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Chapter 22
Cellular Automata Ants

Nikolaos P. Bitsakidis, Nikolaos I. Dourvas, Savvas A. Chatzichristofis
and Georgios Ch. Sirakoulis

Abstract During the last decades much attention was given to bio-inspired tech-
niques able to successfully handle really complex algorithmic problems. As such
Ant Colony Optimization (ACO) algorithms have been introduced as a metaheuris-
tic optimization technique arriving from the swarm intelligence methods family and
applied to several computational and combinatorial optimization problems.However,
long before ACO, Cellular Automata (CA) have been proposed as a powerful parallel
computational tool where space and time are discrete and interactions are local. It has
been proven that CA are ubiquitous: they are mathematical models of computation
and computer models of natural systems and their research in interdisciplinary topics
leads to new theoretical constructs, novel computational solutions and elegant pow-
erful models. As a result, in this chapter we step forward presenting a combination
of CA with ant colonies aiming at the introduction of an unconventional compu-
tational model, namely “Cellular Automata Ants”. This rather theoretical approach
is stressed in rather competitive field, namely clustering. It is well known that the
spread of data for almost all areas of life has rapidly increased during the last decades.
Nevertheless, the overall process of discovering true knowledge from data demands
more powerful clustering techniques to ensure that some of those data are useful and
some are not. In this chapter it is presented that Cellular Automata Ants can provide
efficient, robust and low cost solutions to data clustering problems using quite small
amount of computational resources.
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22.1 Introduction

Cellular Automata (CA) are an idealization of a physical system in which space
and time are discrete, and the physical quantities take only a finite set of values.
CA originally proposed by John von Neumann, who by following a suggestion of
Stanislaw Ulam [46] presented them as formal models of self reproducing organisms
that can capture the essential features of systems where global behaviour arises from
the collective effect of simple components which interact locally [34]. Non-trivial
CA are obtained whenever the dependence on the values at each site is non-linear. As
a result, any physical system satisfying differential equations may be approximated
by a CA, by introducing finite differences and discrete variables [44]. CA forms
theoretical background and, at the same time simulation tools and implementation
substrates, of mathematical machines with unbounded memory, discrete theoretical
structures, digital physics and modelling of spatially extended non-linear systems;
massive-parallel computing, language acceptance, and computability; reversibility of
computation, graph-theoretic analysis and logic; chaos and undecidability; evolution,
learning and cryptography [3, 42, 47]. It is almost impossible to find a field of natural
and technical sciences, where CA are not used.

On the other hand, the Ant Colony Optimization (ACO) algorithms are basically
a colony of artificial ants or cooperative agents, designed to solve combinatorial
optimization problems. These algorithms are probabilistic in nature because they
avoid the local minima entrapment and provide very good solutions close to the
natural solution [8]. ACO algorithms are extensively used to a variety of applications
such as the travel salesman problem [18], image retrieval [28, 29], classification
[31], electrical load pattern grouping [11], video games [38], seismic methods [13],
communications networks [15], etc. Moreover, ACO algorithms were also used for
solving the path planning in a team of robots and most of the effort was to implement
the algorithm in real and virtual systems [4, 19, 20, 25–27, 40, 41].

In the last decade the amount of the stored data related to almost all areas of life
has rapidly increased. However, the overall process of discovering knowledge from
data demands more powerful clustering techniques to ensure that this knowledge is
useful. To give a definition, data clustering is an assignment of a set of observations
into subsets, namely clusters, so that observations in the same cluster are similar in
some trait-often proximity according to a predefined distance. It is an unsupervised
learning method, used mainly from statistics and database communities in fields
like machine learning, information retrieval, image analysis and pattern recognition.
There are several conventional algorithms trying to optimize the clustering tech-
niques in the literature [2, 39]. But there are also some unconventional algorithms
inspired from biology that are increasingly considered in clustering because of the
low computational cost that they provide. There are efficient approaches in studies
based on the ant colonies that try to address the clustering problems [18, 24] as
well as modified methods like the Ant Colony Optimization with Different Favor
(ACODF) algorithm [45], Constrained Ant Colony Optimization (CACO) algorithm
[12] and the modified ACO algorithm proposed by Tiwari et al. [43].
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Based on the fact that ants’ social behavior, originates from a feature that is com-
mon to CA, namely self-organization, i.e. a set of dynamical mechanisms ensuring
that the global aim of the system could be achieved through low level interactions
between its elements, some new computational intelligence techniques, namely cel-
lular ants have been proposed [10, 27, 47] for application in different scientific fields.
In this chapter a cellular automata ants clustering model inspired by the cellular ants
algorithm of Vande Moere and his colleagues [32, 33] is presented providing new
features in order to overcome some of the previous model limitations. Original rules
were modified and extended (long interaction rules) to successfully simulate more
complex situations found in different size databases. Furthermore, some limitations
like the excessive mobility of cellular ants as well as the discrete data tolerance pro-
posed method limits and the practical flaws of the small size of the grid have been
successfully addressed. More over, the idea of proportional distance measurement,
the prediction forweights on data dimensions have been effectively applied and tested
in different databases. On the other hand, the presented CA model is characterized
by as much as low complexity as possible so that the computational recourses are
kept low while its computation speed is kept high.

