hybrid algorithm, called Volitive PSO.

This paper is organized as follows. Section [2 provides the background on PSO
and FSS, also including a brief explanation of a well known PSO variation to
tackle dynamic problems, called Charged PSO. Section [8l describes our proposal,
which is a FSS-PSO hybrid algorithm. Section [l presents the simulation setup.
Section [ is divided in two sub-sections and depicts some results. The former
presents a parametrical analysis of our proposal and the latter shows a compar-
ison between our proposal and some other approaches. In Section [6] we give our
conclusions and we present some ideas for future works.

2 Background

2.1 PSO (Particle Swarm Optimization)

Particle Swarm Optimization is a population-based optimization algorithm in-
spired by the behavior of flocks of birds. It was firstly introduced by Kennedy
and Eberhart [7] and it has been largely applied to solve optimization problems.

The standard approach is composed by a swarm of particles, where each one
has a position within the search space z; and each position represents a solu-
tion for the problem. The particles fly through the search space of the problem
searching for the best solution, according to the current velocity wv;, the best
position found by the particle itself (m) and the best position found by the

entire swarm during the search so far (CE: ).

According to the approach proposed by Shi and Eberhart [8] (this approach is
also called inertia PSO), the velocity of a particle i is evaluated at each iteration
of the algorithm by using the following equation:

— — o 0 — = =
i (t+ 1) = wo; (t) + r1¢1[Poest; — Ti (£)] + 12¢2[Gpest, — i (t)], (1)

where r1 and ro are numbers randomly generated in the interval [0,1]. The
inertia weight (w) controls the influence of the previous velocity and balances
the exploration-exploitation behavior along the process. It generally decreases
from 0.9 to 0.4 during the algorithm execution. ¢; and co are called cognitive
and social acceleration constants, respectively, and weights the influence of the
memory of the particle and the information acquired from the neighborhood.

The position of each particle is updated based on the velocity of the particle,
according to the following equation:

Lt+1) =50 +vt+1). (2)
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The communication topology defines the neighborhood of the particles and,
as a consequence, the flow of information through the particles. There are two
basic topologies: global and local. In the former, each particle shares and acquires
information directly from all other particles, i.e. all particles use the same social
memory, called Gpest. In the local topology, each particle only share information
with two neighbors and the social memory is not the same within the whole
swarm. This approach, called Lpes, helps to avoid a premature attraction of all
particles to a single spot point in the search space.

2.2 Charged PSO

Since the standard PSO can not tackle dynamic problems due to the the low
capacity to increase the diversity after the entire swarm has converged to a
single region of the search space, many efforts to overcome this weakness have
been made. The simplest idea is to restart the particles every time the search
space changes. However, all the previous information obtained from the problem
during the search process is lost in this case.

An interesting approach introduced by Blackwell and Bentley [I] is the Charged
PSO, which uses the idea of electrostatic charges. Some particles are charged (they
repeal themselves) and some others are neutral. In general, the neutral particles
tend to exploit towards a single sub-region of the search space, whereas the charged
particles never converges to a unique spot. Nevertheless, the charged particles are
constantly exploring in order to maintain diversity.

In order to consider the effect of the charged particles, the velocity equation
receives a fourth term, as shown in the equation (B]). This term is defined as the
acceleration of the particle i ('@;) an can be seen in equation (@).

— — 5> 0 — = — —
i (t+ 1) = wv; (t) + 1161 [Prest; — ;i (t)] + m262[Grest — i (1) + @'3(t).  (3)

a ; (4)

o Y FEEEET W), R < Ty < Ry,
(t) = 175 @l
0, otherwise ,

—

where 7;;(t) = 7'i(t) — 7 ;(t), Q; is the charge magnitude of the particle i, R,
is the core radius and R, is the perception limit of the particle. Neutral particles
have charge value equal to zero, i.e. Q; = 0.

2.3 FSS (Fish School Search)

The Fish School Search (FSS) is an optimization algorithm based on the gre-
garious behavior of oceanic fish. It was firstly proposed by Bastos-Filho et al in
2008 []. In the FSS, each fish represents a solution for the problem. The success
of a fish during the search process is indicated by its weight. The FSS has four
operators, which are executed for each fish of the school at each iteration: (i)
individual movement, which is responsible for local search step;nq; (ii) feeding,
which updates the fish weights indicating the degree of success or failure during
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the search process so far; (iii) collective-instinctive movement, which makes all
fish moves toward a resultant direction; and (iv) collective-volitive movement,
which controls the granularity of the search. In this paper, as we are dealing
with dynamic environments, only the feeding and collective-volitive movement
operators are used to build the proposed hybrid algorithm.

