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Abstract

In 2011, K-means algorithm combined Firefly Algorithm has

been proposed by Mr. Senthilnath. This clustering algorithm

has obtained better results than K-means algorithm and the

other algorithms combined bio-inspired algorithm. In this

study, we propose a new clustering algorithm; K-means algo-

rithm combined improved Firefly Algorithm. One parameter

of our proposed algorithm is changed when the assignment

does not change. We compare K-means algorithm, K-means

algorithm combined Firefly Algorithm and our proposed al-

gorithm using simple model. Numerical experiments show

our proposed algorithm is more efficient algorithm than the

other algorithms.

1. Introduction

A clustering is a popular data analysis technique and is

used for data analysis, image analysis, data mining and the

other fields of science and engineering. The goal of cluster-

ing is to find homogeneous groups of data points in a data set.

Each group is called a cluster and each object can be defined

as a relations between objects belong in the same group are

stronger than a relations between objects belong in the differ-

ent group. K-menas algorithm is one of the most famous clus-

tering method and is used if the number of clusters is known

and the clusters tend to be spherical. In this algorithm, we

can find K cluster centers (each object is assigned to the clos-

est cluster center). In other words, this algorithm can find the

minimum sum of distances between the object and the cluster

center it belongs. This means that the clustering is one of a

optimization problems.

Mr. Senthilnath et. al. [1] had proposed a new clustering al-

gorithm combined K-means algorithm and Firefly Algorithm

and numerical experiments have indicated that it is more ef-

ficient algorithm than the others. Firefly Algorithm (FA) has

been proposed by Mr. Yang in 2007 and is based on the ide-

alized behavior of the flashing characteristics of firefly [2].

FA is a efficient optimization algorithm because it has a de-

terministic component and a random component. Almost all

algorithms having only the deterministic component are local

search algorithms, for which there is a risk of being trapped

at local optima. However, the random component makes it

possible to escape from such local optima.

In this paper, we propose a new clustering algorithm com-

bined K-means algorithm and Improved FA. In our proposed

algorithm, one parameter is changed when the assignment

does not change. We compare the conventional K-means al-

gorithm, K-means algorithm combined the conventional FA

and our proposed algorithm using simple model. Numerical

experiments indicate that our proposed algorithm is more ef-

ficient algorithm than the other algorithms.

2. The Conventional Methods

In this section, we explain the conventional K-means algo-

rithm and Firefly Algorithm (FA).

2.1 K-means algorithm

K-menas clustering is one of the most famous clustering

method and is used if the number of clusters is known and

the clusters tend to be spherical. The goal of this clustering is

to find cluster centers and each object is assigned to the clos-

est cluster center. Therefore this clustering is a optimization

problem because we need to find the minimum sum of Eu-

clidean distances between the cluster centers and the objects.
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Algorithm 1 The conventional Firefly Algorithm

Objective function f(x), x = (x1, ..., xd)
T

Initialize a population of fireflies xi(i = 1, 2, ..., n)
while t < MaxGeneration do

for i = 1 to n, all n fireflies do
for j = 1 to n, all n fireflies do

Light intensity Ii at xi is determined by f(xi)
if Ii > Ij then

Move firefly i towards j in all d dimensions

end if
Attractiveness varies with distance r via exp[−γr]
Evaluate new solutions and update light intensity

end forj
end fori
Rank the fireflies and find the current best

end while
Postprocess results and visualization

This clustering is solved using K-means algorithm and this

algorithm is composed of the following four steps:

• Initialize all cluster centers and objects. The number of

cluster centers and all objects are predefined. All cluster

centers generate randomly in search space.

• Assignments. Each object is assigned to only the closest

cluster center.

• Calculates cluster centers. The places of each cluster

center move to mean of each group object.

• Iterate assignment and calculate steps until the assign-

ments no longer change.

The objective function of clustering is defined by

J =

K∑
k=1

N∑
n=1

|ck − on|2, (1)

where K is the number of cluster centers, N is the number of

objects, ck is the position vector of cluster center k and on is

the position vector of object n.

2.2 The Conventional Firefly Algorithm (FA)

FA has been developed by Yang and it was based on the

idealized behavior of the flashing characteristics of fireflies

[2]. Many active researchers have paid attention to FA [3, 4]

The conventional FA idealizes these flashing characteristics

using the following three rules:

• All fireflies are unisex so that one firefly is attracted to

other fireflies regardless of their sex.

• Attractiveness is proportional to brightness; thus, for any

two flashing fireflies, the less brighter one will move

towards the brighter one. Both the attractiveness and

brightness stared above decrease as their distance in-

creases. If no one is brighter than a particular firefly,

it moves randomly.

• The brightness or light intensity of a firefly is affected or

determined by the landscape of the objective function to

be optimized.

Attractiveness of firefly β is defined by

β = (β0 − βmin)e
−γr2ij + βmin, (2)

γ =
1√
L
, (3)

L =
|Xmax −Xmin|

2
, (4)

where γ is the light absorption coefficient, βmin is the mini-

mum value of β, β0 is the attractiveness at rij = 0, and rij
is the distance between any two fireflies i and j at xi and xj .

L means the average scale for the problem. The movement

of the firefly i is attracted to another more attractive firefly j,

and is determined by

xi = xi + β(xj − xi) + αεi, (5)

εi = (random− 0.5)L, (6)

where xi is the position vector of firefly i, random is a uni-

form random number distributed in [0, 1] and α(t) is the ran-

domization parameter. The parameter α(t) is defined by

α(t) = α(0)

(
10−4

0.9

)t/tmax

, (7)

where t is the number of iteration.