22.2 Cellular Automata and Ant Colony Optimization
Principles

Cellular Automata (CA) were originally introduced by John Von Neumann [34]
and his colleague Stanislaw Ulam [46]. CA can be considered as dynamical systems
in which space and time are discrete and interactions are local. In general, a CA is
consisted of a large number of identical entities with local connectivity arranged on
a regular array. A finite Cellular Automaton could be defined by the quadruple:

{d, q,N,F} (22.1)

From Eq.22.1, variable d is a vector of two elements, m and n, denoting the vertical
and horizontal CA dimensions, respectively. Both of these variables are expressed
in number of cells. At each time step, the state of each cell is updated using a value
from the set Q = 1, 2, . . . , q − 1, called set of states. The neighborhood of each cell
is defined by the variable N . For a 2-D CA, two neighborhoods are often considered,
Von Neumann andMoore neighborhood . Von Neumann neighborhood is a diamond
shaped neighborhood and can be used to define a set of cells surrounding a given
cell (x0, y0). Equation22.2 defines the Von Neumann neighborhood of range r.

Nv
(x0,y0) = (x, y) : |x − x0| + |y − y0| ≤ r (22.2)

For a given cell (x0, y0) and range r, Moore neighborhood can be defined by the
following equation:
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NM
(x0,y0) = (x, y) : |x − x0| ≤ r, |y − y0| ≤ r (22.3)

The transition rule f determines the way in which each cell of the CA is updated.
The state of each cell is affected by the cell values in its neighborhood and its value
on the previous time step, according to the transition rule or a set of rules. The state of
every cell is updated simultaneously in the CA, thus, providing an inherent parallel
system.

CA have sufficient expressive dynamics to represent phenomena of arbitrary com-
plexity and at the same time can be simulated exactly by digital computers, because
of their intrinsic discreteness, i.e. the topology of the simulated object is reproduced
in the simulating device. The CA approach is consistent with the modern notion of
unified spacetime. In computer science, space corresponds to memory and time to
processing unit. In CA, memory (CA cell state) and processing unit (CA local rule)
are inseparably related to a CA cell. Furthermore, CA are an alternative to partial
differential equations [36, 44] and they can easily handle complicated boundary and
initial conditions, inhomogeneities and anisotropies [21, 37].

The basic element of ACO algorithms is “ants” that is, agents with very simple
capabilities which, to some extent, mimic the behavior of real ants [17]. Real ants
are in some ways much unsophisticated insects. Their memory is very limited and
they exhibit individual behavior that appears to have a large random component.
However, acting as a collective, ants collaborate to achieve a variety of complicated
taskswith great reliability and consistency [14], such as defining the shortest pathway,
among a set of alternative paths, from their nests to a food source [5]. This type of
social behavior is based on a common feature with CA, called self-organization, a
set of dynamical mechanisms ensuring that the global aim of the system could be
achieved through low level interactions between its elements [22]. The most vital
feature of this interaction is that only local information is required. There are two
ways of information transfer between ants: a direct communication (mandibular,
antennation, chemical or visual contact, etc.) and an indirect communication, which
is called stigmergy (as defined by Grassé [23]) and is biologically realized through
pheromones, a special secretory chemical that is deposited, in many ant species, as
trail by individual ants when theymove [7].More specifically, due to the fact that ants
can detect pheromone, when choosing their way, they tend to choose pathsmarked by
strong pheromone concentrations. As soon as an ant finds a food source, it evaluates
the quantity and the quality of the food and carries some of it back to the nest.
During the return trip, the quantity of pheromone that an ant leaves on the ground
may depend on the quantity and quality of the food. The pheromone trails will guide
other ants to the food source. This behavior is known as “auto catalytic” behaviour
or the positive feedback mechanism in which reinforcement of the previously most
followed route, is more desirable for future search. In ACO algorithms, an ant will
move from point i to point j with probability:
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ρi,j = (τα
i,j)(η

β

i,j)
∑

(τα
i,j)(η

β

i,j)
(22.4)

where, τα
i,j and η

β

i,j are the pheromone value and the heuristic value associated with
an available solution route, respectively. Furthermore, α and β are positive real
parameters whose values determine the relative importance of pheromone versus
heuristic information.

During their search for food, all ants deposit on the ground a small quantity of
specific pheromone type. As soon as an ant discovers a food source, it evaluates
the quantity and the quality of the food and carries some to the nest on their back.
During the return trip, every ant with food leaves on the ground a different type of
pheromone of specific quantity, according to the quality and quantity of the food. In
ACO algorithms, pheromone is updated according to the equation:

τi,j = (1 − ρ)τi,j + �τi,j (22.5)

where, τi,j is the amount of pheromone on a given position (i, j), ρ is the rate of the
pheromone evaporation and �τi,j is the amount of pheromone deposited, typically
given by:

�τi,j =
{
1/Lk if ant k travels on edge i, j

0, otherwise
(22.6)

where Lk is the cost of the kth tour of an ant (typically is measured as length). Finally,
the created pheromone trails will guide other ants to the food source.

