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Abstract—This paper presents a novel pheromone update
strategy for improving the clustering results of ant colony
optimization (ACO). The proposed algorithm is motivated by
the observation that most of the ACOs only keep track of the
promising foraging information, which has the potential to lead
to better solutions than all the other search directions in the
pheromone table. This eventually makes the search converge
to particular search directions in later iterations because the
pheromone values on good routing paths will be reinforced. As
such, the breadth of search (diversity) will be reduced, thus
limiting the clustering results of ACO. The proposed algorithm
adds a second pheromone table to ACO for recording the
unpromising foraging information that is worse than all the
other search directions and using a novel construction method to
explore the new search directions. In other words, by leveraging
the strengths of diversification and intensification, the proposed
algorithm can find better solutions than traditional ACO. To
evaluate the performance of the proposed algorithm, we use it
to solve the data clustering problem. Our experimental results
indicate that the proposed algorithm can significantly improve
the quality of ant colony optimization.

keyword: ant colony optimization; pheromone table, and
clustering.

I. INTRODUCTION

Partitional clustering is a traditional clustering approach [1],
[2], [3] that partitions n patterns in d-dimensional space into
k groups according to some predefined criteria. The ultimate
goal of clustering is to find a partitioning that minimizes
the distance between all patterns and their centroids while
at the same time maximizing the distance between clusters.
In practice, the most popular metric used to measure the
clustering results is the sum of squared errors (SSE) defined

as
k ng
SSE:ZZHxicm-H% )

i=1 j=1

where k denotes the number of clusters; n; the number of
patterns in the ith cluster; x;; the jth pattern in the ith cluster;
¢i = (1/ny) 3252, @ij the mean (centroid) of the ith cluster;
and n = Zle n; the number of patterns. On the other hand,
metrics other than SSE such as f-measure or entropy can be
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used when the same clustering algorithm is applied to solve
other clustering problems.

Clustering technologies are important because many appli-
cations such as search engine [4], [5], [6], document analysis
[71, [8], bio-information [9], [10], financial analysis [11], and
human face recognition [12], [13] rely on the clustering tech-
nologies. More recently, how to find an approximate solution
to a clustering problem, which is NP-hard [14], in a reasonable
time has become a very important research topic partially
because the dataset size has become larger and larger and
partially because finding the optimum solution to a clustering
problem takes an extraordinary amount of time.

Since 1950’s, many methods have been proposed to solve
the clustering problem. Some of them are deterministic, some
stochastic, and some statistic. The k-means [15], [16] algo-
rithm is undoubtedly one of the most well known clustering
algorithms because it is very easy to implement and it will
converge to a local optimum very quickly. However, the clus-
tering results of k-means are not satisfied for many applications
because the k-means algorithm has several drawbacks. Of them
are: the final result is very sensitive to the initial solutions;
it is incapable of separating clusters that are non-linearly
separable; and it may fall into local minima at early iterations.
In addition to k-means, metaheuristics provide another way for
clustering the data to mitigate the problems of k-means. Over
the past, many metaheuristics have been employed to solve
the clustering problem such as genetic algorithm (GA) [17],
[18], tabu search (TS) [19], particle swarm optimization (PSO)
[20], [21], and ant colony optimization (ACO) [22], [23]. Of
them, ACO is among one of the most efficient metaheuristic
algorithms because it uses social behavior to search for the
clustering solution.

Although ACO can provide better results than other meta-
heuristic algorithm algorithms, it is still facing the local min-
ima problem on its convergence process because by reinforcing
the pheromone values on some routing paths that provide
better solutions, the breadth of the search directions is limited.
However, solutions on worse routing paths may provide partial
solutions of the optimum soltuion or better search directions
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even though the chance is very small. For this reason, ACO-
based algorithms may lose partial optimum solutions at the
future search process by only reinforecing the promising paths.
As such, how to improve the end results has recently become
a promising research topic. In this paper, we present a novel
ACO-based algorithm based on ant colony system (ACS),
called ant colony optimization with dual pheromone tables
(ACODPT), that adds a second pheromone table to it for
keeping track of a different kind of information for improving
the end results. A new recombination method for solution con-
struction is also presented to explore the new search directions
that may find better solution of clustering. To evaluate the
performance of the proposed algorithm, we compare it to three
state-of-the-art clustering algorithms: standard k-means [16],
ant colony system [24], and genetic k-means algorithm [17].

