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Abstract—The land use or land cover map depicts the physical
coverage of the Earth’s terrestrial surface according to its use
(viz. vegetation, habitation, water body, bare soil, artificial struc-
tures etc.). Land use map generation from remotely sensed images
is one of the challenging task of remote sensing technology. In
this article, motivated from group forming behaviour of real ants,
we have proposed two novel ant based (one unsupervised and
one supervised) algorithms to automatically generate land use
map from multispectral remotely sensed images. Here supervised
land use map generation is treated as classification task which
requires some labeled pattern/pixel beforehand. Whereas the
unsupervised land use map generation is treated as clustering
based image segmentation problem in the multispectral space.
Experimental results of the proposed algorithms are compared
with corresponding popular state of the art techniques with vari-
ous evaluation measures. Potentiality of the proposed algorithms
are justified from the experimental outcome.

Keywords - Land use map, Pattern classification, Clus-
tering, Ant colony, Aggregation pheromone.

I. INTRODUCTION

Remote sensing is a scientific technique to obtain informa-
tion about an object, area or phenomenon through the analysis
of data acquired by a device not in contact with the object in
question. Remote sensing images provide a general reflection
of the spatial characteristics for ground objects. Extraction of
land use or land cover map information from multi spectral or
hyperspectral remotely sensed images is one of the important
tasks of remote sensing technology. The task is very complex
because of low illumination quality and low spatial resolution
of remotely placed sensors. In order to automatically generate
such land use map from remote sensing images, various pattern
recognition techniques like classification and clustering can be
adopted.

Classification is a supervised technique, which requires
the training patterns to assign an unlabeled pattern to a
certain class according to its characteristics. A wide variety
of techniques exists in the literature [5] since several decades
for pattern classification.

In real scenario like remotely sensed images, the collection
of training samples to design supervised classifier is not
always possible due to the scarcity of available information
and cost of acquisition of the ground truth information. A

possible alternative to this, is unsupervised classification called
clustering which does not require the labeled data patterns. In
order to generate the land use map in unsupervised manner,
remotely sensed image segmentation may be considered as a
clustering problem. The fundamental problem of clustering is
to partition a given data set into groups, such that the data
points in a cluster are more similar to each other than points
in different clusters [23].

Various attempts have been made for land use prediction
from remotely sensed data in unsupervised [18] and supervised
[8] manner.

In this article, in order to automatically generate land
use map of multispectral remotely sensed images, we have
developed one (unsupervised) segmentation algorithm and
one (supervised) classification technique based on aggregation
pheromone density which is inspired by the natural behavior
of real ants and other social insects.

The social 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 [6], [13]. A swarms’ behavior is not determined
just by the behavior of itself, but the interactions among
individuals play a vital role in shaping the swarms’ behavior
[6], [13]. Computational modeling of swarms’ behavior is
found to be useful in various application domains like, function
optimization [24], [25], finding optimal routes [4], scheduling
[4], image and data analysis [9]. Different applications orig-
inated from the study of different types of swarms. Among
them, most popular ones are ant colonies and bird flocks
[6]. Ant Colony Optimization (ACO) [4] and Aggregation
Pheromone Systems (APS) [24], [25] are computational al-
gorithms modeled on the behavior of ant colonies. ACO [4]
algorithms are designed to emulate ants’ behavior of laying
pheromone on the ground while moving 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 responsible for clumping or
clustering behavior in a species and brings individuals into
closer proximity, is known as aggregation pheromone. Thus,
aggregation pheromone causes individuals to aggregate around
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good positions which in turn produces more pheromone to
attract individuals of the same species. In APS [24], [25],
a variant of ACO, this behavior of ants is used to solve
real parameter optimization problems. A model for solving
continuous optimization problems [22] was also proposed as
an extension of ant colony optimization (ACO) problem.

The rest of the article is organized as follows. In section II
we describe the motivation for the proposed work and other
related research. Section III describes the detailed descriptions
of the proposed methodologies for supervised and unsuper-
vised land use map generation of remotely sensed images
using aggregation pheromone density based classification and
clustering techniques, respectively. Details of the experiments
are given in section IV, and finally conclusions are drawn in
section V.

II. MOTIVATION AND RELATED WORK

Though a large number of techniques exists for ant based
unsupervised classification (i.e clustering) in the literature
[12], only few attempts have been made for (supervised)
classification. AntMiner is the first of this kind, proposed by
Parpinelli et al. [19] to extract if-then classification rule from
categorical data. Liu et al. further extended the algorithm
to reduce the computational complexity in AntMiner2 [15]
and to increase the classification accuracy in AntMiner3 [16].
Later Martens et al. in AntMiner+ [17] modified the existing
versions of AntMiner.

