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Abstract— A particle swarm optimisation model for tracking
multiple peaks in a continuously varying dynamic environment
is described. To achieve this, a form of speciation allowing
development of parallel subpopulations is used. The model

employs a mechanism to encourage simulataneous tracking of Wa&yS -

multiple peaks by preventing overcrowding at peaks. Possible
metrics for evaluating the performance of algorithms in dynamic,

multimodal environments are put forward. Results are appraised

in terms of the proposed metrics, showing that the technique
is capable of tracking multiple peaks and that its performance

is enhanced by preventing overcrowding. Directions for further

research suggested by these results are put forward.

I. INTRODUCTION
The particle swarm model is a tool used for the Optim;'_ncreases, changing not just the position of the global optimum

sation of continuous, non-linear problems [1]. Optimisatio
is achieved by ‘flying’ particles through a solution spac

algorithms, variants of which have been developed to operate
in dynamic multimodal envirnoments (e.g. [4]).

Dynamic multimodal environments may change in several
peaks may shift spatially, change shape and change
height. Note that a dynamic multimodal environment in which
only fitness changes is roughly equivalent to a static mul-
timodal environment - once the peaks’ (static) locations are
found no further searching is needed. On the other hand, if
only position changes and not height, only the single peak
representing the global optimum needs to be tracked. In a
fully dynamic multimodal environment, the peak representing
the global optimum may decrease while a local optimum

as the peaks shift but also the peak which must be tracked
fo find it. A peak may ‘disappear as it is obscured by

representing a problem with the particle’s position representifighigher peak above it, or peaks may appear or disappear
a possible solution. Particles evaluate the fitness of a solutfoiirely: To effectively search such a space an evolutionary

represented by their coordinates and record the position of the' ; i X X
best solution they have found so far (their personal best dSingle peak temporarily representing the global optimum, in

pbest value). Particles communicate with their neighbours 0/

fmputation technique should track multiple peaks, rather than

der to maintain the location of the global optimum. A two-

record the best position found by other particles (the globdimensional, three-peak mulitmodal space as used later in this
best orgbest value). Using the knowledge of their own besP@Per is shown in Figure 1.

position and others’ best position, particles derive a velocity
vector which is used to update their position. By using a swarm
of particles behaving in this fashion, a solution space can be
searched for a global optimum. The equations describing this

behaviour are as follows:

vi(t) = wvi(t—1)+ciri(pi—zi(t—1)) +cara(pg —xi(t—1)) (1)

wi(t) = 2i(t — 1) +vi(t) , )

wherev;(t) represents the velocity of particleat timet,

x;(t) its position,p; andp, the previous best position of the

particle pbest) and its neighboursgbest) respectivelyc; and
co are two positive constants; the inertia weighting aneat
andr, two random numbers in the range [0,1].

Particle Swarm Optimisation (PSO) variations have beéo that developed in work by Li et al. on a genetic algorithm
developed to search multimodal environments [2] and to trafilr multimodal optimisation [5]. This technique uses a local
a single peak in a dynamic environment [3]. However, to thepecies seed’ which provides the local best value to particles
best knowledge of the authors a PSO model for tracking multhose position in the solution space is within a user-specified
tiple peaks in a dynamic environment has not been developeatlius of the seed. This encourages particles to converge
In this respect PSO development lags behind that of genatigon local optima rather than all converging to a single
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Fig. 1. Three-peak multimodal environment

This paper provides a technique for multimodal optimisation
in a dynamic environment using a form of speciation similar



global optimum, hence developing multiple sub-populationis a dynamic environment the height and position may change
in parallel. in a number of environments simultaneously (but omitted
In the implementation discussed, Morrison and De Jondgkat the shape and number of peaks may also change). The
dynamic function generator DF1 [6] is used to continuouskiuthors considered that ability to adapt to a periodic change
vary the shape, height and position of peaks within a soluti@ecurring every hundred generations should be sufficient.
space. Particles update their fitness at their current positideing a standard particle swarm to track a single peak in three
and their own recorded best-so-far position in order to remaiimensions (parabolic functiofi(z) = 22 + y? + 22), they
up-to-date in the dynamic environment. obtained errors several orders of magnitude less than those of
A parameterp,,.. is used to limit the number of particlescomparable GA-based approaches.
in a sub-population (i.e. the number of particles sharing To adapt PSO to dynamic environments, Hu and Eberhart
a commongbest). Those particles located within the sub{7] suggested monitoring environments for a change and
population’s space (whose distance to fiest position is updating thejbest andpbest values of particles when a change
less than the species radius) beyond the number of allowalsledetected. Again, they have only tested their algorithms on
particles are reinitialised at random locations about the seasihgle-optimum environments. Carlisle and Dozier investigated
space. a similar mechanism in their work [8] and also suggested
Research relevant to the problem is explored in Section gkriodic resetting of personal and population fitness values.
Section 3 describes the technique itself. Results are given in
Section 4, along with the problem generator on which the. psSO and GA Algorithms for Multimodal Environments
technique was tested and the metrics used to evaluate its o ] ) o
performance. A discussion of these results is given in Sectionvarious methods of niching, fitness sharing and speciation

