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Abstract. Evolutionary Algorithmns can be successfully used for solving
dynamic clustering problems. Based on a new evolutionary multi-modal
optimization metaheuristics - called Genetic Chromodynamics (GC) -
recently a new dynamic clustering algorithm has been proposed. Inspired
from Computational Physics a Link-Cell-based method is proposed in or-
der to obtain an improved GC model. The proposed Link-Cell technique
is combined with the GC-based dynamic clustering algorithin (GCDC).
In this way a new method for dynamic cluster detection (LCGCDC) is
developed. Some numerical experiments are described.
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1 Introduction

Evolutionary algorithms are useful tools for solving complex optimization search
problems (see [3]). Many real world problems allow multiple solutions, which
may be optimal or almost optimal. In order to identify several optima, special
evolutionary models have been proposed (see [2,3,9]). New evolutionary algo-
rithms for solving multi-modal optimization problems have been developed [4].
These algorithms generally use sub-population models and are based on a local
interaction principle.

In order to promote local search and to obtain a general technique for improv-
ing evolutionary multi-modal optimization algorithms, a Link-Cell method is
proposed. The main idea of this method is inspired from Computational Physics
[12]. Link-cell methods are used especially in molecular dynamics simulations in
order to handle short-range interactions and in this way to reduce the complex-
ity of algorithms (see [1,12]). The fundamental idea is that the simulation cell
is partitioned into a number of smaller sub-cells. At each time-step a linked list
of all particles contained in each sub-cell is constructed. In this way short-range
interactions between particles can be easily calculated taking into account only
the particles which are in one sub-cell and in its first-order neighborhood.

Recently a new evolutionary search and multi-modal optimization meta-
heuristics - called Genetic Chromodynamics (GC) [4] - has been proposed. This
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metaheuristics was used to derive new evolutionary algorithms for multi-modal
optimization. Based on GC metaheuristics a new evolutionary dynamic cluster-
ing method has been proposed [5]. This GC-based dynamic clustering technique
- called GCDC - has been successfully used for solving some practical problems
(see [5,6]).

Dynamic clustering is a typical multi-modal optimization problem. By clus-
tering a data set is divided into regions of high similarity, as defined by a distance
metric. In most instances, a prototypical vector identifies a cluster. Hence, the
problem of cluster optimization is twofold: optimization of cluster centers and
determination of number of clusters. The latter aspect has often been neglected
in standard approaches (static clustering methods) (see [10,11]), as these typi-
cally fix the number of clusters a priori. In case of practical problems the number
of existing clusters is generally unknown. Opposed to static, dynamic clustering
does not require a priori specification of the number of clusters. Evolutionary
multi-modal optimization models proved to be useful tools for deriving dynamic
clustering algorithms.

Proposed Link-Cell method is combined with the GC metaheuristics, for pro-
moting GC local search. The obtained model is applied to GCDC algorithm. The
Link-Cell technique is used for improving GCDC. The convergence of standard
GCDC technique is influenced by some parameters. Some adaptation mecha-
nisms for these parameters and some tentative to improve GCDC are known
(see (7,8]). Using the proposed Link-Cell technique new parameter adaptation
algorithms are derived for achieving a better perforinance. A new evolutionary
algorithm for dynamic clustering - called LCGCDC - is obtained.

In Section 2 Link-Cell method is presented. There is described, how this
method could be used for obtaining improved evolutionary multi-modal opti-
mization models. The method is combined with the GC metaheuristics. The
standard GC-based clustering algorithin is presented in Section 3. The new Link-
Cell-based GCDC method is described in Section 4. Section 5 presents numerical
experiments for performance investigation of the new clustering algorithm.

2 Link-Cell-Based Evolutionary Multi-Modal
Optimization

In certain situations we are interested not only in finding the global optima of a
problem, but also in identifying the set of all acceptable solutions. Typical cases
are multi-modal function optimizations, covering and clustering problems.

Standard evolutionary algorithins quickly concentrate the search effort in the
most promising regions of search space. These algorithms tend to converge to a
single solution, to the global optima of the problem. In order to identify more
optimum points, the evolutionary algorithm has to be endowed with additional
mechanisms aiming to favor and preserve population diversity. This may be
accomplished by promoting local search and allowing evolutionary algorithms to
evolve sub-populations. Special evolutionary models for realizing these goals are
known (see {2,3,9]).
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Standard evolutionary multi-modal optimization models, like niching tech-
niques, in some particular situations cannot focus the search on each optimum
and find the optimal solutions efficiently. Some of the search effort is wasted in
recombination of inter-optimum solutions. Combining two solutions from differ-
ent sub-populations may produce lethal solutions. Identification of the number
of optimal solutions could be a problem, as well.