Consider for example the experimental setting shown in Fig. 22.1. The ants move
along the path from food source F to the nest N. At point B, all ants walking to
the nest must decide whether to continue their path from point C or from point H
(Fig. 22.1a). A higher quantity of pheromone on the path through point C provides

Fig. 22.1 An example of
real ants colony: a An ant
follows BHD path by chance.
b Both paths are followed
with same probability and c
Larger number of ants follow
the shorter path
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an ant a stronger motivation and thus a higher probability to follow this path. As no
pheromone was deposited previously at point B, the first ant reaching point B has
the same probability to go through either point C or point H. The first ant following
the path BCD will reach point D earlier than the first ant which followed path BHD,
due to its shorter length. The result is that an ant returning from N to D will trace a
stronger trail on path DCB, caused by the half of all the ants that by chance followed
path DCBF and by the already arrived ones coming via BCD. Therefore, they will
prefer path DCB to path DHB. Consequently, the number of ants following this path
will be increased during time than the number of ants following BHD. This causes
the quantity of pheromone on the shorter path to grow faster than the corresponding
longer one. Consequently, the probability with which any single ant chooses the path
to follow is quickly biased towards the shorter one.

22.3 Cellular Automata Ants for Clustering Problems

22.3.1 Initial Algorithm

In the initial algorithm [32], ants are positioned within a regular, finite grid of cells,
similar to the cells inside a CA. Each ant is controlled by a discrete timeline and has a
limited perception of the surrounding Moore neighbourhood and is also determined
by the same set of rules in order to update its position from one discrete time step to
the next. An ant’s behavior is solely based on the presence of other ants or pheromone
trails in its local neighbourhood and their according data values. At each iteration,
the rules are simultaneously applied for all ants, causing them to move their position
to one of the eight fields in their neighbourhood or to stay put. As mentioned in [32],
the cellular ant algorithm is derived from considering two, intrinsically contradicting
concepts: Edge Repulsion and Surface Tension.

In more details, for each time step, the actions of each cellular ant is determined
by the following inducements:

Discrete Data Tolerance. Ants only consider (and thus “count”) other ants that are
“similar”, namely when the distance between their data values in parameter space are
below a discrete, predefined similarity tolerance threshold value t. Data similarity
between pairs of ants is calculated as follows (with p as the dimensionality of the
dataset):

datai = (
zi1, zi2, . . . , zip

) ∈ Rp, p ∈ Z+
dij = d

(
datai − dataj

) = ∥
∥datai − dataj

∥
∥
p

dij < t ⇒ similar
(
anti, antj

) = true
(22.7)

where t seems to be similar to the object distance measure variable a in normal ant-
based clustering approaches, but results in a simple Boolean parameter (“similar”,
“not similar”), instead of a continuous similarity value.



22 Cellular Automata Ants 597

Pheromone Trailing. An ant will follow the trail of (a) the most similar ant, that (b)
is the freshest, so that ants find similar ants rapidly. Each ant leaves a pheromone
trail, consisting of the following attributes: (a) data value(s) from that ant, (b) an ant
ID, and (c) the time that has passed since the ant was occupying that cell. The data
values allows an ant to follow the “most similar” ant, the ID assures that an ant does
not follow its own trail, while the time value enables evaporation.

Surface Tension. Pheromone-following ants tend to generate small, separate clusters
that have unstable cohesiveness. Therefore, CA algorithms determine ant actions
depending on the discrete amount of similar neighbouring ants. An ant with less than
4 similar neighbours should move to a non-empty cell in its neighbourhood that (a)
has no nonsimilar neighbours, and (b) is next to the most similar ant. This rule will
cause ants to form large, stable clusters.

Edge Repulsion. Ants in a favorable setting, thus with 6 or more similar neighbours,
should still attempt to move away when there are one or more non-similar ants in its
neighbourhood. This rule typically will cause large clusters to repulse each other at
their outer edges, generating “empty” cells around their perimeter.

Positional Swapping orders ants internally within clusters in relation to data simi-
larity, enabling ants to jump “over” each other to reach more ideal positions within
a cluster. In addition, swapping will cause ants that are trapped or positioned in
“wrong” clusters to be rapidly “pushed” out to the outer cluster borders. This con-
cept is made possible because the cellular ants method considers ants as CA cells
that are able to “sense” data values of neighbouring ants. Ants should organize their
positions in the grid relatively to each other according to relative data value gra-
dients (of neighbours in all grid directions) that are as monotonic as possible. At
each iteration, each ant picks a random direction (horizontal, vertical, or one of both
diagonals) in its neighbourhood, with itself as the middle ant. It then reads the data
values of the corresponding neighbours, and calculates the (one-dimensional) data
value distances dij between all ants in the multi-dimensional parameter space. Based
on these three pair-wise values, an ant is able to determine if it needs to swap its
position with one of both its outer neighbours, or if the current constellation is ideal,
even for multi-dimensional datasets. If the distance in parameter space between the
middle agent and an outer ant is larger than between the outer ants themselves, the
middle ant has to swap. Subsequently, the swapping rule will linearly order ants in
the chosen grid direction by data similarity, so that “more similar” ants are positioned
closer to each other and dissimilar ones are put further apart in the grid. Although this
rule organizes ants recursively in randomly chosen directions, an ordered structure
will emerge due to the multitude of simultaneous local interactions. The swapping
rule ensures that for any three ants that are linearly neighbouring each other, the pair
of ants with the largest distance in parameter space will be positioned at the outer
grid positions. This data similarity swapping rule still respects the concept of ant
decentralization, as ant B only considers the data values of its immediate neighbours
A and C. It is generally applicable for multi-dimensional datasets, as it applies to the
one-dimensional distance measure dij in parameter space, calculated between pairs
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Fig. 22.2 For a randomdirection of antB (e.g. left-to-right diagonal), the largest data value distance
in parameter space is dBC , and ant A’s data values lie between ant B and C. These dependencies are
represented in grid space by swapping ants A and B, so that A lies between B and C in the grid