5. Following that are the conclusions drawn from this researBgve been used in evolutionary algorithms to find optima in

and suggestions of directions for further research. multimodal environments.
Brits et al. [9] adapted the unimodal particle swarm opti-
Il. RELATED RESEARCH miser using niching to find multiple optima in parallel in a

While research on optimisation in dynamic multimoda$tatic multimodal environment, a PSO variant they refer to
environments has been carried out using GA, none has ?ét NichePSO. Particles are initialised Uniformly throughout
been published on the use of particle swarms in such H}¢ search space using Faure sequences (the authors stated
environment. Evolutionary computation research relevant feat success of the algorithm depends on the proper initial

dynamic environments, multimodal environments and dynanfiéstribution of particles). Particles in the main swarm do not
multimodal environments is briefly reviewed here. share knowledge about the best solution - they use only their

_ _ _ _ _ own knowledge (‘cognition only’). When a patrticle’s fitness
A. Genetic Algorithm for Dynamic Multimodal Environmentghows little change over several iterations a subswarm is cre-

A genetic algorithm designed to find optima in a dyated with it and its closest topological neighbour as members.
namic, multimodal enviroment is described by Ursem (th@articles entering the subswarm'’s space (a sphere centred on
Multinational GA, [4]). Multinational GAs use multiple GA the position of the best particle in the subswarm with radius
populations or nations to track multiple peaks in a dynamftefined as the distance between the centre and the particle in
environment, with each nation having a policy representirige subswarm furthest from the centre) automatically become
the best point of the nation. A hill-valley detection algorithnpart of the subswarm. The algorithm was reported to be
is used to sample points on a line drawn between policiegccessful at detecting global maxima and sometimes local
and its results used to migrate individuals from one natidhaxima (although this point was not emphasized in the paper).
to another, to merge nations and to establish new nationdVhile providing useful ideas for a dynamic-environment
on newly found peaks. It should be noted that the hilPSO, the gradual absorption of all particles, inability to
valley detection algorithm works only on points betweehreak populations and use of a convergence-biased PSO in
policies (known optima) - the remainder of the space remaifgbswarms do not allow it to be directly applied. Requiring a
unsampled unless by mutation. The Multinational GA wagertain distribution of particles for the method to succeed is
tested using several methods of moving a pair of peaks dlearly not useful for a dynamic environment as particles in a
two-dimensional environments. dynamic environment will congregate around the peaks which

The concepts of using multiple populations to track peakgust then be tracked.
and of migrating indiviudals from one population to another, Parsopoulas et al. studied altering the fitness value via fit-
combining populations and using existing populations to seadss function stretching [10] to adapt PSO to sequentially find

new populations could be applicable to PSO. peaks in a multimodal environment. However, in a dynamic
) ) ] environment it is required to develop multiple populations in
B. PSO Algorithms for Dynamic Environments parallel. Kennedy [11] has investigated modifying the PSO

PSO algorithms appear to be well suited to dynamic enatgorithm with stereotyping - clustering based on particles
ronments. Eberhart and Shi investigated using PSO to trackravious position, with cluster centers substituted for individ-
single peak varying spatially only [3]. However, they noted thatal’s or neighbour’s previous bests - which by causing clusters
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to focus on local regions provides an algorithm suitable faf the previous iteration (although the same set of particles
finding optima in multimodal environments in parallel. will likely remain near each other for periods of the time as

Li et al. [5] have developed a species-based GA for use tiney track the same peaks). In this way the requirements that

static multimodal environments which is applicable with littlehe technique should allow unbiased search for local peaks,
modification to PSO techniques. A spatial speciation technigaacourage the finding of multiple peaks and provide a natural
is used which creates clusters of individuals around specigay for sub-populations to form and alter are met.
seeds, representing a local best particle not yet assignetiowever, a mechanism for preventing too many particles
to another species, with other particles within the speciagtempting to track a single peak is still needed. In a dynamic
radius (that are not members of another species) formingeavironment, it is necessary to track not just the current global
species. Species are conserved by copying them into the ngptimum but also local optima which are potentially the global
generation if they do not survive the GA breeding processptimum in the near future. To accomplish this a maximum
The technique has similarities to spheriéaieans clustering species population parametgr,... has been introduced such
[12] in its use of population radius. that only the bestp,,.. candidate members (including the
species seed) will be allocated as members of the species.
The lower fitness candidate members which would cause the
Tracking multiple dynamic peaks requires a technique thgbecies population to exceeg,.. are reinitialised at random
allows the development of multiple sub-populations in parallghositions in the solution space. In this way, the total population
Any such technique should: can be prevented from focusing its attention on too few areas