Feeding operator

The feeding operator determines the variation of the fish weight at each iteration.
One should notice that a fish can increase or decrease its weight depending,
respectively, on the success or failure during the search process. The weight of
the fish is evaluated according to the following equation:

Af,
maz (A" (%)

where W;(t) is the weight of the fish ¢, Af; is the variation of the fitness function
between the new position and the current position of the fish, maz(|Af|) is
the absolute value of the greatest fitness variation among all fish. There is a
parameter wseqre that limits the maximum weight of the fish. The weight of
each fish can vary between 1 and wgeqie and has an initial value equal to %

Wit +1) = Wi(t) +

Collective-volitive movement operator

This operator controls the granularity of the search executed by the fish school.
When the whole school is achieving better results, the operator approximates the
fish aiming to accelerate the convergence toward a good region. On the contrary,
the operator spreads the fish away from the barycenter of the school and the fish
have more chances to escape from a local minimum. The fish school expansion or
contraction is applied as a small drift to every fish position regarding the school
barycenter, which can be evaluated as shown below:

= R TiwWi)
B = u .
W==5F 0

We use equation (7)) to perform the fish school expansion (use sign +) or
contraction (use sign —).

(6)

Ti(t) ~ B(1)

?i (t + 1) = §>i (t) + stepyormt — ,
d(@i(t), B(t))

(7)
where 7 is a number randomly generated in the interval [0, 1]. d(z;, ﬁ) evaluates
the euclidean distance between the particle ¢ and the barycenter. step,.; is called
volitive step and controls the step size of the fish. The step,,; is bounded by two
parameters (stepyol_min and stepyol_maz) and decreases linearly from stepyor_maa
to stepyoimin along the algorithm iterations. It helps the algorithm to initial-
ize with an exploration behavior and change dynamically to an exploitation
behavior.
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3 Volitive PSO

This section presents the proposed algorithm, called Volitive PSO, which is a
hybridization of the FSS and the PSO algorithms. Our proposal is to include two
FSS operators in the Inertia PSO, the feeding and the collective-volitive move-
ment. In the Volitive PSO, each particle becomes a weighted particle, where the
weight is used to indicate the collective-volitive movement, resulting in expan-
sion or contraction of the school. In our proposal, the step,,; does not decrease
linearly, it decreases according to equation (8)). The parameter volitive step decay
percentage (decay,o;) must be in the interval [0, 100].

100 — decayyor

Stepvol(t + 1) = Stepvol (t) 100

(8)
The step,o; is reinitialized to stepyoimaz When a change in the environment is
detected. We use a sentry particle [9] to detect these changes. The fitness of the
sentry particle is evaluated in the end of each iteration and in the beginning of
the next iteration. The Algorithm [[.T] shows the Volitive PSO pseudocode.

Algorithm 1.1: Volitive PSO pseudocode

Initialize parameters and particles;
while the stop condition is not reached do
foreach particle of the swarm do
Evaluate the fitness of the particle;
—_— —_—
Evaluate Ppest and Lpest;
end

if an environment change is detected then
Initialize stepyor;

end

foreach particle of the swarm do
Update the velocity and the position of the particle;

Evaluate the fitness of the particle;
end
Execute feeding operator;
Execute collective-volitive movement operator;
foreach particle of the swarm do

—_— —_—
Evaluate Pyest and Lpest;
end
Update step,or and w;
end

4 Simulation Setup

In this section we present the benchmark function, the metric to measure the qual-
ity of the algorithms and the values for the parameters used in the simulations.
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4.1 Benchmark Function

We used the DF1 benchmark function proposed by Morrison and Jong [10] in our
simulations. DF1 is composed by a set of random peaks with different heights
and slopes. The number of peaks, their heights, slopes, and positions within the
search space are adjustable. The function for a N-dimensional space is defined
according to the equation ().

f(Z) =mawi=1 2. p[Hi — Siy/ Z (7 —77)?], (9)

where P is the number of peaks (peak i is centered in the position z; ), H; is the
peak height and S; is the peak slope. The values for x;4, H; and S; are bounded.
The dynamic components of the environment are updated using discrete
steps. The DF1 uses a logistic function to control the generation of different
step sizes. The parameter used to calculate the steps is adjusted according to

the equation (I0).
€e; = Tei_l[l — 61'_1], (10)

where 7 is a constant in the interval [1,4]. As r increases, more simultaneous
results for e are achieved. As r gets closer to 4, the behavior becomes chaotic.

The dynamics of the environment is specified using the following parameters:
Npeaks is the number of peaks in motion; 7, is the r value for height dynamics;
rs is the r value for slope dynamics; r,4 is the r value for position dynamics in
dimension d; It is necessary to have a scaling factor for each r value.

4.2 Performance Metric

The mean fitness metric was introduced by Morrison [I1I]. He argued that a
representative performance metric to measure the quality of an algorithm in a
dynamic environment should reflect the performance of the algorithm across the
entire range of environment dynamics. The mean fitness is the average over all
previous fitness values, as defined below:

T
Fmean(T) = M? (11)
where T is the total number of iterations and Fjes is the fitness of the best
particle after iteration t. The advantage of the mean fitness is that it represents
the entire algorithm performance history.