Recently a new evolutionary metaheuristics - called Genetic Chromodynam-
ics (GC) [4] - has been proposed to overcome the shortcomings of classical evo-
lutionary multi-modal optimization models.

Genetic Chromodynamics Genetic Chromodynanics is a new kind of evolu-
tionary search and muiti-modal optimization metaheuristics. GC-based methods
use a variable-sized population, a stepping-stone search mechanism, a local in-
teraction principle and a new operator for merging very close individuals.

Corresponding to stepping-stone technique each individual in the popula-
tion has the possibility to contribute to the next generation and thus to search
progress. According to local interaction principle only short-range interactions
between solutions are allowed.

To enhance GC, micropopulation models [4] can be used. Corresponding
to these models, for each individual a local interaction domain is considered.
Individuals within this domain represent a micropopulation. All solutions from
a micropopulation are recombined. When the local domain of an individual is
empty the individual i3 mutated.

Within GC sub-populations co-evolve and eventually converge toward several
optima. The number of individuals. in current population usually changes with
the generation. A merging operator is used for merging very close individuals.
At convergence, the number of sub-populations. equals the number of optima.
Each final sub-population hopefully contains a single individual represeuting an
optima, a solution of the problem.

Link-Cell-Based Local Search for Evolutionary Multi-Modal Opti-
mization Inspired from Computational Physics a Link-Cell-based model is
proposed to obtain a general technique for improving evolutionary multi-modal
optimization algorithms.

According to Link-Cell technique the search space is partitioned into smaller,
interconnected sub-cells. At each generation (time-step) a list of all chromosomes
(particles) contained in each cell is constructed.

This Link-Cell model could be efficient for handling short-range interactions
between individuals. For a chromosome the k-th order neighborhood of the cell
containing the chromosome can be considered as interaction domain. In this way
short-range interactions between solutions can be easily calculated.

An adaptation mechanism for controlling the size of interaction domain (the
value of parameter k) can be used. Sub-population stabilization can be promoted
by adapting individuals interaction domains.
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Evolutionary algorithms are generally influenced by some method parame-
ters. The Link-Cell technique could be efficient for deriving some new parameter
adaptation technigues.

The proposed Link-Cell method can be combined with any evolutionary
multi-modal optimization model. Combining Link-Cell technique with GC a new
model for evolutionary multi-modal optimization is obtained. This new model
can be used for improving GC-based algorithms.

3 Standard Genetic Chromodynamics-Based Dynamic
Clustering

Based on GC metaheuristics recently a new dynamic clustering algorithm has
been proposed. The standard GCDC algorithimn is described below.

Solution Representation and Fitness Assignment Each cluster is repre-
sented by a prototype (cluster center). Each prototype is encoded into a chro-
mosome.

The idea of GCDC method is to determine sub-populations of evolving chro-
mosomes converging toward prototypes of real clusters.

The initial population is randomly generated and it contains a large number
of individuals. Fitness values of individuals are evaluated using suitable fitness
functions. For instance Gaussian functions can be used (see [7, 8]).

Interaction Domain For realizing the local interaction principle, an interac-
tion domain (mating region) is considered for each individual in the population
(2 chromusome representing 2 profotype).

To support sub-population stabilization an adaptation mechanism can be
used for controling interaction domains (see [8]). Within this adaptation mech-
anism the interaction range of each individual could be different.

Population Model For realizing the stepping-stone search principle at each
step of the generation process each chromosome is selected to produce an off-
spring through crossover or mutation.

A micropopulation model is used. The crossover mate for an individual (dom-
inant parent) is selected among the chromosomes in its interaction domain. Only
one offspring is generated. If there is no mate in the interaction domain of an
individual, then the mutation operator will be applied.

An offspring can replace only its dominant parent. The most fitted between
dominant parent and offspring is introduced in the new generation.

