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Abstract

Ants, bees and other social insects deposit pheromone
(a type of chemical) in order to communicate between
the members of their community. Pheromone that causes
clumping or clustering behavior in a species and brings
individuals into a closer proximity is called aggregation
pheromone. This paper presents a new algorithm (called
APC) for clustering data set based on this property of ag-
gregation pheromone found in ants. At each location of data
point an ant is placed, and the ants are allowed to move in
the search space to find points with higher pheromone den-
sity. The movement of an ant is governed by the amount of
pheromone deposited at different points of the search space.
If the pheromone density is more at a point, more ants are
attracted towards this point. This leads to the formation
of homogenous groups of data. The proposed algorithm is
evaluated on a number of well-known benchmark data sets
using different cluster validity measures. Results are com-
pared with those obtained using average linkage clustering
algorithm and are found to be better and robust.

1. Introduction

The social insects’ behavior such as finding the best food
source, building of optimal nest structure, brooding, pro-
tecting the larva, guarding etc. show intelligent behavior on
the swarm level [9]. A swarm behavior is not determined
just by the behavior of individuals, but the interactions
among individuals play a vital role in shaping the swarm be-
havior [9]. Computational modeling of swarms’ behavior is
found to be useful in various application domains like, func-
tion optimization [25, 26], finding the optimal routes [6],
scheduling [8], image and data analysis [28] etc. Different
applications originated from the study of different swarms.
Among them, most popular ones are ant colonies [8, 9] and
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bird flocks [9]. Ant Colony Optimization (ACO) [7] and
Aggregation Pheromone System (APS) [25, 26] are com-
putational algorithms modeled on the behavior of the ant
colonies. ACO [7] algorithms are designed to emulate ants’
behavior of laying pheromone on the ground while mov-
ing to solve optimization problems. Pheromone is a type of
chemical emitted by an organism to communicate between
members of the same species. Pheromone, which is respon-
sible for clumping or clustering behavior in a species and
brings individuals into closer proximity, is known as aggre-
gation pheromone. Thus, aggregation pheromone causes in-
dividuals to aggregate around good positions which in turn
produces more pheromone to attract individuals of the same
species. In APS [25, 26], a variant of ACO, this behavior
of ants is used to solve real parameter optimization prob-
lems. In the present paper an aggregation pheromone based
algorithm is proposed for data clustering.

2. Ant based clustering in literature

Numerous abilities of ants have inspired researchers for
designing various clustering techniques [5, 15]. Several
species of ants cluster their corpses into “cemeteries” in an
effort to clean up their nests. Experimental work illustrates
that ants cluster corpses, which are initially randomly dis-
tributed in space, into clusters, within a few hours. It seems
that some feedback mechanism (using local density or sim-
ilarity of data items) determines the probability that an ant
will pick up or drop a corpse. Such behavior is used as a
model to design algorithms for clustering data [3]. The ear-
liest model using this concept was proposed by Deneubourg
et al. [5] where a population of ants, moving randomly on
a grid, was allowed to pick up or drop corpses (data points)
so as to cluster them. Lumer and Faieta [15] further gener-
alized this method and proposed an algorithm known as Ant
Colony Clustering which was applied for exploratory data
analysis. In both the above described models clustered data
objects cannot move automatically and directly; the data
movements have to be implemented through the ants’ move-
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ment requiring extra information storage and computational
burden as the ants make idle movement while carrying no
data object. Moreover, in the model proposed by Lumer, the
ants carrying isolated corpses (data items) will make ever-
lasting move since they never find a proper location to drop
them. This consumes a large amount of computation time.
To speed up convergence and to reduce complex parameter
settings, Monmarché et al. [16, 17] proposed an interest-
ing hybridization of this algorithm with k-means [24] algo-
rithm, and named it as AntClass. They compared it with
traditional k-means [24] and ISODATA [1] clustering algo-
rithms on various data sets using classification error as eval-
uation criterion. Although AntClass algorithm gives satis-
factory results, the speed is slow. In AntClass algorithm
objects are scattered randomly on the grid board. As a re-
sult, the objects in a high density region may be dispersed
in different cells and it will need a long time for the ants to
collect similar objects into one cell. To speed up this pro-
cess Liu et al. [14] proposed DBAntCluster algorithm, in
which the data distribution property is incorporated into the
Ant Colony Clustering algorithm. Here firstly, the high den-
sity clusters are found by DBSCAN [10] and the clusters so
formed are scattered on the grid board as a special kind of
objects together with the single objects in the data set. Af-
terwards, Ant Colony Clustering algorithm is used to cluster
the data objects on the grid board.