of ants. For a setting of ants A, B and C, as shown in Fig. 22.2, following swapping
rule is valid:

dAC > dAB, dAC > dBC ⇒ ok
dAC < dAB, dBC < dAB ⇒ swap (antB, antC)

dAC < dAB, dBC > dAB ⇒ swap (antA, antB)
(22.8)

The proposed algorithm succeeds, at least in theoretical level, to overcome the
clustering problem based on its algorithmic simplicity and efficiency. However, when
applied to Iris Data Set, used here for comparison reasons, the results although bet-
ter, if measured by required iterations, than the standard ant clustering method [30]
and the CA inspired ASM approach [10], are not so efficient as expected. This was
more pronouncing in large data sets, while in small data sets the already proposed
algorithm responded quite well. As mentioned above, the algorithm was originally
implemented for the IRIS data set, (using the same parameters, i.e. 150 data items, 4
data dimensions, 3 data types), retrieved from the online Machine Learning Reposi-
tory [1] and the same algorithmic properties, i.e. threshold t equals to 0.51 and grid
sizes 15 × 15. Some simulation results for different number of iterations are depicted
in Fig. 22.9. Taking into consideration the presented algorithm, we tried to enrich its
features in order to overcome some of the previous model limitations and to present,
if possible, better clustering results.

For example, one of the possible causes for the non-expected results, is the exces-
sive mobility of cellular ants which jump from one side of the grid to its opposite
very easily. This problem was tried to be addressed by abandoning the concept of
wrapping and replacing the toroidal grid with a rectangular one, an idea that was
tested on experimental level with satisfying results.

On the other hand, the presented algorithmic improvements are characterized by
as low complexity as possible so that the computational recourses are kept low while
its computation speed is kept high. In the next subsections some possible different
solutions to probable limitations and/or insufficiencies are examined and presented
in details.
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22.3.2 The Discrete Data Tolerance Proposed Method Limits

The concept of discrete data tolerance, faces two problems at its implication. The
first one, is the diverse (not equally measured) weight of differences between the
values of two data dimensions, when the first dimension has a wide allocation of
values and the latter a short one. In order to calculate the similarity between two
agents that carry data objects, a relatively small difference of values on the first data
dimension is valued very important, while, on the contrary, a major difference on
the second dimension is valued insignificant. This is a common problem when the
similarity of two data objects is tried to be calculated using the absolute value of their
dimensions’ difference (the Euclidean distance between the two data objects). The
common way to solve it is the normalization of data before their further processing,
but on this case, a supervised preprocessing of data is not desirable. The second
problem is the difficulty, on experimental level, of reaching and finding the ideal
and appropriate tolerance threshold. Each data set has its own (that can vary from
a very small threshold like 0.5 to a very large one like 3,000), which can be found
by continuous try-false experiments, but this process slows down significantly the
whole assignment of clustering on large data sets. This delay can make the method
nearly useless in practice. In order to solve these problems, a new measurement
called proportional distance is proposed.

The idea of Proportional Distance measurement, is the examination of the propor-
tion between the values of two data objects. Two data objects that are identical should
have a proportional distance of 0%, two non-identical should have a larger one.
The similarity threshold should distinct now two agents as similar or non-similars,
accordingly to their percentage proportional distance.

dist (AB) = 2

∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣

100 ×
i=1∑

i=j

bi
ai + bi

j
− 50

∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣

(22.9)

where j is the number of data dimensions, bi is the second agent’s value on data
dimension i and ai is the first agent’s value on data dimension i.

Another interesting idea could be the necessity of imposing different pre-defined
weights for each data dimension in order to calculate the data distance between two
data objects or the case of not taking on account one or more data dimensions in
order to use the same data set for various kinds of clustering.

Taking into account different weights for each data dimension, is made possible
by applying minor changes to the proposed proportional distance measurement rule,
as follows:
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dist (AB) = 2

∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣

100 ×
i=1∑

i=j

bi
ai + bi

i=1∑

i=j

weighti

− 50

∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣

(22.10)

22.3.3 The Practical Flaws of the Small Size of the Grid

The small size of the grid (only 15–20% of the cells should be empty, according to
the initial method) helps cellular ants to find similar ants on their neighbourhood in
order to form clusters, or pheromone trails of similar ants to follow. Trying an initial
random allocation of ants inside a large grid leads to the fact that the clustering
couldn’t even start. But the proposed small size of the grid also causes problems.
First of all, it doesn’t help the cellular ants to move freely. The cellular ants have a
few empty cells to move on, this can slow down the process of forming appropriate
clusters. Furthermore, the emerging clusters can’t really completely separated. The
edge repulsion concept works fine in order to push dissimilar cellular ants away from
a cluster to find their similar, but they can’t really diverge because of the lack of empty
space, which implies that the emerging clusters are stuck to each other. In addition,
the smallness of empty space results to the fact that cellular ants are very often
positioned on the sides of the grid. A direct Moore neighbourhood consideration is
then impossible—one (if the cellular ant is on a side), two (if the cellular ants is on
an edge) sides of Moore neighbourhood are outside the grid. Some rules can’t be
implied in such a small neighbourhood.