« allow an unbiased search for the local optimum bgnd encouraged to explore the total solution space.
members of the exploiting sub-population;

« encourage particles to find multiple peaks;

« provide a natural method for individuals to join sub-
populations, for sub-populations to join and split, and for
sub-population formation; and

o prevent too many particles focusing on a few peaks to
the detriment of the total population’s ability to search £
the solution space and track other peaks.

These requirements are features of the algorithm described

which uses speciation to create multiple sub-populations in
parallel, with each sub-population attempting to track and
‘exploit’ a local peak. These sub-populations or species are i : i
centred on the best known position of the fittest particle in x

a local region defined as a sphere of radiuéhe speciation _ . . )
9 P ug P Fig. 2. Representation of speciation. Note the candidate member of both

radius) centred on the best position of the fittest particle Q;B%des 1 and 2 moving towards species s8gdthe fitter seed.

‘species seed’. All particles belonging to the species adopt

the pbest position of the species seed as thgliest position. To allow the algorithm to operate in a dynamic environ-
Hence, a candidate species member is defined as any parfiglgyt, each particle’sbest fitness value is re-evaluated at its
z such that the distance between it and the species seed recordedpbest positon each iteration. As the algorithm was

IIl. SPECIATION ALGORITHM

A 4

is less than the speciation raditis designed to operate in a continuously varying environment,
this extra evaluation is warranted although it doubles the
d(z,s) <r, (3)  number of fitness evaluations performed by the algorithm.

where the distancel(z, s) is defined as the Euclidean

. ] - . IV. METHOD
distance between two points in dimesnions:

A. Test Function

Morrison and De Jong’s DF1 dynamic test function gen-
(4)  erator [6] has been used to generate the environment. This
function is capable of generating a given number of peaks in
Where a particle is a candidate member of two species aigiven number of dimensions that vary both spatially (position
will be allocated to the species with the fitter species seé#id shape of the peak) and in terms of fitness. Fitnesses cycle
(Figure 2). between a maximum and minimum value creating a saw-tooth
Using this mechanism, every particle is either a species sg¥@file when fitness is graphed against iterations for a peak.
(possibly for a species with only itself as a member) or Bhe rate at which environments alter is set by a paraméter
member of a species. Species themselves will be reforméged as input to a logistics function:
each iteration of the algorithm, frequently with a different
species seed and set of members than that of any species Yi=A Yo - (1-Y,_n) . (5)
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The function can produce a series of stepsizes varying fradhe same range of agent numbers. These results show that
0 to constant values through to a chaotic series of numbergreasing the number of agents decreased the average error
A value of A less than 1.0 produces a static environemeas would be expected.
while increasingd beyond 1.0 produces increasingly dynamic
Eer1\/ir()r1rT1EEr1tE; with F)E;GElJ(j()'rE1r1(j()r11 movement. C. [)GEfEiLJ|t \Alitf1 r]lJr11t)EEf ()f F)EEEiL(E; \/Eir)/ir1§], Ei(]EEr]t/[)GEEiF( rfiti()

constant

B. Measurement . .
u The model was run with a constant ratio of 20 agents per

Measuring the effectiveness of an evolutionary algorithieak and 1, 3 and 10 peaks. Average error decreased from
in a dynamic environment is substantially more difficult thag gg for 1 peak to 0.07 for 3 peaks and 0.03 for 10 peaks. as

in a static environment. Traditional measures used in stafifown in Table IIl. This decrease in error is attributed to the
environments, such as mean fitness, best current fitness gRdeased agent density.

time to convergence lose their relevance when full convergence
is not desired and the best possible fitness is continuously Varying specie$,,.. and speciation radius
changing. As a result, the average minimum error over a N o algorithm was run withp,,.,,, set to values of 2, 5, 10,

was used, where minimum error each iteration was defined 38 40 and 60 while the speciation radiumas set to 0.1, 0.2

0.5, and 1.0 and the number of peaks held constant at three.
. (6) Results are shown in Figure 3.
Notably each of the settings of 0.2, 0.5 and 1.0 performed

The minimum and maximum errors for the run wer@omparatively well at a specifip,,., setting (10, 20 and
recorded and the standard deviation calculated to measure4berespectively) with an average error between 0.039 and
Varlablllty of the error. To reduce the Varlab|l|ty of results, eaCb.042_ Figure 3 suggests there may be a Suppm& Setting
set of parameters was run 50 times and the averages repofg@yeen 20 and 40 agents for= 1.0. The default setting of
r=0.1 with p,,.. 20 is relatively bad and=0.1 appears to
perform uniformly poorly in the experiment.