To enable an unbiased interpretation of the solutions ob-
tained using ant based clustering algorithms, Handl et al.
[12] proposed a method to determine suitable parameter set-
tings across different test sets. They also suggested a tech-
nique to convert the spatial embedding generated by the ant
algorithms, which implicitly contains clusters, to an explicit
partitioning of the data set. They used different analytical
measures to evaluate the results on synthetic and real data
sets obtained by k-means [24], hierarchical agglomerative
average linkage clustering [24] and one dimensional self-
organizing map [13], and showed that the ant based algo-
rithms perform well. Ramos et al. [21, 22] developed an
ant clustering system called ACLUSTER, for textual docu-
ment clustering and retrieval of digital images. Unlike Ant
colony clustering algorithm as developed by Lumer and Fai-
eta [15], here ants do not move randomly, rather they move
according to the transition probabilities depending on the
spatial distribution of the pheromone across the environ-
ment. This eliminates the need of short term memory which
was required earlier in Lumer and Faieta model [15] for
storing past movements of ants. They used the combination
of following two independent response threshold functions,
associated with different environmental conditions (i) num-
ber of objects in an area, and (ii) their similarity. To improve
performance, stability and convergence of the Ant Colony
Clustering algorithm of Lumer and Faieta [15], Vizine et
al. [27] proposed An Adaptive Ant Clustering Algorithm

with: (i) a progressive vision field that allows ants to see
over a wider area, (ii) pheromone heuristics to promote re-
inforcement for dropping of objects at more dense regions
of the grid, and (iii) cooling schedule of the parameters that
controls the probability of ants picking up objects from the
grid. They evaluated their algorithm on a number of well
known benchmark data sets as well as on a real world bio-
informatics data set. The modified model is found to have
significant improvement over the results obtained with Ant
Colony Clustering algorithm.

Besides nest cleaning, many functions of aggregation
behavior have been observed in ants and ant like agents
[2, 19, 23]. These include foraging-site marking and mat-
ing, finding shelter and defense. For example, after find-
ing safe shelter, cockroaches produce a specific pheromone
with their excrement, which attracts other members of their
species [23]. Based on the similar property i.e., ants need
to find comfortable and secure environment to sleep, Chen
et al. [4] proposed Ant Sleeping Model which makes ants
to group with those that have similar physiques. They de-
fined a fitness function to measure the ants’ similarity with
their neighbors. They stated that when the ant’s fitness is
low, it has a higher probability to wake up and stay in active
state. Thus an ant will leave its original position to search
for a more secure and comfortable position to sleep. Since
each individual ant uses only a little local information to
decide whether to be in active state or sleeping state, the
whole ant group dynamically self organizes into distinctive,
independent subgroups. Most of the ant based clustering al-
gorithms, developed till now are inspired by the ants’ prop-
erty of piling up the corpses to clean the nest. Using similar
concept Tsutsui et al. [25, 26] used aggregation pheromone
systems for continuous function optimization where aggre-
gation pheromone density is defined by a density function
in the search space. As mentioned above, many functions
of aggregation behavior have been observed in ants and ant
like agents. Inspired by this behavior we propose an algo-
rithm for clustering data points which is described in the
next section.

3. Aggregation pheromone based clustering

As mentioned in the introduction, aggregation
pheromone brings individuals into closer proximity.
This group formation nature of aggregation pheromone is
being used as the basic idea of the proposed technique.
Here each ant represents one data. The ants move with an
aim to create homogenous groups of data. The amount of
movement of an ant towards a point is governed by the
intensity of aggregation pheromone deposited by all other
ants at that point. This gradual movement of ants in due
course of time will result in formation of groups or clusters.
The proposed technique has two parts. In the first part,
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clusters are formed based on ants’ property of depositing
aggregation pheromone. Here, the number of clusters thus
formed might be more than the desired number of clusters.
So, to obtain the desired number of clusters, in the second
part agglomerative average linkage clustering algorithm is
applied on these already formed clusters.