As mentioned earlier Aggregation Pheromone Systems [24],
[25] 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 system
found in ants and other similar agents, in earlier work, attempts
are made for solving clustering [7], classification [10] image
segmentation [9], and change detection [14] problems with
encouraging results. Motivated form the earlier research, in
this article supervised and unsupervised land use map is
generated using aggregation pheromone.

III. PROPOSED METHODOLOGIES

In this section we will present how land use map can be
generated from a given multispectral remotely sensed images
in supervised and unsupervised manner using the concept of
aggregation pheromone density.

A. Supervised method

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. The proposed supervised aggregation
pheromone density based classification (APC) algorithm for
land use map generation is described below.

1) Aggregation pheromone density based classification:
Consider a data set with m classes, which (by our assumption)
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 modeled 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 Euclidean distance between xj and x.

Total aggregation pheromone density at x deposited by the
entire population of |Ci| ants belonging 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 the
average aggregation pheromone density (at the location of that
new ant) is higher than that of other colonies. Hence finally
that ant will join the colony determined by the following
equation.

ColonyLabel(xt) = arg max
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 supervised aggregation pheromone density based
classification (APC) algorithm is given in Algorithm 1 below.

Algorithm 1 : Aggregation pheromone density based classifier
1: for each new (test) ant at located at xt do
2: for each colony Ci do
3: Calculate the average aggregation pheromone density

at location (xt) due to (all ant in) colony Ci using
equation 3.

4: end for
5: Compute the ColonyLabel(xt) of the ant at by equa-

tion 4. // Ties are broken arbitrarily.
6: end for
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B. Unsupervised method

We have considered unsupervised land use map generation
as a segmentation problem of multispectral remotely sensed
images and segmentation is treated as clustering (grouping)
of pixels in a multidimensional space. Pixels belonging to
a particular cluster are therefore spectrally similar. While
performing image segmentation for a given multispectral re-
motely sensed image we group similar pixels to form a set
of spectrally similar coherent image regions. Different gray
level values with each band corresponding to a pixel represents
the feature vector x of that pixel. The proposed unsupervised
aggregation pheromone density based clustering (APC) for
land use map generation is described below.

1) Aggregation pheromone density based clustering/ seg-
mentation: 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. Here we assume each
pixel of the input image as a data point, and hence as an
individual ant. Each individual ant emits pheromone around
its neighborhood. The intensity of pheromone emitted by an
individual ant ai (located at xi) decreases with its distance
from xi. Thus the pheromone intensity at a point closer to
xi is more than those at other points that are farther from it.
To achieve this, the pheromone intensity emitted by ant ai is
modeled by a Gaussian distribution. So, in a similar way as
equation 1, the pheromone intensity deposited at x by an ant
ai (located at xi) is thus computed as

Δτ(ai, x) = exp−
d(xi,x)2

2δ2 (5)

where, δ denotes the spread of Gaussian function and d(xi, x)
is the Euclidean distance between xi and x. The total aggrega-
tion pheromone density at x deposited by the entire population
of n ants is computed as

Δτ (x) =

n∑

i=1

exp−
d(xi,x)2

2δ2 . (6)

Now, an ant ai which was initially at location xi moves to
the new location x′

i (computed using equation 7) if the total
aggregation pheromone density at x′

i is greater than that at
xi. The movement of an ant is governed by the amount of
pheromone deposited at different points in the search space;
and is defined as

x
′
i = xi + η.

Next(ai)

n
(7)

where

Next (ai) =
n∑

j=1

(xj − xi) . exp−
d(xj ,xi)2

2δ2 (8)

with η (a proportionality constant) as the step size. This
process of finding a new location continues until an ant finds
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, 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 assigned to the cluster so formed with 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 2δ and the ratio of their densities is greater
than threshold density (a predefined parameter), then the data
point xi is allocated to the cluster having cluster center Zj .
Higher value of density ratio indicates that the two points are
of nearly similar density and hence should belong to the same
cluster. The proposed unsupervised aggregation pheromone
based clustering (APC) algorithm is given in Algorithm 2.

Algorithm 2 : Aggregation pheromone density based cluster-
ing

1: Initialize δ, threshold density, η, C = 0
2: for i = 1 to n do
3: if (the data pattern xi is not already assigned to any

cluster) then
4: Compute Δτ(xi) using equation 6.
5: label 1 :
6: Compute new location x

′
i using equation 7.

7: Compute Δτ(x′
i).