‘The experiments were run in a 2-dimensional environmentg;q res 4 and 5 shows the difference in clustering between
with range [-1.0, 1.0] for 500 iterations each with a defaulf,, {7=0.2, prar=10} instance and ther=1.0, p,..=40}
ey max Uy max

dynamism set byl=1.2 . The PSO parametersandc; Were  jhgiance. The low species population case shows less cluster-

set to 1.4 and inertia weight to 0.7. The default number ¢y of agents around the peaks and a more evenly distributed
agents and maximum species populgmz were both set population than the high species population case. Note that
to 60 (hence operating as if the maximum species populatipgn'cigre 5 there is a peak without attending agents (at
were not a factor), the default _spematlon radiuset to 0.1 approximate £, ) coordinates (-0.5, 0.8)); as suggested by the
and the environment created with three peaks by default. .jniour lines, this ‘peak’ is submerged beneath its neighbour

Fifty runs were performed for each experiment and the, 4 hence undetectable by the agents.
results averaged over the runs. Parameters were kept at the

default settings other than those explicitly varied. Error

0.11

current best fitness
error =1 —

current global maximum possible fitness

C. Environment

V. RESULTS e
[N

A. Default parameters with Logistics Function parameter .
varying 0.09
The model was run with values of of 0.0, 1.1, 1.2, 1.5 4.4
and 2.0 to vary the dynamism of the environment, with resul
given in Table I. As expected, a was increased the average
and maximum errors over the run also increased. Standi
deviation for the dynamic cases was about 0.03 to 0.04 grec
than the average error. These results indicate that the algorit “*[ = " o P
with default settings finds it increasingly difficult to track the o, | e Tt
global optimum as the level of dynamism increases. )

0,07

0,03 L L L L L
B. Default with parameters with number of agents varying ' 10 = ® “ = B

As the number of agents was increased from 30 to 150 in -
steps of 30 the average error decreased from 0.1 to 0.04 in an  Fig. 3. Error versugma. With varying population radius
almost linear fashion (the change in average error decreased
slightly with each increase in agent numbers, suggesting that ) .
the ‘law of diminishing returns’ was in effect). As shownE: Varying speciegn,q, and A
in Table II, standard deviation also decreased from 0.13 toWith the » set to 0.1,p,,.., was assigned values of 2, 5,
0.07 while maximum error decreased from 0.45 to 0.30 ov&0, 20, 40 and 60 while the parametérwas set to 1.1, 1.2,
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TABLE |

RESULT OF INCREASING DYNAMISM BY VARYING A

A | Average error| SD of average errorf Minimum error | Maximum error

0 0 0.01 0 0.16

11 0.06 0.09 0 0.39

12 0.08 0.11 0 0.45

15 0.1 0.13 0 0.49

2 0.12 0.16 0 0.53
TABLE I

RESULT OF INCREASING NUMBER OF AGENTS

No. of Agents | Average error| SD of average errorf Minimum error | Maximum error
30 0.1 0.13 0 0.45
60 0.07 0.11 0 0.4
90 0.06 0.09 0 0.39
120 0.05 0.08 0 0.35
150 0.04 0.07 0 0.3
TABLE Il

RESULT OF INCREASING NUMBER OF AGENTS

No. of Peaks| No. of Agents | Average error| SD of average erroff Minimum error | Maximum error
1 20 0.08 0.12 0 0.81
3 60 0.07 0.1 0 0.42
10 200 0.03 0.04 0 0.18
r r 1 T — r 1
% - _ @, S . & .
| + . LS
. o - « |7 105 + 195  fgents  «
+ & : & ¢ —‘ﬁ:& i Agentz  + Pezks @
2T e Te - T o Peaks = . _ o
& o & -‘:’ ~ L3
= - 5
£ ™= . N K
1-05 [ , I A B2
e V - e
- - - * \\ -3
- 1 -1
-1 -0,5 0 0.5 1 -1 -0,5 0 0.5 1