The remainder of the paper is organized as follows. Sec-
tion I gives a brief introduction to the genetic algorithm
and approaches taken to enhance its performance. Section III
describes in detail the proposed algorithm. Also given in
Section III is a simple example to demonstrate how the
proposed algorithm works. Performance evaluation of the
proposed algorithm is presented in Section IV. Conclusion is
drawn in Section V.

II. RELATED WORK

Generally speaking, the clustering algorithms [25] that are
inspired by the behavior of ants can be divided into two
categories: ant-based clustering algorithm (ACA) [26], [27],
[28], [29] and ant colony optimization (ACO) [30], [24], [31],
[32]. In this section, we will give a brief introduction to these
clustering algorithms.

A. Ant-based clustering algorithms

The ant-based clustering algorithm is inspired by the be-
havior of ant colonies in clustering their corpses and sorting
their larvae [33]. The initial study was done by Deneubourg
et al. [26] in which they proposed a model to make the ants
move randomly and used the behavior of ants in “picking up”
and “dropping” patterns to cluster the patterns. In [27], Lumer
and Faieta extended the study in [26] to improve the quality
of the clustering results. Generally, the clustering algorithms
in this class are called the ant-based clustering algorithm (or
ACA for short). Fig. 1 shows the basic concept and the major
operators used by ACA [27].

1 Initialize()
> while the termination criterion is not met
3 randomly select an ant to move
4 s = Dropltem()
5 s = Pickupltem()
s end
7 OutputResult()
Fig. 1. Outline of the ACA.

As shown in Fig. 1, the very first step ACA takes is to
initialize all the parameters, randomly scatter data items on
the toroidal grid, and randomly place ants on the toroidal grid.

The Dropltem operator checks to see if ant j carries a pattern
and is placed at a free grid position. It decides probabilistically
whether to drop the pattern at the current position by Eqgs. (2)
and (4). The Pickupltem operator checks to see if ant j does not
carry any pattern and has arrived at a grid position occupied
by a data pattern. It decides probabilistically whether to pick
up this pattern by Egs. (3) and (4).

_ f2r) itr) <k
Parop() = {1 otherwise, @
‘ kt
ppick(l) - ma (3)
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where kT and k~ are constants, f(i) is a neighborhood
function, d(z, j) is the similarity measurement between patterns
i and j, o is a data-dependent scaling parameter, and o2 is the
size of the local neighborhood L.

In [33], Yang and Kamel presented a parallel model by
using the multi-ant colonies model that contains independent
ant colonies and a queen ant. The proposed three information
exchange methods between the queen ant and ant colonies.
They are: keeping predecessor, circular exchange, and lowest
outliers. The experimental results show that the multi-ant
colonies algorithm [33] outperforms single-ant-based algo-
rithm and k-means in terms of several different criteria. In
[34], Boryczka presented an extended version of ACA, by
modifying the density function f(i) to solve the problem in
which the stable value of neighborhood scaling parameter may
sometimes cause inappropriate behavior. Another modification
is the new «-adaptation scheme that uses simulated annealing
to determine its value. In summary, the advantages of ACA are
in that it can automatically determine the number of clusters
and the clustering results outperforms the statistical methods
[25].

B. ACO-based algorithms for clustering

Ant Colony Optimization (ACO) [30], [24], [31], [32] is
an efficient method proposed in the early 1990s for attacking
the combinatorial optimization problems. It is inspired by the
foraging behavior of real ant colonies. Fig. 2 shows the basic
concept and the major operators used by ACO to find good
solutions.

Initialize()

while the termination criterion is not met
s = SolutionConstruction()
7 = PheromoneUpdate()
LocalSearch(s) // optional

end

OutputResult()

N o v kW —

Fig. 2. Outline of the ACO.
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As shown in Fig. 2, the very first step ACO takes is to
initialize all the parameters such as the best-so-far solution,
the iteration-best solution, and the pheromone values 7. Af-
ter that, the main procedure on lines 2 through 6 will be
repeated until the stop condition is met. In general, the main
procedure is composed of two required operators SolutionCon-
struction() and PheromoneUpdate() and one optional operator
LocalSearch().

