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Abstract

Social insects like ants, bees deposit pheromone (a type of
chemical) in order to communicate between the members
of their community. Pheromone, that causes clumping be-
havior in a species and brings individuals into a closer
proximity, is called aggregation pheromone. This article
presents a new algorithm (called, APC) for pattern clas-
sification based on the property of aggregation pheromone
found in natural behavior of real ants. Here each data pat-
tern is considered as an ant, and the training patterns (ants)
form several groups or colonies depending on the number
of classes present in the data set. A new (test pattern) ant
will move along the direction where average aggregation
pheromone density (at the location of the new ant) formed
due to each colony of ants is higher and hence eventually
it will join that colony. Thus each individual test ant will
finally join a particular colony. The proposed algorithm is
evaluated with a number of benchmark data sets in terms
of classification accuracy. Results are compared with other
state of the art techniques. Experimental results show the
potentiality of the proposed algorithm.

Keywords: Swarm intelligence, ant colony optimization,
aggregation pheromone, pattern classification.

1 Introduction

The task of classification occurs in various ranges of hu-
man activities. A classification problem includes the as-
signment of an object to a predefined class according to its
characteristics [4]. A wide variety of techniques exists in
the literature [4, 8, 10, 14] since several decades for pattern
classification. Broadly, three classes of classifiers exist [10]
in the literature. They consist of classifiers that depend on
(i) similarity maximization methods, (ii) probabilistic meth-
ods, and (iii) geometric methods. Apart from these above
mentioned three categories of classifiers, there are various
kinds of classifiers such as decision trees [22], support vec-
tor machines [24], fuzzy set based classifier [15] etc. Also
a large number of combination of classifiers [29] has been
proposed for improving classification accuracy.

In this article, an aggregation pheromone density based
classifier is proposed which is inspired by the natural be-
havior found in real ants and other social insects. The so-
cial insects’ behaviors such as finding the best food source,
building of optimal nest structure, brooding, protecting the
larva, guarding etc. show intelligent behavior on the swarm
level [5, 11]. A swarms’ behavior is not determined just
by the behavior of itself, but the interactions among in-
dividuals play a vital role in shaping the swarms’ behav-
ior [5, 11]. Computational modeling of swarms’ behavior
is found to be useful in various application domains like,
function optimization [26, 27], finding optimal routes [1],
scheduling [3], image and data analysis [7]. Different ap-

International Conference on Information Technology

978-0-7695-3513-5/08 $25.00 © 2008 IEEE
DOI 10.1109/ICIT.2008.27

100



plications originated from the study of different types of
swarms. Among them, most popular ones are ant colonies
and bird flocks [5]. Ant Colony Optimization (ACO) [2]
and Aggregation Pheromone Systems (APS) [26, 27, 28] are
computational algorithms modeled on the behavior of ant
colonies. ACO [2] 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 [26, 27], a variant of ACO, this behavior of
ants is used to solve real parameter optimization problems.
A model for solving continuous optimization problems [25]
was also proposed as an extension of ant colony optimiza-
tion (ACO) problem.

In the present article an aggregation pheromone based algo-
rithm (APC) is proposed for pattern classification. In order
to show the effectiveness of the proposed algorithm we have
considered a number of benchmark data sets [19]. Results
are compared with four other state of the art techniques.
Experimental results justify the potentiality of the proposed
APC method.

2 Motivation and Related work

As mentioned earlier Aggregation Pheromone Systems [26,
27] is used for continuous function optimization where ag-
gregation pheromone density is defined by a function in the
search space. Inspired by the aggregation pheromone sys-
tem found in ants and other similar agents, in earlier work,
attempts are made for solving clustering [6, 12], image seg-
mentation [7], and change detection [13] problems with en-
couraging results. This work on pattern classification is
based on aggregation pheromone.

Though a large number of techniques exists for ant based
unsupervised classification (i.e clustering) in the literature
[9], only few attempts have been made for (supervised)
classification. AntMiner is the first of this kind, proposed
by Parpinelli et al. [20] to extract if-then classification
rule from categorical data. Liu et al. further extended
the algorithm to reduce the computational complexity in
AntMiner2 [16] and to increase the classification accuracy
in AntMiner3 [17]. Later Martens et al. in AntMiner+ [18]
modified the existing versions of AntMiner.