Our second approach was to leave the initial setting untouched and allow cellular
ants to do an initial forming of clusters for a number of iterations, then expanding the
size of grid by adding empty cells on its sides. This concept worked very well, the
already emerged clusters had space to move on and expand. Additional expansions
could also be tested. So we proposed a new concept, called Progressively Expansive
Grid. This concept works fine if it isn’t misused, because after one level it doesn’t
help the process clustering, it simply adds empty cells that restrict the valuable screen
space.

22.3.4 The Long Interaction Rule

In order to overcome the problem of trapped cellular ants, which, with no trails to
follow, cannot escape from a hostile neighborhood, the concept of Long Interaction
Rule is proposed using Hyper-Cellular Automata Ants [6]. Hyper-Cellular Automata
Ants have extended visibility and interaction capability, beyond their direct Moore
neighbourhood, radius 1; their neighbourhood for interaction is by this way extended.
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Fig. 22.3 A The lone cellular ant can’t move freely to find its similar. B Neighborhooding clusters
can’t be separated. C The rules can’t be applied correctly for cellular ants at the sides of the grid

Fig. 22.4 a The hyper-cellular ant’s neighborhood (on this image a Moore neighborhood, radius
3). Ant uses “fly-mode” in order to move to a cell far beyond its base. b The neighborhood of
cellular ant is expanded on up-right direction. Two cells contain ants that are similar, the middle cell
is empty—the cellular ant “flies” to the empty cell. c If the first extension doesn’t provide results,
the neighborhood is further extended. The chosen cells are again examined

Furthermore, Hyper-Cellular Automata Ants have the capability of using “fly mode”
in order to move to a cell which is far from their base. There should be noted that
on “fly mode”, hyper-cellular automata ants don’t drop pheromone trails (Figs. 22.3
and 22.4).

The Long Interaction Rule results from the restriction that the cellular ants neigh-
bourhood is limited to the Moore neighbourhood, radius 1. The originators have
considered this option, we tried to explore it. The two proposed variations of the
Long Interaction Rule are the directional expanding long interaction rule and the
extended neighbourhood long interaction rule.

More specifically, the directional expanding long interaction rule tries to extend the
neighbourhood of an examined cellular ant to one strict direction, vertical, horizontal
or diagonal, that faces the center of the grid. The direction to the center is universal,
in order that all cellular ants that are trapped should try to form clusters at a single
territory, and not being dispersed at all sides of the grid. Examining the three cells
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Fig. 22.5 The extended
neighborhood long
interaction rule. a The
neighborhood of cellular ant
is extended at all sides. b If
the first extension doesn’t
provide results, the
neighborhood of cellular ant
is further extended at all
sides

that compose the extended neighbourhood of the examined ant, if one cell is occupied
by a similar ant and another is empty, the ant moves to the empty cell. Elsewhere we
continue expanding the neighbourhood at this direction until the previous statement
is met. The previous rule is overridden and the search is stopped without results, if
the whole of extended neighbourhood is outside of the grid or a predefined extension
limit is reached.

In the case of the extended neighbourhood long interaction rule, we are trying to
extend all the sides of Moore neighbourhood of the examined cellular ant. The new
neighbourhood is placed on the outside limits of this square. If there are any cells out-
side the grid on the new neighbourhood, these are not taken into account. Thereafter
a consideration of every sequence of three—continuous on the neighbourhood—
cells is examined, until a sequence of a “similar ant—empty cell—similar ant” is
taking place. This sequence is checked. At the end of neighbourhood examination,
the cellular ant moves to the empty cell of the sequence that has the minimum aver-
age data distance difference from it—considering both similar ants. If this statement
can’t be met (no sequence has been found), a further extension is taking place, until
one or more desired sequences are found. The search for a desired movement to a
better neighbourhood is stopped, if the whole neighbourhood is outside grid or if
an extension limit is reached. As shown in Fig. 22.5a the neighborhood of cellular
ant is extended at all sides. Some cells are outside the grid and as a result, they are
not examined. Two series of neighborhooding ant-empty cell-neighborhooding cell
are found. The cellular ants “flies” to the empty cell of the series that has the two
neighborhooding ants with the smallest average data distance from examined cellular
ant. In second thought (Fig. 22.5b) if the first extension doesn’t provide results, the
neighborhood of cellular ant is further extended at all sides. The chosen cells are
again examined.
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22.3.5 Progressively Expansive Grid with Inline Gaps