The SolutionConstruction() operator on line 3 that calcu-
lates the probability pfj for choosing the next sub-solution is
defined as follows:

SR LY o
Zje[N;][TE?}Z‘][mj]B if j € N, 5)

kE _
pbij = .
0 otherwise,

where ./\fi’C denotes the set of feasible (or candidate) sub-
solutions that can be the next sub-solution of #; 7;; the
pheromone value between the sub-solutions 7 and j; 7;; a
heuristic value, which is also referred to as the heuristic
information, used to denote the quality of sub-solution sfj that
will affect each ant’s determination to move to j when at ¢;
and « and [ the weight of exploration and exploitation.

The PheromoneUpdate() operator on line 4 that is employed
in updating the pheromone value 7;; on each edge e;; is defined
as follows:

m
Tij :(l—p)Tij—FpZATi@, (6)
k=1

. 1
Al == )

where m denotes the number of ants; L* either the length
of the tour created by ant k, the length of the iteration-best
solution, or the length of the best-so-far solution. Normally,
local search, such as problem-specific permutation method, is
used as an option for improving the quality of the solution of
ACO if ACO cannot find an applicable solution.

Recently, several studies [35], [36], [37], [38], [39], [40],
[41], [42] have used ACO to solve the clustering problem
because it can provide better result than the other traditional
clustering algorithms such as k-means. Silc et al. [35] used
the generalized Lloyd algorithm to create a partition, which is
then used as the initial solution for ACO to solve the mesh-
partitioning problem. Kuo et al. [36], [37] presented another
combination to solve the clustering problem that integrates
ACO and k-means, called ant k-means algorithm (AK). This
algorithm adds four operators to ACO, that is, divide, agglom-
erate_obj, agglomerate, and remove. Initially, all the patterns
are grouped into a root cluster. The divide operator plays the
role of dividing the root cluster into several new clusters by the
predefined criteria. The agglomerate_obj operator is then used
to agglomerate the patterns into the suitable clusters while the
agglomerate operator is used to merge clusters that are simliar
to each other. The remove operator is employed to remove
patterns that are dissimilar in the cluster to which they belong.
The simulation results show that AK [37] outperforms self
organizing maps with k-means and self organizing maps with

genetic algorithm. Tsai et al. [38] presented another modified
version of ACO to solve the clustering problem by adding
several efficient strategies, called ant colony optimization with
different favor (ACODF). One of the efficient strategies is that
ACODF does not require ant to visit all the patterns (nodes)
to be clustered. Another efficient strategy is that ACODF
splits patterns the pheromone value between them is less than
a predefined threshold into different groups. Li et al. [39]
parallelized the ACO for the codebook generation problem
(CGP) by using MPI. The simulation results show that the
parallel strategy can improve the quality of ACO for CGP by
about 0.1 up to 0.2 dB of peak signal-to-noise ratio (PSNR).
Han and Shi [40] presented an efficient ant-based algorithm
for fuzzy clustering the image segmentation problem. First, &k
centers are selected based on the image histogram. Then, the
gradients of the k centers are used to determine the neighboring
features to reduce the computation time.

Ramos et al. [41] combined hyperboxes and ACO to solve
the clustering problem, called hyperbox clustering with ACO
(HACO). More precisely, the hyperboxes are placed in the
search space to reduce the number of patterns that ACO
needs to compute. The hyperboxes are then grouped by using
the nearest-neighbor (NN) method. The computation time of
HACO can then be reduced so that it is faster than ACO.
Koriirek and Nizam [42] used ACODF [38] to cluster unknown
patterns to train the arrhythmia detection system. The nearest
neighborhood classifier is used to test the system. The results
show that ACO can be used to improve the analysis results of
the medical signals such as electrocardiography (ECG).

III. THE PROPOSED ALGORITHM

In this section, we present an efficient ACO-based algorithm
based on two pheromone tables, called ant colony optimization
with dual pheromone tables (ACODPT). We will begin with a
brief introduction to the proposed algorithm and an example
of ACODPT before we move on to the details of the proposed
algorithm.