3 Proposed Methodology

As mentioned in the previous sections, aggregation
pheromone brings individuals into closer proximity. This
group formation nature of aggregation pheromone (found in
natural behavior of real ants) is being used as the basic idea
of the proposed technique. Here each data pattern is consid-
ered as an ant, and the training patterns (ants) form several
colonies or homogeneous groups depending on the number
of classes present in the data set. Each ant (in the group)
emits pheromone around its local neighborhood. The inten-
sity of pheromone (emitted by an individual ant) is maxi-
mum at the position where the ant is situated and it decays
uniformly with distance from the position of the ant. Hence
pheromone intensity is modeled by the Gaussian function
keeping the ant at the center. When a new test pattern (ant)
comes in the system it tries to join to one of the existing
colonies/groups. A new ant will move towards a colony for
which average aggregation pheromone density (at the loca-
tion of that new ant) is higher than that of the other colonies;
and hence eventually the new ant will join that colony. Here
average aggregation pheromone density of a colony is the
average of the cumulative effect of pheromone intensity (at
the location of the test ant) emitted by each individual ant
belonging to that colony. Thereby each individual new ant
will join a particular colony.

3.1 Aggregation pheromone density based
classification

Consider a data set with m classes, which (by our as-
sumption) forms m homogeneous groups/colonies of ants
or training patterns. Let x1, x2, x3, . . . , x|Ci| be the training
data patterns in the class Ci and considered as a population
of |Ci|-ants a1, a2, a3, ..., a|Ci| which forms a group/colony
Ci; where an ant aj ∈ Ci represents the training data pattern
xj . The intensity of pheromone emitted by an individual ant
aj (located at xj) decreases with its distance from xj . Thus
the pheromone intensity at a point closer to xj is more than
those at other points that are farther from it. To achieve this,
the pheromone intensity emitted by ant aj ∈ Ci is mod-
eled by a Gaussian distribution. The pheromone intensity
deposited at x by an ant aj (located at xj) is thus computed
as

Δτ(aj , x) = exp−
d(xj ,x)2

2δ2 (1)

where, δ denotes the spread of Gaussian function and
d(xj , x) is the Euclidian distance between xj and x.

Total aggregation pheromone density at x deposited by the
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entire population of |Ci| ants belongs to the colony Ci is
computed as

Δτi (x) =
∑

xj∈Ci

exp−
d(xj ,x)2

2δ2 . (2)

Now a new (test pattern) ant at at xt appears in the system.
The average aggregation pheromone density (at the location
of that new ant at) by the colony Ci is given by

Δτ i (xt) =
1

|Ci|

∑

xj∈Ci

exp−
d(xj ,xt)2

2δ2 . (3)

The new ant at will move towards a colony for which aver-
age aggregation pheromone density (at the location of that
new ant) is higher than that of the other colonies. Hence
finally that ant will join the colony determined by the fol-
lowing equation.

ColonyLabel(xt) = argmax
i

(Δτ i(xt)). (4)

Thus each of the test ants will join a colony and that colony
label will be the class label of that test pattern (ant).

The proposed aggregation pheromone density based classi-
fication algorithm is given below.

Algorithm 1 : Aggregation pheromone density based clas-
sifier

for each new (test) ant at located at xt do
for each colony Ci do

Calculate the average aggregation pheromone den-
sity at location (xt) due to (all ant in) colony Ci

using equation 3.
end for
Compute the ColonyLabel(xt) of the ant at by equa-
tion 4. // Ties are broken arbitrarily.

end for

4 Experimental Evaluation

For the purpose of our study, we used five real life bench-
mark data sets from the UCI repository [19]. To test the
classification accuracy, from a data set, ten percent of data
is taken out randomly to form the training set and the rest is
considered as the test set. The process is repeated 20 times.

4.1 Data sets used

A summary about the data sets is given in Table 1. De-
tailed description of the data sets can be found in the origi-
nal source cite [19].

Table 1. Summary of the data sets used. N
is the total number of data, D and C repre-
sent dimensionality and number of classes,
respectively.