The inline gaps at the neighbourhoods of the grid, can serve two important goals.
The first one, is giving cellular automata ants that are still alone or on groups of 2–3,
far from their ideal neighborhood, the chance to move to it. The Long Interaction
Rule causes the rapid forming of clustering neighborhoods but their closing too,
so some cellular automata ants that should belong to them are excluded. In order
to solve this problem, an expansion of the grid combined with insertion of random
inline gaps inside the neighborhoods and an exclusive implication of Long Interaction
Rule—and no other rule—for alone ants, or ones with no more than 3 similar ants
on their neighborhood for this iterations only, is proposed. The exclusive implication
of Long Interaction Rule preserves that the empty inline cells won’t be captured
by neighboring cellular automata ants, but from those ants that should be on those
neighborhoods but are until then excluded. The second problem that inline gaps are
solving, is the clustering of dynamic data sets. ‘Dynamic’ here has themeaning either
of data objects that change their values during time or of new data objects that enter
the grid in order to be clustered. Without inline gaps, the first ones could stay on their
previous neighborhoods unable to escape to a neighborhood that pairs with their new
values, and the latter could not find their way to their similar data objects that are
already clustered as cellular automata ants on tight, unreachable neighborhoods.

As shown in Fig. 22.6a the IRIS data set is clustered after 150 iterations using
long interaction rule with proportional distance measurement. Some data objects are
lone, far beyond their appropriate clusters. Afterwards, the grid is extended at all
sides Fig. 22.6b and the inline gaps are created for each line of the grid Fig. 22.6c.
At the already changed grid, inline gaps are created for each column (Fig. 22.6d).
The grid is now filled with inline gaps. Practicing long interacting rule only for lone
ants, three of them now found their way to their appropriate cluster. Only one is left
alone. The clustering is continued on the altered grid, this is the image of grid after
further 50 iterations (Fig. 22.6e). The progressive expansion with inline gaps can be
further practiced in order to finally cluster all the lone ants (Fig. 22.6f).

22.4 Application of Image Processing on Cellular
Automata Ants Clustering

Cellular Automata Ants method had the intention to visualize the clustering of data
objects, and it manages well on this purpose. But if a way to identify and separate
the emerged clusters was found, it would signal a huge improvement in relation to
algorithm’s value, because the separated clusters could form new data sets that can
be used for further clustering or for statistical analysis. We tried to face this problem,
by approaching the visualization as an image. On the scientific field of Digital Image
Processing, there are a plenty of ways to unify pixels with nearly common gray level,
in order to form large territories and reduce the number of color levels. One common



604 N.P. Bitsakidis et al.

way, described by [35] is by finding a threshold of gray level on a local neighborhood
of image—usually the average of gray level on this neighborhood—and unifying the
local pixels that have a local variability to the threshold value that is below one
predefined level, by altering their previous value on gray level attribute with the
threshold value. A second level of unification of similar pixels on gray level, can
be done by using Region Growing Method [9], which unifies areas that have weak
boundaries (meaning pixels in the boundaries of two areas that have similar values on
gray-scale level), in order to form larger areas. This solution can’t be really applied
on Cellular Automata Ants Method, because finding thresholds (local or global)
requires a prior knowledge of the data set, which is a supervised static process—we
cannot for example “feed” the grid with dynamic continuous data sets, because they
will alter these threshold levels. Instead of using pre-defined or calculated thresholds,
we considered a different approach.

The identification algorithm selects random cells that are captured by cellular
automata ants, and then extends the area of them, by adding cells that are connected
to initial cell and are being captured by similar ants (See [16] for explanation of
this process on Digital Image Processing). The continuation of area is preserved by
using von Neumann neighborhoods in order to compare the examined cells to the
initial. In specific, the whole process is depicted in the following Figs. 22.7. At the
beginning, a random cell containing a cellular automata ant is found (Fig. 22.7a). The
von Neumann neighborhood of chosen ant is examined. If similar ants are found,
the area is extended with their cells as shown in Fig. 22.7b. Then, the von Neumann
neighborhood of each area’s cell is again examined. If there are ants that are similar
to the initial ant, then the area is extended with the cells they occupy (Fig. 22.7c).
As a result, the final area which consists of cells that contain the initial ant and ants

Fig. 22.6 The graphical representation of the progressively expansive grid method with inline gaps
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Fig. 22.7 The different steps of the identification algorithm

Fig. 22.8 The different steps of the identification algorithm plus

that are similar and presented in Fig. 22.7d. Finally, as given in Fig. 22.7e, using the
same technique, another area is found and so on.

The unification of recognized areas is made possible, by merging the areas that
have weak boundaries (See [9]). If the cellular automata ants from each side of
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neighboring areas, are similar, the areas are unified. This process continues until no
other areas can’t be merged. The last step is recognizing the cellular automata ants
that compose eachfinal area—the data objects each area contains form the recognized
clusters. In specific, taking into consideration the initial map (Fig. 22.8a) in order to
find the clusters that are only visualized in original method, we use Identification
Method. More specifically, each cluster consists of agents that are very near (±1%
similarity threshold) on data space (using Proportional Distance measurement) in
relation to a random chosen agent as shown in (Fig. 22.8b). We use a small threshold,
so the randomness of results is limited as possible. Figure22.8c visualizes the next
step of the method that is to unify the clusters that are very close on data space. We
use a bigger similarity threshold (on this example ±3.9%) comparing the common
borders of neighboring clusters. If more that 90% of common borders between two
clusters are similar, then the clusters are unified. On this figure (Fig. 22.8c), we
number the clusters which are going to be unified as one cluster. The final cluster
takes the number of one (1) of the similar, but previously separated clusters, as
depictured in Fig. 22.8d. Consequently, the result of unifying all similar clusters—
each cluster’s agents are recognized, and the clustering is presented in Fig. 22.8d. The
whole concept of Identification, Unification and Separation concluded with a result
that not only visualized the clusters—as Cellular Automata Ants original method
tried to achieve—but also recognized, without supervision, the members of each
cluster.