A. The concept

In general, most of the ACO-based algorithms use
pheromone to record and propagate the positive information
between ants in the population. Consequently, when one or
more ants find a good path (search direction or solution),
the other ants in the population will follow this path by a
positive feedback to the pheromone table. That is, the ACO-
based algorithms only keep the positive information to the
pheromone table. As such, the breadth of the search directions
will be reduced as the number of iterations increases. In this
paper, we add a second pheromone table to lay down the neg-
ative information. As shown in Fig. 3, the proposed algorithm,
ACODPT, has two different kinds of pheromone tables: the
positive pheromone table and the negative pheromone table.
After the transition and mean update operator, the pheromone
values of some paths in the positive pheromone table will
be strengthened when ants routing on these paths find better
results than the other ants. At the same time, the pheromone
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values of some paths in the negative pheromone table will be
increased when ants routing on these paths find worse results
than the other ants.

are worse than the other existing paths found by ants will not
be selected when the ACODPT uses ¢*, to determine the next
sub-solutions.

Positive pheromone
| Negative pheromone
I
! I
i i ‘

Transition |—=| Means Lo Local L.} Global | o goution
Update Update Update —‘
0 —~0
AN
AN
AN
\\®

Fig. 3. An illustration of the proposed algorithm.

For example, as depicted at the bottom of Fig. 3, the green
ant finds a better route path (starting with node 1 to node 2)
than the red ant (node 1 to node 3). The green ant then updates
the positive pheromone table to keep its route path whereas the
red ant updates the negative pheromone table to keep its route
path. Simply speaking, the underlying idea is to prevent the
ant from routing the some paths they have already traveled
that are worse than paths (solutions) created by the other ants.
From this perspective, it is used to avoid only searching the
similar directions that can find better result.

B. The ant colony optimization with dual pheromone tables

In order to integrate two pheromone tables into the proposed
algorithm, the way the probability is calculated has to be
modified, which in turn changes the solution construction
operators, as given below.

arg HlaXuENTk {[Tru] : [nru]ﬁ} if ¢ < qo,

Y ifgo<qg<q @®
w otherwise,
[Trz}'[nrz]ﬁ f k k
s—irelloeel e N\ B,
qu = Z1LEJ(7‘)[T7‘H]'[nru]B iz . r \ T (9)
0 otherwise,

B¥ = B*U {7z} Vze NFand b, < g, (10)

where ¢ is a random value to determine which strategy will be
used to construct the next sub-solution, ¢y and ¢; are used to
predefine the intervals of the three strategies used in ACODPT.
Similar to ACS, as defined in Eq. (8), the first two selection
strategies are: select the best next sub-solution (when ¢ < qp)
and select the next solution with the probability calculated by
Eq. (5) (when g < ¢ < q1).

When ¢ > ¢, the proposed algorithm will, of course, use
Eqgs. (9) and (10) to determine the next sub-solution. As defined
in Eq. (10), BY represents the path that will not be selected,
@ € (0,1) is a random value, and 7° € (0, 1) represents the
second kind of pheromone on the path. In other words, the
path will be included to the set B” if the pheromone value 7°
is less than ¢,. As a consequence, the paths (solutions) that

1 Initialization

2> while the termination criterion is not met

3 for each ant k&

4 1. assign all patterns to the clusters to which they belong by
5 Eqgs. (8), (9) and (10).

6 2. update centroids

7 3. local update each path 7s ant & moved

8 end

9 global update each path 7s by Egs. (11) and (12)
10 end

11 Output the best result

Fig. 4. Outline of ACODPT

Fig. 4 gives an outline of the proposed algorithm. ACODPT
will first initialize the positive pheromone table and the neg-
ative pheromone table by setting all the paths to the initial
value, followed by setting the parameters, such as «, 3, p, and
SSE to their initial values. Next, ACODPT will enter the main
loop, which will be performed until the stop criterion is met.
At the solution construction step (lines 3—7), each ant in the
population will take care of assigning the input patterns to the
clusters by using the equations Egs. (8), (10) and (9).

In this paper, the proposed algorithm uses the group ID
of all patterns to represent the clustering result. As shown
in Fig. 5, suppose that we have four input patterns to be
partitioned into three groups (clusters). The solution of each
ant k of the proposed algorithm can be denoted by s* =
{s¥, sk, sk sk}, with s¥ indicating to which cluster pattern i
belongs, determined by Eqs. (8), (10) and (9) (see also lines
4 and 5).

. © © © ®
ﬁ@ 0 o
© © © ©

Fig. 5. Example illustrating how ACODPT assigns a pattern to the cluster
to which it belongs.