An effect of crossover operation is that chromosomes in the samne sub-population
partially overlap after a certain number of iterations. When the distance between
two chromosores is smaller than a considered value € (merging radius) the chro-
mosomes are merged. In this way the size of the populatiou decreases during the
search process. Final population containg as many individuals as the optimal
cluster number.



Search Operators Within GCDC any type of known search operators can be
used. For instance the crossover operation can be a convex combination of the
parent genes. A randomly generated number for each gene can be considered as
combination coefficient.

An additive perturbation of genes with a randomly chosen value from a
normal distribution N(0,0), where o is a control parameter called mutation step
size can be considered as mutation operator.

Termination If no more changes occur in the population through a fixed num-
ber of iterations, then the search process stops. The individuals within last pop-
ulation are considered as prototypes of naturally existing clusters.

4 Link-Cell-Based GCDC

The proposed Link-Cell method (see Section 2) is applied to GCDC. The method
is used for improving GCDC by promoting local search and deriving new pa-
rameter adaptation techniques.

Link-Cell Division According to the Link-Cell technique the search space is
partitioned into small interconnected cells. In the proposed clustering technique
the dimension of a cell is computed using the minimum distance between input
samples (data points).

The initial population is randomly generated. In addition a chromosome for
each cell can be considered for achieving a better exploration.

For a chromosome the k-th order neighborhood of the cell containing the
chromosome is considered as interaction domain. An adaptation technique is
used for controlling interaction domains.

Interaction Domain Adaptation Sub-population stabilization can be pro-
moted by adapting individuals interaction domains. At last stages of search pro-
cess the dimension of the interaction domain of a chromosome would be close
to the diameter of corresponding cluster. For achieving this goal, at beginning
a small interaction domain is considered for each prototype. This interaction
domain is extended during the search progress.

Initially, as interaction range the first-order neighborhood of the prototype
is considered. At each generation interaction domains of all individuals are re-
calculated using the algorithmn described below.

For a chromosome L; the current interaction domain Dj; is evaluated. Let
N; be the set of points in ;. The next-order neighborhood of the individual is
considered as an extended interaction domain D}. Let N} be the set of points
in D?.

If! the interaction domain of the individual is empty (N; = @), then it will be
extended. As new interaction domain the next-order neighborhood Dj will be
considered. If there are data points in Dj, then the set N will be evaluated. If
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N;\Nj is empty, then the previous interaction domain D; will not be modified.
Else, the extended interaction domain Dj will be considered as new interaction
domain for the individual.

The interaction domain adaptation (IDA) algorithm can be described as
follows:

begin IDA for chromosome L;
Calculate N; (the set of points in D;);
Calculate N7 (the set of points in Dj});
If (N; = 0) then D; := Dj;
eise if (N;\N; # 0) then D; := Dj;
end IDA for chromosome L;

Dynamical Fitness Function The set of input samples X = {z,,...,z,} i8
considered. Cluster structure corresponding to this input data set is given by a
set of prototypes L = {L,,...,Ln}, represented by chromosomes. Fitness of a
chromosome L; is calculated using the following Gaussian fitness function:

m I]'i“':l!ﬂ
gLj)=)e i . m
i=1
Parameters of corresponding normal distribution are L; and ;.

An adaptation mechanism is used for controlling parameter 75,7 = 1,...,m.
Variance parameter v; is recomputed for each individual L; .

A dependence between variance -y; and the interaction domain of L; is in-
troduced. In this way a dynamical adaptation of the fitness function is realized.
At each generation the variance corresponding to the new interaction domain
is recomputed. For each prototype L; the parameter -y; is computed using the
mean distance between the points in interaction domain D;.

If the interaction domain of L; is empty, then the variance is computed using
the diameter of the domain D;.

Using this dynamical fitness assignment technique a more accurate detection
of cluster prototypes is expected.

Setting and Adapting Parameters Variation operators described in Section
3 are used. Adaptation mechanism for controlling mutation step is considered.
A method for setting merging distance parameter is also proposed.

The mutation step size i8 computed using the diameter of the interaction
domain. Corresponding to this technique a mutated offspring belongs to the
interaction domain of its parent. This mechanism could be efficient for preventing
optima extinction.

Two chromosomes will be merged if they are within the same cell. [n this
way, cell dimension may also serve for computing merging distance.