8: End of label 1
9: if (Δτ(x′

i) > Δτ(xi)) then
10: Update the location of ant ai (at xi) to x

′
i and goto

label 1.
11: end if
12: if (C == 0) then
13: Consider x

′
i as cluster center Z1 and increase C

by one.
14: Assign all the data points within a distance of δ/2

from x
′
i to the newly formed cluster with center

Z1.
15: else
16: for j = 1 : C do
17: if (min(Δτ(x′

i), Δτ(Zj))/ max(Δτ(x′
i), Δτ(Zj)) >

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

18: Assign x
′
i to Zj . // Zj already exists.

19: else
20: Assign x

′
i as a new cluster center say, ZC+1

and increase C by one.
21: Assign all the data points that are within a

distance of δ/2 from x
′
i to the newly formed

cluster with center ZC+1.
22: end if
23: end for
24: end if
25: end if
26: end for

2) Merging of Clusters/Segments: In the proposed method
(described above), we have applied the APC algorithm on the
whole data set in only one pass (iteration). The number of
clusters produced (depending on the parameter values) may
be more than the desired number of clusters. To obtain the

160 2009 World Congress on Nature & Biologically Inspired Computing (NaBIC 2009)



Fig. 1. Histogram equalized image of original IRS-1A Calcutta in NIR
(band4)

desired number of clusters, we applied the average linkage
agglomerative hierarchical clustering algorithm (average link-
age, in short) [23] for merging them.

IV. EXPERIMENTAL EVALUATIONS

A. Data sets used

IRS-1A Calcutta image was acquired by Indian Remote
Sensing Satellite [3]. The image used in this paper is taken
from Linear Imaging Self Scanner (LISS-II). LISS-II has a
spatial resolution of 36.25m × 36.25m and the wavelength
range 0.45 − 0.86μm. The whole spectrum range is decom-
posed into four spectral bands, namely, blue, green, red,
and near infrared (NIR) corresponding to bands 1, 2, 3,
and 4, having wavelength 0.45 − 0.56μm, 0.52 − 0.59μm ,
0.62 − 0.68μm, and 0.77 − 0.86μm, respectively. The image
covers an area around the city of Calcutta having six major
land-cover classes: pure water (PW), turbid water (TW), con-
crete area (CON), habitation (HAB), vegetation (VEG), and
open spaces (OS). The original images have poor illumination
and very low contrast and are not properly visible. Therefore
we have shown one (histogram equalized based) enhanced
spectral band (near infrared, denoted as NIR) image instead
of showing the original image. However all the algorithms are
implemented using (features values of the) original images.
Few regions like Dum Dum Airport, Hooghly river, Salt Lake
area, Fisheries are also labeled in the original image (Fig. 1)
for typical illustration.

B. Description of Experiments

1) Experiments for supervised methods: IRS-1A Calcutta
image considered here are labeled partially. Only 375 pixel
are labeled and labeled pixels are distributed in the six land
use class mentioned earlier. These labeled pixels act as training
patterns and rest is considered as test patterns.

(i) Evaluation measures: We have used two internal cluster
validity indices namely S dbw [11] and β [18]. Lower the
value of S dbw, and higher the value of the β indices, the
better is the partitioning. Internal index, measures the fit
between the partition imposed by an algorithm and data itself;

class label and other prior information are not used in internal
indices.

(ii) Supervised methods compared: We have compared the
proposed (supervised) classifier APC method with two other
supervised state of the art techniques namely, Multilayer
Perceptron (MLP) using back propagation algorithm [20], and
Support Vector Machine (SVM) [21]. We have experimentally
determined the value of the only parameter δ (here δ = 5) of
the proposed algorithm APC. For MLP method we have taken
two hidden layers and experimentally determined the number
of hidden neuron in each layer to get the optimum result. We
have used libsvm package [1] for SVM. In SVM we have
taken radial basis function.

(iv) Experimental results of supervised methods and anal-
ysis: The land use map of IRS-1A Calcutta image generated
by the proposed supervised methods APC, MLP and SVM are
shown in Figs. 2 (a), (b) and (c) respectively.

Careful observation of the generated land use map can revel
that there are small misclassification in the Hooghly river by
MLP and SVM methods, but in case of APC there seems
to be no or very less such misclassification. In general all the
supervised algorithms, particularly APC and MLP appeared to
perform well. However contrary to the actual Calcutta image,
open space (OS) detected by the SVM is predominant, and
vegetation (VEG) area is infrequent.

The performance of the proposed supervised method in
terms of evaluation measures and execution time are also
shown in Table I. From the quantitative measures also, APC
is seen to outperform the other methods. Time requirement of
the APC algorithm is also least, compared to other methods.