22.5 Simulation Results

For readability reasons, Iris database [1], perhaps the most known database to be
found in the pattern recognition literature was selected as our initial test bed. The
data set contains 3 classes of 50 instances each, where each class refers to a type of
iris plant. One class is linearly separable from the other 2; the latter are not linearly
separable from each other. In Fig. 22.9a the initial pseudo-random allocation of cel-

Fig. 22.9 Simulation results for (left) the initial grid, (right) after 1,500 iterations for the initial
algorithm without wrapping
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Fig. 22.10 Simulation results for (left) initial grid for proportional distance and (right) after 1,500
iterations for proportional distance measurement without wrapping

lular automata ants on grid, which has been used on all tests, is presented. The shades
represent the difference of data values between each cellular automata ant-agent in
relation to a hypothetical cellular automata ant that “carries” a data object with zero
data values at each dimension. Two cellular automata ants with similar shade “carry”
two similar data objects. The initial algorithm using the aforementioned threshold
(t = 0.51) and the grid size (15 × 15) suggested by Vande Moore and Clayden, is
not performing as well as expected. The clustering can’t provide good results, the
cellular automata ants are left on their starting neighbourhoods or switching sides
with wrapping, unable to find their similar. The problem is answered by leaving the
concept of wrapping, adopting a rectangular grid instead of toroid one. The results
were much better but even now not completely satisfactory. In Fig. 22.9b, the grid,
after using initial algorithm without wrapping for 1,500 iterations, is presented.

For these reasons we have proceeded with the proportional distance. The same
initial pseudo-random allocation has been used on all tests with methods that use
proportional distancemeasurement as depictured in Fig. 22.10a. The difference is that
now, a sorting of cellular automata ants is made in prior, in order to determine with
which shade each cellular automata ant will be represented at the grid. In Fig. 22.10b,
the grid after 1,500 iterations, using proportional distance measurement and setting
the threshold to 10 (±10%), is presented. It is clear that the results are good, but a
little worse in relation to authentic method after abandoning the concept of wrapping.

According to the presented algorithm improvements, the idea of long interactions
has also tested in order to improve the aforementioned results. More specifically, in
Fig. 22.11a the grid after 1,500 iterations, using long interaction rule is presented.
This time the threshold was set to t = 0.71, and the long interaction range was set
to the half of the size of the grid. The results were much better, on average the
95.44% of the first class of IRIS Data Set is clustered together. However, still some
lone ants, are not clustered where they should belong. As a result, the combination of
long interaction in accordance with proportional distance was applied. Figure22.11b
presents the classification results of the initial grid after only 150 iterations, using
long interaction rule and proportional distance measurement. The threshold was set
to t = 10 (±10%), and the long interaction range was set to the half of the size of
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the grid. The results were satisfactory, on average the 74.48% of the first class of
IRIS Data Set is clustered together. The most important issue was that algorithm
was coming to an end at 150 iterations—only minor movements of cellular automata
ants as a result of swapping rule are performed from then on. This corresponds to an
improvement of 1066.66% in relation to all competing algorithms, combined with
satisfactory results. The remaining issue is that the 74.48% of successful clustering
is having a devation of 20.3%, meaning that the least successful clustering attempts
could have only about 55% success.

The idea of inline gaps was also applied. More specifically, in Fig. 22.12a it is
shown the grid after 1,500 iterations, using long interaction rule and progressively
expansive gridwith inline gaps. The results were almost perfect, the clustering is very
good and only a small amount of cellular automata ants are positioned outside of their
appropriate clusters. Using long interaction rule, proportional distance measurement
and progressively expansive grid with inline gaps, the results were almost as good
(even better) than when no proportional distance measurement is used. In Fig. 22.12b
these results were depictured for the initial grid after 1,500 iterations.

Fig. 22.11 Simulation results (left) after applying the long interaction rule at the initial grid for
1,500 iterations and (right) after applying the long interaction rule combined with proportional
distance for only 150 iterations

Fig. 22.12 Simulation results (left) ater applying long interaction rule and progressively expansive
grid with inline gaps at the initial grid for 1,500 iterations and (right) after applying the long
interaction rule, proportional distance measurement and progressively expansive grid with inline
gaps for 1,500 iterations
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The last trial was to use a progressively expansive grid with inline gaps. Using
both Euclidean measurement and Proportional Distance measurement, the results
were completely satisfactory. With classic data distance measurement, setting the
step for each expansion of the grid on 600 iterations and ending clustering on 1,500
iterations, the resultswere almost perfect. The first class of IRIS data set is recognized
on average at 96.4%, but also the deviation from that number is minimized to 2.45%,
meaning that the least successful clustering attempts have a success of 93.5%. With
Proportional Distance measurement, there was a further improvement. Setting the
step to each expansion to 150 iterations, and ending the clustering on 400, on average
the 88.48% of the first class of IRIS data set is correctly recognized as a cluster, but
also the deviation from that numbered isminimized to 15.46%,meaning that the least
successful clustering attempts have a success of 72%. Some comparison results can
be found in Table22.1.