After a final merging (see Section 4.5) individuals in the last population
are considered as prototypes for the naturally existing clusters. Using obtained
prototypes the cluster membership is computed for all data samples.
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Final Merging According to the standard procedure if two chromosomes are
in the same cell, then they are merged. This merging condition seems to be too
strong for some particular situations. In some cases the distance between two
chromosomes may be very small in spite of they belong to different cells. For
preventing this drawback a final merging mechanism can be performed on the
last population.

Final merging is based on the following rules:

— if the interaction domains of two different individuals contain the same sam-
ple points, then these individuals will be merged;

— two individuals will be merged, if each of them is in the interaction domain
of the another.

Post-Processing and Fine Tuning Several numerical experiments revealed,
in some particular cases, a small difference between the number of naturally
existing clusters and the nuinber of clusters detected by GCDC technique.

For instance, in some cases three prototypes for two real clusters. This could
happen when there is only a small distance between these clusters. Lethal solu-
tions (empty clusters) could also remain in final population.

To overcome these shortcomings a post-processing technique is proposed.
This technique is based on the following rules:

(i) if a cluster can be expressed as the union of other clusters the chromosome
representing the prototype of this cluster will be eliminated from final pop-
ulation;

(ii) the prototype of an empty cluster is eliminated from final population.

After steps (i) and (ii) a fine tuning mechanism could be performed for mov-
ing each detected prototype toward the mass center of the corresponding cluster.
In this way the naturally existing cluster structure can be detected.

5 Numerical Experiments

Two numerical experiments concerning the use of LCGCDC are described. In
first experiment the convergence of LCGCDC is investigated. In second experi-
ment LCGCDC technique is compared with standard GCDC method.

Experiment 1. Convergence of the Link-Cell-Based GCDC Method
Consider the data set X = {21,z3,..., 219}, zi € [100,300] x [100, 300]. The data
set X and the corresponding link-cell division are depicted in Figure 1.

The fitness landscape for a fixed value of variance parameter is depicted
in Figure 2. The standard deviation of X is used for computing the variance
parameter.

The LCGCDC algorithm involving dynamical fitness function and parameter
adaptation mechanism is used for clustering. The convergence of the algorithm
is depicted in Figure 3.



Fig. 1. Data set for clustering and the corresponding Link-Cell division.

Fig. 2. Fitness landscape using the Gaussian fitness function.. Five peaks, correspond-
ing to existing clusters, are detected.

Experiment 2. Link-Cell-Based GCDC vs. Standard GCDC. Twenty
different data sets are considered. There are considerable differences between the
point distributions, cluster dimensions and distances between clusters among
these data sets. LCGCDC is compared with the standard GCDC method.

Using standard GCDC the correct cluster number was obtained for sixteen
data sets. For another four data sets a small difference between the algorithmn
output and the number of real clusters has been observed.

Using LCGCDC without applying final merging and post-processing tech-
niques the correct solution have been obtained for twelve data sets. For another
data sets some illegal prototypes have been detected. By applying the final merg-
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Fig. 3. Convergence of the LCGCDC algorithm. Prototypes obtained after 1, 10, 50
and 150 iterations respectively are depicted.

ing operator four incorrect outputs have beeu corrected. In two cases three cen-
ters have been considered for two closest cluster. The union of these clusters has
been interpreted as a separate cluster. In one case a lethal solution remained in
final population. By applying the post-processing techniques these small errors
have been corrected.

The Link-Cell-based method has been able to determinate the correct clus-
ter number and structure in each situation. There were no essential differences
between algorithms in the number of necessary iterations, but there was an essen-
tial difference execution time. The LCGCDC method proved to be faster. Using
this method the short-range interactions can be easily and efficiently calculated
with a smaller computational power.

6 Conclusions

Proposed Link-Cell technique can be successfully used for improving evolution-
ary multi-modal optimization algorithms, By combining this technique with GC
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metaheuristics a new evolutionary model for multi-modal optimization is ob-
tained. This new model is used to derive a new dynamic clustering algorithm.

Link-Cell technique promotes local search and allows new parameter adap-
tation techniques.

LCGCDC clustering technique can be successfully used for solving clustering
problems in a dynamic manner. The algorithm is able to determine the correct
number of clusters. The naturally existing cluster structure can be correctly
detected by this new algorithm.

With Link-Cell technique short-range interactions can be easily calculated,
and the search process becomes faster. Numerical experiments proved that better
performances and higher accuracy can be achieved by using Link-Cell-based
methods.
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