This procedure will be repeated for all the input patterns.
The centroids of the solution created by the ant k& will then be
updated when that ant completed the tour. In addition to local
update the pheromone values in the positive pheromone table,
ACODPT will also global update the pheromone values in the
positive pheromone table defined as

Trs = (1 = p)Trs + pATS, V75 € T, (11)

where T denotes the best-so-far tour and 7° the pheromone
value that will be increased by the global update of this path,
and the pheromone values in the negative pheromone table
defined as

. =~rt, VFse TV, (12)

rs T8
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where T denotes the iteration-worst tour. Moreover, v is set
to 0.999 as far as this paper is concerned. When the termination
criterion is met, ACODPT will output the best-so-far solution
as the final solution.

IV. SIMULATION RESULTS

In this section, the performance of the proposed algorithm is
evaluated by comparing it with several state-of-the-art cluster-
ing algorithms. But before that, we will first give the parameter
settings and datasets used.

A. Parameter settings and datasets

To evaluate the performance of ACODPT, we compare it
with three state-of-the-art clustering algorithms: standard k-
means [16], genetic k-means algorithm [17], and ant colony
system [24]. The empirical analysis is conducted on an Intel
17 CPU 920 with 2.67 GHz CPU and 4GB of memory running
on Fedora 12 with Linux 2.6.31.5-127. Also, the programs are
written in C and compiled by gcc version 4.4.2 20091027 (Red
Hat 4.4.2-7). Moreover, for GKA, the population size is fixed
at 25, so is the population size of ACS (i.e., the number of
ants). Same as the GKA, the crossover operator is replaced
by a 2-iteration k-means operator, the mutation probability is
0.01, and the number of generations is 1,000. For the ACS and
ACODPT, « is set to 0.1, 3 to 11.0, p to 0.1, and 7 to 0.01.
qo and g; are set to 1 and 75, respectively. To avoid premature
convergence, the proposed method is started at iteration 2. For
comparison, the datasets used in this paper to evaluate the
performance of these clustering algorithms are iris, wine, yeast,
and abalone, all from [43].

B. Results

Table I compares the performance of ACODPT with the
following clustering algorithms: k-means, GKA, and ACS. It
shows that GKA provides a better result than k-means while
ACS providing a better result than GKA for the benchmarks
yeast and abalone. In contrast, our observation shows that the
proposed algorithm, ACODPT, provides a better result than
ACS because these two benchmarks (yeast and abalone) are
more difficult than the others (iris and wine). For this reason,
the proposed algorithm can further improve the quality of
ACS by about 1.43% and 29.24% for the benchmarks ecoli,
yeast, and abalone. Moreover, although the clustering results of
ACODPT of benchmarks wine, ecoli, and yeast are worse than
GKA, we believe that it is because the ACS and the proposed
algorithm do not use the local search to fine tune the clustering
results but GKA does.

V. CONCLUSION

In this paper, we proposed an efficient method, called
ACODPT, to improve the quality of ACS-based clustering
algorithms. The major concept is to add a negative pheromone
table to record the route paths which may lead the ants to create
worse solutions. It is inspired by how to prevent the ants from
falling into the local minima region again and again. For this
reason, the solution construction operator is modified to take
into account the way the strategies are selected. In addition

TABLE 1
SIMULATION RESULTS

Data set TXYXZ k-means GKA

iris 3x 4x 150 85.34 78.94
wine 3 x 13 x 178 | 2,370,690.00 2,370,689.69
glass 9x 6x 214 394.58 340.82
ecoli 8x Tx 336 2,284.85 1,815.70
yeast 10 x 8 x 1484 49.06 45.83
abalone 29 x 8 x 4177 1,144.10 572.99
Data set TXYXz ACS ACODPT
iris 3x 4x 150 78.94 78.94
wine 3x13x 178 | 2,370,690.00 2,370,690.00
glass 9x 6x 214 336.06 336.06
ecoli 8 x 7x 336 2,579.26 1,995.67
yeast 10 x 8 x 1484 47.44 46.30
abalone 29 x 8 x 4177 484.93 482.57
z, y, z denote, respectively, the number of clusters, attributes,

and patterns.

to a simple example given to show the design concept, we
also describe in detail the proposed algorithm. Our simulation
results showed that the proposed algorithm outperforms all the
other clustering algorithms compared in this paper in terms
of the quality of the end result, especially for large scale
datasets. Our future goal is to reduce the computation time
of the proposed algorithm while at the same time improving
the quality of the end result such as local search methods..
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