Data Set N D C
Iris 150 4 3
WBC 683 9 2
Sonar 208 60 2
Thyroid 215 5 3
Glass 214 9 6

4.2 Comparison with other methods

The proposed method is compared with 4 other standard
classification techniques, namely, (i) k nearest neighbor (k-
NN) with k=5 and k=7 are taken as representative, (ii) mini-
mum distance classifier (MDC), (iii) multi layer perception
(MLP), and (iv) support vector machines (SVM) with se-
quential minimal optimization [21, 24].

4.3 Performance evaluation measures

In order to evaluate the performance of the proposed classi-
fier, in this article we have used the following three kinds of
performance measures.

Percentage accuracy: Here we have reported the results
on test case accuracy only, that is percentage of correctly
classified test patterns out of total test patterns.

Macro averaged F1 measure: Macro averaged F1 is de-
rived from precision and recall [23]. The precision (pi) of a
class i is defined as

pi =
# patterns correctly classified into class i

# patterns classified into class i
,

(5)
and recall (ri) of class i is defined as

ri =
# patterns correctly classified into class i

# patterns that are truly present in class i
.

(6)
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Then (F1)i, the harmonic mean between precision and re-
call, of class i is defined as

(F1)i =
2 × pi × ri

pi + ri

. (7)

F1 measure gives equal importance to both precision and re-
call. The macro-averaged F1 measure is computed by first
computing the F1 scores for each category (class) and then
averaging these per-category scores to compute the global
means. Macro-averaged F1 gives equal weight to each cat-
egory.

Micro-averaged F1 measure: It is computed by first cre-
ating a global contingency table whose cell values are the
sum of the corresponding cells in the per-category contin-
gency tables. Then this global contingency table is used to
compute the micro-averaged performance scores. Micro-
averaged F1 gives equal weight on each sample (test case).

4.4 Experimental results

As mentioned earlier, in order to test the classification ac-
curacy, 10% of the data is taken out randomly to form the
training set and the rest is considered as the test set. 20
simulation runs were done. Average result in terms of per-
formance measures and execution time together with stan-
dard deviation (shown in bracket) of these 20 runs is re-
ported in Table 2. The proposed aggregation pheromone
density based classification method is compared with four
other popular classification algorithms.

The proposed aggregation pheromone density based classi-
fier has only one parameter δ (spread of the Gaussian). For
the optimal performance of the proposed classifier, we have
experimented with wide range of δ for each data set. The
δ value, for which the best result in terms of performance
evaluation measure occurs, is reported in Table 2 and that
selected δ value is put within bracket with APC method.
Note that for a wide range of δ, values of the performance
measures is observed to be fixed at nearly constant value or
varies a little.

The CPU (execution) time, in milliseconds, needed by the
algorithms are also given in the table for comparison. Rank
of each algorithm is given depending on its performance
measures and the execution time (separately) using ‘#’ sym-
bol followed by corresponding rank (from 1 to 3). For ex-
ample ‘#1’ indicates the best result with respect to either the
corresponding performance measure or execution time.

It is apparent from Table 2 that for real life data sets, in
terms of percentage accuracy, macro averaged F1 measure

and micro averaged F1 measure, the proposed APC per-
forms the best for 4 data sets (Iris, WBC, Thyroid, Glass)
used and the third best for Sonar data, in that case (Sonar
data) SVM performs better. In terms of execution time, per-
formance of minimum distance classifier (MDC) is the best,
whereas k-NN and the proposed APC performs the 2nd best
and the 3rd best, respectively for all the data sets except
Thyroid data. For Thyroid data k-NN (K=5) takes the least
execution time.

On an average, for most of the considered real life data sets,
performance of the proposed APC is the best or very close
to the best one in terms of classification performance mea-
sures; and it takes less execution time than that of MLP and
SVM, but more than MDC and k-NN.

5 Conclusions

In this article we have proposed a computationally sim-
ple yet effective algorithm for pattern classification based
on aggregation pheromone density, which is inspired by
ants’ property to accumulate around points with higher
pheromone density. Performance of the proposed method
is evaluated on 5 benchmark real life data sets using three
performance evaluation measures. Comparative study with
four popular existing methods shows the potentiality of the
proposed APC method.