TABLE I
S dbw, β VALUES AND EXECUTION TIME FOR IRS-1A CALCUTTA IMAGE

OBTAINED BY SUPERVISED METHODS (CLASSIFICATION)

Method S dbw β Time (sec)
Proposed APC 0.330797 8.72961 36.82
MLP 0.350777 7.593193 42.563
SVM 0.384240 7.97678 48.625

2) Experiments for unsupervised methods: Experiments
were carried out on above mentioned remotely sensed image.

(i) Evaluation measures: As in the supervised methods, here
also we have used two internal cluster validity indices namely
S dbw [11] and β [18].

(ii) Unsupervised methods compared: We have compared
the proposed method with two popular clustering based image
segmentation techniques namely k-means (KM) method [23]
and mean shift (MS) [2] method.

(iii) Parameters selection: It is evident from the Algorithm
2 described in section III (B) that the proposed method has
three parameters namely η, threshold density and δ. Here η is
the step size. The smaller the step size, more will be the time
taken to explore the search space. The performance of the
algorithm in terms of validity measures is found to remain
almost constant for a wide range [0.1-1.9] of η. We have
reported results of the experiments with step size η=1, as the
performance is found to be constant over a wide range around
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(a)

(b)

(c)

Fig. 2. Land use map of IRS-1A Calcutta image generated by supervised
method : (a) proposed APC, (b) MLP, and (c) SVM.

it. If the ratio of pheromone density of a data point and an
already formed cluster center (within distance 2δ) is higher
than the threshold density then the said point is assigned to
this cluster. We have executed the algorithm taking different
values of threshold density over the range [0.5-0.9] and on an
average 0.9 was found to be a suitable value. The algorithm
is executed for different δ (spread of the Gaussian) values in
the range (0-0.9]; and used the experimentally determined δ
(here δ=0.35) to produce the best results.

(iv) Experimental results of unsupervised methods and
analysis: The unsupervised land use maps of IRS-1A Calcutta
image generated by the proposed algorithm, KM and MS
methods are shown in Figs. 3 (a), (b) and (c) respectively.
From the generated land use maps it is seen that different
regions are better identified by the proposed APC method.
For example runway (CA) of Dum Dum Air port, two bridges
(CA) in the Hooghly river, and Hooghly river (TW) itself is
clearly identified by the APC method compared to those of
KM and MS. There are lots of misclassification in the land use
map, particularly concrete area (CA) near the Hooghly river
are wrongly identified as turbid water (TW) by the KM and
MS methods; whereas APC detected these regions properly.

The performance of the proposed unsupervised method in
terms of evaluation measures and execution time are summa-
rized in Table II. Superiority of the proposed APC algorithm
is also seen from these evaluation measures. However time
requirements of the KM method is least among the three. Note
that the parameters of the MS method is suitably adjusted to
get the desired number (six in this case) of regions.

TABLE II
S dbw, β VALUES AND EXECUTION TIME FOR IRS-1A CALCUTTA IMAGE

OBTAINED BY UNSUPERVISED METHODS (CLUSTERING)

Method S dbw β Time (sec)
Proposed APC 0.249831 8.583562 7.281
KM 0.401487 4.801193 5.041
MS 0.543138 3.923121 80.625

V. CONCLUSIONS

Motivated from group forming behaviour of real ants, in
order to automatically generate land use map from multispec-
tral remotely sensed images, we have proposed two novel ant
based algorithms. One is a supervised method, treating land
use map generation as pattern classification problem assuming
few labeled pixels are available from different land use regions.
The other is an unsupervised technique, considering land
use map generation as clustering based image segmentation
problem. The proposed supervised APC algorithm is compared
with two other popular classification algorithm, MLP and
SVM. Results are quantified with S dbw [11] and β [18]
indices. From the experimental results it is observed that
supervised APC method outperforms the other two algorithms.
Proposed unsupervised APC method is compared with two
similar state of the art techniques (KM and MS) using two
evaluation index S dbw and β. Superiority of the proposed
unsupervised APC algorithm for land use map generation is
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(a)

(b)

(c)

Fig. 3. Land use map of IRS-1A Calcutta image generated by unsupervised
method: (a) proposed APC, (b) KM, and (c) MS.

justified from experimental outcomes. In summary, from the
experimental observation it is seen that both the supervised
and unsupervised APC algorithms are useful for automatic
land use map generation from mutispectral remotely sensed
images. In future we can plan to test the proposed algorithm
on various kinds of remotely sensed data as well as compare
the results with other existing techniques.
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