3.1. Formation of clusters

Consider a data set of n patterns (x1, x2, x3, ..., xn) and
a population of n-ants (A1, A2, A3, ..., An) where an ant Ai

represents the data pattern xi. Each individual ant emits ag-
gregation pheromone in its neighborhood. The intensity of
aggregation pheromone emitted by an individual A, at x de-
creases with its distance from it. Thus the pheromone inten-
sity at a point closer to x is more than those at other points
that are farther from it. To achieve this, the pheromone in-
tensity emitted by A is chosen to be a Gaussian function.
The pheromone intensity deposited at x′ by an ant A (lo-
cated at x) is given by

�τ ′(A, x′) = exp− d(x, x′)2
2δ2 , (1)

and the total aggregation pheromone density deposited by
the entire population of n ants at x′ is then given by

�τ(x′) =
n∑

i=1

exp− d(xi, x′)2
2δ2 , (2)

where, δ denotes the spread of gaussian function.
In the similar way, we can compute the total aggregation

pheromone density �τ(x) for any point x.
Now, an ant A′ which is initially at location x′ moves to

the new location x′′ (which is computed using Eq. 3) if the
total aggregation pheromone density at x′′ is greater than
that of x′. The movement of an ant is governed by the
amount of pheromone deposited at different points in the
search space. It is defined as

x′′ = x′ + η.
Next(A′)

n
, (3)

where,

Next(A′) =
n∑

i=1

(xi − x′). exp− d(xi, x′)2
2δ2 , (4)

with, η as a step size. This process of finding a new
location continues until an ant meets a location where
the total aggregation pheromone density is more than its
neighboring points. Once the ant Ai finds out such a
point x′

i with greater pheromone density, then that point
is assumed to be a new potential cluster center, say Zj

(j = 1, 2, ..., C, C being number of clusters); and the data

point with which the ant was associated earlier (i.e., xi) is
now assigned to the cluster so formed with the center Zj .
Also the data points that are within a distance of δ/2 from
Zj are assigned to the newly formed cluster. On the other
hand, if the distance between x′

i and the existing cluster
center Zj is less than δ/2 and the ratio of their densities is
greater than threshold density (a predefined parameter),
then the data point xi is allocated to the already existing
cluster centering at Zj . Higher value of density ratio
represents that the two points are of nearly similar density
and hence should belong to the same cluster. The proposed
aggregation pheromone based clustering (APC) algorithm
for formation of cluster is given below.

begin
Initialize σ, threshold density, η
C = 0
for i = 1 : n do
if the data pattern xi is not already
assigned to any cluster
Compute �τ(xi) using Eq. 2
label 1: Compute new location x′

i using
Eq. 3
Compute �τ(x′

i)
if (�τ(x′

i) > �τ(xi))
Update the location of ant Ai to x′

i and
goto label 1
else continue
if (C == 0) //If no cluster exists
Consider x′

i as cluster center Z1 and
increase C by one
else
for j = 1 : C
if (min(�τ(x′

i),�τ(Zj))/max(�τ(x′
i),�τ(Zj)) >

threshold density and d(x′
i, Zj) < δ/2)

Assign x′
i to Zj

else
Assign x′

i as a new cluster center say,
ZC+1 and increase C, by one
Assign all the data points that are at
the distance of δ/2 from x′

i to the newly
formed cluster ZC+1

end of else
end of for
end of else
end of if (if the data pattern xi ...)
end of for
end

3.2. Merging of clusters

In this stage, to obtain the desired number of clusters we
apply average linkage [24] algorithm. The algorithm starts
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by merging the two least distant clusters until the desired
number of clusters are obtained.

4. Cluster validity measures

The clustering results obtained by the above described
method are validated using following validity measures.

•Rand coefficient (R) : It determines the degree of
similarity between the known correct solution reflecting its
class label (group) and the solution obtained by a clustering
algorithm [24]. It is defined as

R =
SS + DD

SS + SD + DS + DD
; (5)

SS, SD, DS, and DD represent the number of possible
pair of data points i and j where,
SS: both the data points belong to the same cluster and
same group.
SD: both the data points belong to the same cluster but
different groups.
DS: both the data points belong to different clusters but
same group.
DD: both the data points belong to different clusters and
different groups.
Value of R is in the range [0, 1] and higher the value of R,
better is the clustering.

•Jacard Coefficient (J) : It is same as rand coeffi-
cient except that it excludes DD [24], and is defined as

J =
SS

SS + SD + DS
. (6)

J lies in the interval [0, 1]; higher the value of J better is
the clustering.