Fig. 4. Swarm with{r=0.2, prmaz=10} Fig. 5. Swarm with{r=1.0, pynq=40}

1.5, and 2.0 and the number of peaks held constant at threaving more particles to find peaks should decrease error while
Results are shown in Figure 6. changing peaks faster will make them more difficult to track
As expected from earlier results, the average error increagesl increase the error.
as A increases. In thed = 1.1 and A=1.2 cases there is a Increasing the number of peaks while keeping the ratio of
minimum error atp,,.,=10 andp,,..=5 respectively while agents to peaks constant decreases the average error. This
for A=1.5 andA=2.0 error is at a minimum with the lowestis believed to be the result of simply having more agents
Pmae Value, indicating that the level of dynamism was toavailable to track the peak. With a greater number of agents
great for the algorithm to effectively track the peaks at the$e the same area, any peak becoming the global optimum is
settings. more likely to have an agent nearby to exploit it and having
more agents available to track a peak will decrease error.
The use of &, parameter has a beneficial effect on the
The speciation technique used allows the particle swaigorithm when compared to the results obtained with sub-
model to succesfully track multiple peaks in a dynamigopulation size limited only by the population size. Roughly
multimodal environment. The results showing that averaggual results were obtained at three different settings of
error decreases as population increases and that average @mdp,,q.: {r=0.2, pima.=10}, {r=0.5, pp.,=20} and{r=1.0,
increases as dynamism increases are to be expected. Simply.=40}. Why this is so is not clear; possibly there is an

VI. DISCUSSION
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Error

0.13 . . . . . periodically (everyn iterations rather than every iteration) and

oiol T in higher dimension environments is also needed.

ul D To effectively measure tracking in higher dimension en-

) vironments will require improved measurement techniques.
X1 B Understanding of the algorithms behaviour in two dimensions
2] S . was partially achieved by watching a live representation of
oosk the particles and peaks. This representation itself could be

------- 8 improved to give an indication of a peak’s height and width,
whether a peak is submerged and which particles are acting as
...... seeds. This information cannot be easily represented graphi-

S

0,06 F

0.05 cally in, say, a ten dimension environment. Hence, a measure
0.0¢ | of clustering needs to be developed; an average over a run
008 . . . . . of the sum of distances between each particle and its closest
0 10 2 3 40 50 ®  peak may be useful.
P This paper has given details of a particle swarm model

for tracking multiple peaks in a dynamic environment using
speciation and demonstrated that it works. Although the paper
does not fully explore the possibilities of the algorithm, it
appropriate population density around the peak which balané@dhoped that it may contribute to others’ efforts to further
exploitation of the peak with exploration of the rest of théesearch into evolutionary optimisation of dynamic, multi-
solution space. It is also possible that different mechanisf¥dal environments, a topic at the cutting edge of evolutionary
are contributing to a similar result - lowgy,,., values should computation.
result in a higher number of particles being redistributed about
the search space hence favouring exploration while higher
; ; 4] Kennedy, J., and Eberhart, R. C.: Particle swarm optimisatiorPrtt
Pmas Values will lead to larger Species a}nd petter tracklﬁé ceedings of the IEEE International Conference on Neural Networks
of peaks. That average error is lower in high dynamism piscataway, NJ. IEEE Service Center (1995) 1942-1948
environments wherp,,., values are low suggests that thé2] Kennedy, J. and Spears, W. M.: Matching algorithms to problems: An
resulting redistribution of particles throughout the solution experimental test of the particle swarm and some genetic algorithms
. . L. on the multimodal problem generator. IRroceedings of the IEEE

space is the Cause of the_lmpro_ved result. T_h|5 in t_L”n SuggestS|nternational Conference on Evolutionary ComputatidBEE Service
that for continually varying highly dynamic environments, Center (1998) 78- 83 _ o _
random search may outperform the PSO model describgd'El_oerhart,_ R.C. and Shi, Y.: Trapkmg and optimizing dynamic systems

. R . - . with particle swarms. IrProceedings of the 2001 Congress on Evolu-
Logically, this is to be expected: at a sufficiently high level of  tjonary computation, CEC2001EEE Press (2001) 94 -100.
dynamism there will not be a relationship between a peak® Ursem, R., K.: Multinational GAs: Multimodal Optimization Techniques
position one iteration and its position the next so that an N Dynamic Environments. IrProceedings of the Second Genetic and

. . . . .. Evolutionary Computation Conference, GECCO-2008organ Kauf-
algorithm aimed at tracking the peak will have no benefit mann publishers (2000) 19-26

Fig. 6. Error versu®mqz With varying dynamism
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