Algorithm 1 shows pseudo code of the conventional FA for

minimum optimization problems.

3. K-means algorithm combined FA

The clustering algorithm combined K-means algorithm

and the conventional FA has been proposed in 2011 by Mr.

Senthilnath et. al [1]. In this algorithm, the position vector

of firefly i xi is (c1, c2, ..., cK), that is, each firefly has the

places of all cluster centers. The attractiveness of each firefly

is defined by objective function (Eq. (7)). Numerical experi-

ments have indicated that this algorithm is more efficient al-

gorithm than K-means algorithm and other algorithms using

well known typical benchmark data sets.

Algorithm 2 shows pseudo code of K-means algorithm

combined FA.
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Algorithm 2 K-means algorithm combined FA

Initialize a population of fireflies xi(i = 1, 2, ..., Nf )
Initialize a cluster centers ck(k = 1, 2, ..., Nc)
Initialize a objects on(n = 1, 2, ..., No)
while t < MaxGeneration do

Each object is assigned the closest cluster center

calculate Ji(i = 1, 2, ..., Nf)
Light intensity Ii is determined by Ji
if Ii > Ij then

Move firefly i towards j
end if
Find the current best

end while
Postprocess results and visualization

4. K-means algorithm combined Improved FA

K-means algorithm sometimes converges to a local min-

imum from a starting position of the search. K-means algo-

rithm combined FA also has this disadvantage. Therefore, our

purpose of this study is to remove this disadvantage. In our

proposed algorithm, each firefly has their own value of α(0)
and we set all values of α(0) to 1.0 at the same time of initial-

izing a population of fireflies. In the case of a firefly i, if the

assignment of all objects does not change, the value of α(0)
of firefly i decreases. We define the minimum value of α(0)
is 0.0.

α(0)newi =

{
α(0)i − V , the assignment changes

α(0)i , otherwise
(8)

The parameter V is predefined certain value. In the case of

α(0) = 1.0, a firefly moves relatively randomly. This makes

the firefly easier to escape a local minimum. In the case of

α(0) = 0.0, a firefly does not move randomly, which makes

the firefly easier to converge.

5. Numerical Experiments

We compare the conventional K-means algorithm, K-

menas algorithm combined the conventional FA and our pro-

posed algorithm using simple model we defined.

We explain the simple model (see Fig. 1). We set the num-

ber of dimensions is 2, each dimension range is [0, 100], the

number of clusters is 6 and the number of objects is 120 (20
objects are belong to one cluster). Each ideal cluster center

is predefined at (30, 30), (70, 70), (10, 80), (90, 20), (50,

90) and (70, 70). Each object is re-generated around ideal

cluster center by simulate, the distances from the objects to

the allocated cluster centers are within 10. We set β0 = 1.0,

βmin = 0.1 and Nf = 20. Each numerical experiment is

run 300 and we compare success rate of each algorithm. The

0

100

100

1

2
3

4

5

6

20

20

Figure 1: simple modal we used
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Figure 2: Comparison of three algorithms using simple modal

success we defined is that all objects are assigned at correct

cluster.

Figure 2 shows numerical experimental results when the

parameter V = 0.1 We assume that our proposed algorithm

is more efficient algorithm than the other two algorithms. Our

proposed algorithm and K-means algorithm combined the

conventional FA are more efficient algorithm when the max-

imum number of iterations of algorithm is more than about

70. Our proposed algorithm is more efficient algorithm when

the maximum number of iterations of algorithm is more than

about 300.

Next, we focus on the parameter V . We set the value of

V to 0.1, 0.2 and 0.3 and compare success rate (see Fig. 3).

As increasing the parameter V , success rate goes up quickly

until the maximum number of iterations of algorithm is 100.

On the other hand, when the maximum number of iterations

of algorithm is from 500 to 700, we hard to determine which

value is better than others according to this graph. Therefore,
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Figure 3: Comparison of the parameter V

Table 1: The average, maximum and minimum values of suc-

cess rate from 500 to 700
value of V average maximum minimum

0.1 88.4 90.7 84.3
0.2 87.2 91.7 82.7
0.3 86.1 88.3 83.3
0.4 85.4 89.3 81.0

we summarize a average, miximum and minimum values of

success rate in Tab. 1. In the case of average and minimum

values, algorithm set V = 0.1 performs better. In the case of

maximum value, algorithm set V = 0.2 performs better. We

assume that V = 0.1 is the most suitable value.

Finally, we focus on the right time to decrease the param-

eter α(0). From here, we decrease the parameter α(0) when

the new assignment is the same as only the last assignment.

We change the right time to decrease the parameter α(0)
when the new assignment is the same as the last two, three

four or five assignment (see Fig 4). We assume that the right

time to decrease the parameter α(0) is when the new assign-

ment is the same as the last assignment. Success rates until

the maximum number of iterations of algorithm is about 100
are almost same. On the other hand, when maximum number

of iterations of algorithm is from 300, the case of only last

assignment obtains better result than the others.

6. Conclusion

In this study, we have proposed a new clustering algo-

rithm; K-means algorithm combined improved Firefly Algo-

rithm. In our proposed algorithm, one parameter is changed

when the assignment does not change. In our proposed al-

gorithm, at the beginning of the search, all fireflies move rel-

atively randomly. This mean firefly easy to escape from a

local minimum. As increasing iteration of algorithm, firefly
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Figure 4: Comparison of the right time to decrease the pa-

rameter α(0)

tend to converge. Numerical experiments have indicated that

our proposed algorithm is more efficient algorithm than other

two algorithms.

In future work, we try to improve our proposed algorithm

and apply more complex problems.
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