•S Dbw : S Dbw index with C number of clusters is
based on the clusters’ compactness in terms of intra-cluster
variance and inter-cluster density [11]. It is defined as

S Dbw(C) = Scat(C) + Den(C), (7)

where Scat(C) represents the intra-cluster variance and is
defined as

Scat(C) =
1
C

C∑
i=1

||σ(Zi)||/σ(s); (8)

the term σ(s) is the variance of the data set and σ(Zi) is the
variance of the cluster Ci. Inter-cluster density, Den(C), is
defined as

Den(C) =
1

C − 1

C∑
i=1


 C∑

i=1,i �=j

den(uij)
max{den(Zi), den(Zj)}




(9)

where, Zi and Zj are centers of clusters Ci and Cj , respec-
tively and uij is the mid point of the line segment joining
Zi and Zj . The term den(u) is defined as

den(u) =
nij∑
i=1

f(x, u), (10)

where, nij is the total number of data points belong to clus-
ters Ci and Cj ; the function f(x, u) is defined as

f(x, u) =
{

0, if d(x, u) > stdev;
1, otherwise.

(11)

where, stdev is the average standard deviation of C clusters
and is defined as

stdev =
1
C

√√√√ C∑
i=1

||σ(Zi)|| (12)

and d(x, u) is the Euclidean distance between x and u.
Lower the value of S Dbw, better is the clustering.

•Beta : It computes the ratio of total variation and
within class variation [20]. It is defined as

β =

∑C
i=1

∑ni

j=1(Xij − X)2∑C
i=1

∑ni

j=1(Xij − Xi)2
, (13)

where X is the mean of all the data points and Xi is the
mean of the data points that belong to the cluster Ci; Xij is
the jth data point of ith cluster and ni is the number of data
points in cluster Ci.

Since the numerator is a constant for a given data set,
the value of β is dependent only on the denominator. The
denominator decreases with the homogeneity in the formed
clusters. Therefore, for a given data set, higher the value of
β, better is the clustering.

5. Experimental Results

Performance of the proposed algorithm has been eval-
uated using five real benchmark data sets taken from the
Machine Learning repository [18]. During preprocessing,
all the data vectors are scaled using Euclidean distance.

5.1. Description of Data Sets

Wine data has 178 instances of three types of wine with
thirteen features. Wisconsin Breast Cancer (WBC) data
contains 699 instances distributed in two categories de-
scribed by nine features of which 16 instances with the
missing values are ignored. Sonar data has 208 instances
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Table 1. Description of data sets
Data Set #Classes #Features Size
Wine 3 13 178
WBC 2 9 683
Sonar 2 60 208
Thyroid 3 5 215
Glass 6 9 214

described by sixty attributes distributed in two classes. Thy-
roid data set has 215 instances of patients with five fea-
tures describing whether patient is Euthyroidism, hypothy-
roidism and hyperthyroidism (three classes). Glass data set
has 214 instances describing six categories of glass on the
basis of nine features. These are summarized in Table 1.

5.2. Results

To find out the effectiveness of our proposed algorithm,
experiments were carried out on the above mentioned five
real data sets, considering different values of δ in the range
[0, 1]. Values of η and threshold density are kept to 1
and 0.9, respectively. The clustering results obtained are
validated using four different cluster validity indices as de-
scribed in Section 4. The results obtained by the proposed
APC algorithm are compared with that of average linkage
one. Table 2 gives the mean values (over 20 runs) of dif-
ferent performance indices obtained with different δ val-
ues and their corresponding standard deviations (shown in
bracket) for each of the data set obtained by APC and av-
erage linkage algorithm. The CPU time (in milliseconds)
needed for both the algorithms are also given in the table
for comparison. Results in bold face indicate the best one.

It is found from the results that the proposed algorithm
produces higher value of Rand and Jacard indices for all the
test data thereby indicating higher degree of similarity be-
tween the known correct solution and the solution obtained
by the proposed algorithm. Except for Thyroid and Glass
data sets, value of S Dbw index using APC is also found
to be lower than that using average linkage which indicates
that the clusters formed by the proposed technique are com-
pact and well separated. It is also seen that Beta value ob-
tained using APC is higher than that obtained using average
linkage thereby indicating that the clusters formed by the
proposed technique are compact, corroborating the earlier
findings.

6. Conclusions

In this paper we have proposed a new algorithm for clus-
tering data based on aggregation pheromone density, which
is inspired by the ants’ property to accumulate around points

with higher pheromone density. To evaluate the perfor-
mance of the proposed algorithm we have tested it on five
benchmark data sets with four cluster validity measures.
Comparative study of the proposed algorithm with the aver-
age linkage algorithm justifies its potentiality. In future we
plan to compare the performance with some more existing
algorithms.
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