Table 22.1 Simulation
results for the IRIS dataset
when applied different
improvements

Method Time Av. Success Av.

Initial 126.7303625 60.28

Prop. Dist. 167.4780554 49.92

Long Inter. 220.2520988 95.44

Long Inter. and
Prop. Dist.

98.4326502 74.48

Fig. 22.13 The application of hybrid cellular automata ants to computer hardware dataset
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Furthermore, in order to test the functionality of the proposed hybrid cellular
automata ants algorithm another dataset was considered, namely the Computer Hard-
ware Dataset, created by Phillip Ein-Dor and Jacob Feldmesser. This database con-
cernsmultivariate data set characteristics with 209 number of instances and 9 number
of attributes. As it can be found out in Fig. 22.13a, when the computer hardware data
set was clustered with long interaction rule the results were satisfactory. In addition,
when the computer hardware data set was clustered with long interaction rule with
progressively expansive grid and inline gaps the results were even better, as presented
in Fig. 22.13b. Moreover, when long interaction rule and proportional distance mea-
surement were applied the results were further improved (Fig. 22.13c) and with all
the above, as well as progressively expansive grid with inline gaps, the results were
almost perfect. In conclusion, we tried the algorithm using a non-standard data set.
The results were satisfactory judging from the view, but we couldn’t appreciate quan-
titatively the success of the clustering because of the lack of class information about
this data set.

Finally, the ideas of identification and separation when applied to the hybrid cel-
lular automata ants, were tested exhaustively on IRIS dataset. More specifically, in

Fig. 22.14 Graphical results of the identification and separation methods when applied to hybrid
cellular automata ants in combination with all the previous methods
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Fig. 22.14a the initial clustering using long interaction rule is presented. The first
class of IRIS data set is on left bottom, waiting to be recognized. During the proce-
dures of identification and separation the identification of small clusters is succeeded
(Fig. 22.14b). When the unification process is finished as shown in Fig. 22.14c, the
presented results were very good, especially at the recognition of the first class of
IRIS data set (which is shown here on red). Some more tests were performed with
the application of long interaction rule and proportional distance measurement. As it
can be shown in corresponding Figs. 22.14d–f, the results were quite good. Finally,
the results were slightly better when expansive grid with inline gaps is used com-
bined with the use of long interaction rule and proportional distance measurement
(Figs. 22.14g–i).

Fromaquantitative point of view,we tried the identification and separation process
on three different improvements on algorithm. On long interaction rule, setting the
identification threshold to 0.1 and unification threshold to the same as the threshold
for clustering (0.71), the results were almost perfect. The first class of IRIS data
set, is recognized and separated at 91.92%, with a deviation of 3.1%, meaning that
even the least successful attempts on identification and separation had 88.8% suc-
cess. The large number of clusters (24.88% on average) remain a problem although.
Using long interaction rule and proportional distance measurement, setting the iden-
tification threshold to 1%, and unification threshold to 3.9%, the results weren’t so
good. On average the 52% of first class of IRIS data set is recognized as a cluster.
The results were slightly better when expansive grid with inline gaps is used com-
bined with the use of long interaction rule and proportional distance measurement.
Setting the identification threshold to 1%, and the unification threshold to 4.5%,
on average the 61.12% of the first class of IRIS data set is recognized as a cluster.
The explanation on latter—not quite good—results is that we haven’t tried to find
the ideal threshold for clustering when we used proportional distance measurement,
we picked up one (±10%) that simply worked well. As the success of attempt to
identificate and separate using long interaction rule prior for clustering indicates, the
ideal threshold for clustering should be very near to the one used for identification
and separation.

22.6 Conclusions

In this chapter, a cellular automata ants clustering model inspired by the cellular
ants algorithm of [32, 33] that provides new features in order to overcome some of
the previous model limitations was presented. The original rules were modified and
extended (long interaction rules) by introducing the Hyper-Cellular Ants in order
to successfully simulate more complex situations found in different size databases.
Furthermore, some limitations like the excessive mobility of cellular ants as well
as the discrete data tolerance proposed method limits and the practical flaws of
the small size of the grid have been successfully addressed. More over, the idea of
proportional distance measurement, the prediction for weights on data dimensions



612 N.P. Bitsakidis et al.

have been effectively applied and tested in different databases. On the other hand,
the presented CA model is characterized by as much as low complexity as possible
so that the computational resources are kept low while its computation speed is kept
high. As future work concerns, the expansion of the cellular ants model for handling
more complicated clustering situations should be considered. More specifically, at
this point, some ideas like the progressively expansive grid with inline gaps in order
to help the long interaction rules to boost the model’s performance should be further
investigated although some preliminary results are rather encouraging. Furthermore,
the application of image processing methods on cellular automata ants clustering for
cluster identification and separation could be rather beneficial. Finally, the application
of the proposed model to different databases with different properties should be
also taken under consideration and the preliminary results, for example computer
hardware database are also quite promising.
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