We also used the collective mean fitness [I1], that is simply the average value

of the mean fitness at the last iteration over a predefined number of trials.

4.3 Parameters Settings

All results presented in this paper are the average values after 30 trials. We
used 10,000 iterations for all algorithms. We performed the experiments in two
situations: (i) 10 dimensions and 10 peaks and (ii) 30 dimensions and 30 peaks.
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In this paper, only the peak positions are varied along the iterations. The heights
and slopes of the peaks were initialized randomly within the predefined interval.
The parameters used for the DF1 function are Hyqse = 40, Hyange = 20, Hocate =
0.5, r, = 3.2, Sbase =1, Srange =1, Sscale = 0.9, rs = 1.2, Tpase_ia = —10,
LTrange_id = 20, Tscaleid = 077 Ted = 3.2.

For all PSO algorithms, we used 50 particles, local topology, ¢; and ¢ equal
to 1.494 [12] and w decreasing linearly from 0.9 to 0.4 along 100 iterations. We
set up w = 0.9 every time an environment change is detected. We chose the
local topology since it helps to avoid premature convergence to a local optimum,
which is good for optimization in dynamic environments. The Charged PSO was
tested empirically with 30%, 50% and 70% of charged particles, and for Q = 4,
Q@ =38,Q =12 and @ = 16. In both scenarios, the best results were achieved
for 30% of charged particles and Q = 12. Hence, these values were used. For
the FSS, we used 50 fish, Wycq1e = 500, initial and final individual step equal to
2% and 0.01%, and initial and final volitive step equal to 40% and 0.1%. steping
and step,,; decreases linearly along 100 iterations and are reinitialized when a
change in environment occurs. For the Volitive PSO, we used wgcq;e = 500, and
Stepvol_min =0.01%.

5 Results

5.1 Analysis of the Parameters

This section presents an analysis of the influence of the parameters decayq,o
and stepyoi_maz i the performance of the Volitive PSO. As preliminary re-
sults showed that the algorithm is more sensible to the decay,,; parameter and
high values for decay,o, do not present good performance, we tested the follow-
ing decay,o; values: 0%, 10% and 25%. For each decay,o value, we varied the
stepyoi_maz value and the box plots of the mean fitness at the last iteration are
shown in the Figure [

For the case 1 (10 dimensions and 10 peaks), the average mean fitness for dif-
ferent stepyoi_maz are not so different (as shown in Figures|1(a)l [1(c)| and [L(e)].
However, slightly better results can be observed for decay,, = 10%. Neverthe-
less, for the case 2 (30 dimensions and 30 peaks), the best results were achieved
for decay,o; equal to 0%. It indicates that is better to not diminish the step,,,; for
spaces with higher dimensionality. The best results for the case 2 were achieved
when stepyolmaz = 40% and decay,o; = 0%. Hence, we used these values for the
comparison presented in the next sub-section.

5.2 Comparison with Other Approaches

In this section we present a brief performance comparison among the Volitive
PSO, Inertia PSO, Restart PSO (simply reinitialize the particles when a change
in the environment is detected), Charged PSO and FSS. Figure [2 depicts the
average values of fitness for each algorithm. As can be seen, the Volitive PSO
achieved better results in average than the other algorithms in both cases.
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Fig.1. Analysis of the parameters decay,oi and stepyoimas of the Volitive PSO

algorithm
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Fig. 2. Comparative evolution of the algorithms on the DF1 function

Table 1. Collective Mean Fitness - Average (standard deviation) after 10,000
iterations

(a) 10 dimensions and 10 peaks. (b) 30 dimensions and 30 peaks.
PSO 39.207 (6.533) | [PSO 24.827 (5.4%6)

Restart PSO Restart PSO

16.528 (5.590)

32.493 (6.088)

Charged PSO

42.249 (4.542)

Charged PSO

22.039 (6.965)

FSS

31.032 (9.742)

FSS

20.192 (7.340)

Volitive PSO

47.168 (4.517)

Volitive PSO

41.854 (4.521)

Table[[lshows the collective mean fitness (and standard deviation in parenthe-
sis) after 10, 000 iterations. One can observe that the Volitive PSO also achieved
lower standard deviation in both cases.

6 Conclusion

In this paper we proposed a hybrid FSS-PSO algorithm for dynamic optimiza-
tion. We showed that the collective-volitive movement operator applied to the
PSO can help to maintain diversity when the search space is varying over the
time, without reducing the exploitation capability. Some preliminary results
showed that the volitive step must not decay quickly. It indicates the impor-
tant hole of the FSS-operator to generate diversity after environmental changes.
Further research includes a deeper analysis of the Volitive PSO and more tests
varying the peaks height and slopes. Also, we intend to analyze the dynamics of
the swarm within the search space.
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