Future work of the proposed method may be directed to-
wards solving real world problem like change detection
of remote sensing images, microarray gene classification,
web-page classification and also to handle classification
tasks for categorical data.
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Table 2. Experimental evaluation of real life data for APC, k-NN, MDC, MLP and SVM classifiers using
10% of total data is used as training set and rest as test set

Data Method Accuracy Macro F1 Micro F1 Time (in ms)
APC 93.666672 #1 0.936044 #1 0.939927 #1 3.95 #3

(δ=0.4) (2.655067) (0.027495) (0.023075) (6.84)
k=5 90.333336 #3 0.901006 #3 0.910622 #3 1.55 #2

(3.493870) (0.039162) (0.028172) (5.48)
k-NN k=7 89.222214 0.890289 0.897831 2.30

Iris (2.203316) (0.023724) (0.017741) (4.65)
MDC 91.814819 #2 0.917606 #2 0.921039 #2 0.00 #1

(1.994162) (0.020370) (0.018701) (0.00)
MLP 82.66668 0.82136 0.8478 386

(11.74583) (0.121781) (0.095351) (33.2265)
SVM 71.25924 0.64342 0.70794 404

(7.157253) (0.109071) (0.120788) (38.78144)
APC 96.5397 #1 0.96164 #1 0.96166 #1 24.95 #3

(δ=3.2) (0.509428) (0.005809) (0.005622) (7.83)
k=5 96.128250 0.957060 0.957364 18.75 #2

(0.521697) (0.005987) (0.005761) (6.37)
k-NN k=7 95.852280 0.953874 0.954325 18.87

WBC (0.382357) (0.004439) (0.004208) (6.27)
MDC 96.217545 #3 0.958094 #3 0.958324 #3 3.15 #1

(0.531270) (0.006068) (0.005861) (6.30)
MLP 93.77778 0.92988 0.93066 2674

(1.28327) (0.015179) (0.01481) (0.561514)
SVM 96.355515 #2 0.959629 #2 0.959856 #2 176

(0.726681) (0.007993) (0.00798) (93.0806)
APC 65.00 #3 0.642357 #3 0.650773 #3 3.90 #3

(δ=0.43) (2.655067) (0.027495) (0.023075) (6.84)
k=5 58.111702 0.566007 0.581504 3.85 #2

(3.965799) (0.044301) (0.038698) (6.67)
k-NN k=7 57.686176 0.559964 0.577353 3.87

Sonar (4.948453) (0.056456) (0.052228) (6.67)
MDC 59.893616 0.592969 0.601412 2.25 #1

(4.055829) (0.042072) (0.040189) (5.36)
MLP 66.8439 #2 0.6667 #2 0.67493 #2 15050

(7.62616) (0.07573) (0.07969) (164.3168)
SVM 68.40422 #1 0.6821 #1 0.69526 #1 210

(3.237267) (0.03187) (0.030342) (125.698)
APC 85.438148 #1 0.769650 #1 0.791321 #1 5.45 #3

(δ=1.6) (3.762797) (0.065778) (0.059440) (7.43)
k=5 76.056702 0.498423 0.582944 1.55 #1

(3.893289) (0.121202) (0.108642) (6.84)
k-NN k=7 69.587639 0.273556 0.273556 3.95

Thyroid (0.000008) (0.000000) (0.000000) ( 4.65)
MDC 83.505150 0.750875 #2 0.770221 #3 2.30 #2

(4.309599) (0.072063) (0.064120) (5.48)
MLP 85.30928 #2 0.704933 0.715933 685

(3.480186) (0.109706) (0.117456) (44.3113)
SVM 84.43296 #3 0.72368 #3 0.7756 #2 434

(4.69497) (0.095615) (0.072271) (58.51495)
APC 53.116722 #1 0.400773 #1 0.420660 #1 9.40 #3

(δ=0.13) (2.729592) (0.054025) (0.064672) (7.68)
k=5 43.086739 0.190268 0.205177 1.60 #1

(4.806423) (0.048741) (16.525463) (6.30)
k-NN k=7 38.750004 0.145445 0.153085 3.15

Glass (4.205626) (0.024202) (0.065397) (4.80)
MDC 13.775511 0.040359 0.040359 4.65 #2

(0.000001) (0.000000) (0.000001) (7.11)
MLP 51.9862 #2 0.35362 #2 0.370433 #2 1851.667

(7.1085) (0.064148) (0.060149) (49.1313)
SVM 49.84456 #3 0.26172 #3 0.30714 #3 1988

(3.380186) (0.03415) (0.05251) (156.256)

5
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