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Abstract—Heuristic methods are problem solving methods. 

In general, they obtain near-optimal solutions, and they do not 
take the care of provability of this case. The heuristic methods 
do not guarantee to obtain the optimal results; however, they 
guarantee to obtain near-optimal solutions in considerable 
time. In this paper, an application was performed by using 
firefly algorithm - one of the heuristic methods. The golden 
ratio was applied to different steps of firefly algorithm and 
different parameters of firefly algorithm to develop a new 
algorithm – called Firefly Algorithm with Golden Ratio 
(FAGR). It was shown that the golden ratio made firefly 
algorithm be superior to the firefly algorithm without golden 
ratio. At this aim, the developed algorithm was applied to 
WBCD database (breast cancer database) to cluster data 
obtained from breast cancer patients. The highest obtained 
success rate among all executions is 96% and the highest 
obtained average success rate in all executions is 94.5%. 

 
Index Terms—artificial Intelligence, heuristic algorithms, 

clustering algorithms. 

I. INTRODUCTION 

The heuristic methods are derived from natural 
phenomena to satisfy any aim or reach to any goal. It is not 
possible to prove analytically that heuristic algorithms 
obtain optimum results in each execution. That is, heuristic 
algorithms converge to near-optimal solutions however; 
they do not guarantee to obtain optimum solutions. The 
properties of heuristic algorithms such as understandability, 
capability of heuristic algorithm to apply to indefinable 
exact solution for optimization problems analytically, their 
simplicity with respect to other algorithms, and their 
capability to apply to machine learning make them 
preferable among algorithms. 

The meaning of optimization is the act of obtaining the 
best result under given circumstances. The optimization 
takes place in design, construction, and maintenance of any 
engineering system by taking some decisions at several 
stages of problem. In another way, optimization is to select a 
near-optimal or optimal solution in the alternative solutions. 
The optimization is the process of determining the 
conditions to obtain maximum or minimum. The 
optimization can be defined as the process of finding the 
conditions that give the maximum or minimum value of a 
function [1]. Any problem containing unknown parameter 
values under some constraints can be defined as 
optimization problems. 

An optimization problem can be defined as follow. 

Minimized or maximized (1) T
nxxxxxfz ),...,,(),( 21

z =f(x) is the optimized value. The optimization problem 

The constraints are inequality (gi(x)) and

may be subject to some constraints or not.  

 equality (hj(x)) 

 and                   (2) 

The domain intervals for parameters of firefly algorithm 
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The underlined phi ophy for r
of

ages of computational heuristic methods 
m

 the proposed methods are population-based 
co

Multi-point simulated annealing 
al

12], Artificial immune algorithm [13], Firefly algorithm [14-

los obustness and strongness 
 heuristic methods can be summarized as follows: It is 

easy to apply these methods to optimization problems of 
different decision variables, constraints, and objective 
functions. They do not depend on the type of solution space, 
the number of decision variables, and the number of 
constraints. The well-defined mathematical knowledge for 
modelling system and objective function of problems is not 
required. They have simple and easy to use computation 
power without excessive computation complexities. They 
have efficacious solutions to the high-scale combinatorial 
and nonlinear problems [2]. They do not require the 
assumptions that are hard to be approved to adapt a solution 
algorithm to a given problem as done in classical algorithm 
[2]. They can be adapted to solve different types of 
problems, on contrary, classical algorithms require alteration 
on the interested problem. Finally, most of the 
computational heuristics algorithms are inspired by a natural 
event/process. 

These advant
ade these methods are densely being used in many 

different fields such as computer engineering/science, 
bioinformatics, management science, engineering, etc. due 
to this case, so new versions of these methods have been 
proposed.  

Most of
mputational intelligence methods, that is, they begin to 

search the solution with multiple candidate solutions. These 
methods can be categorized as physical, biological, social, 
chemical, social-biological, biological-geography, music 
and hybrid versions.  

Physical based: 
gorithm [3], Gravitational search algorithm [4], 

Electromagnetism-like algorithm [5, 6], Big bang-big 
crunch algorithm [7]. Biological based: Genetic algorithms 
[8,9], Ant colony algorithm [10], Bee colony algorithm [11, 
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17], Saplings growing-up algorithm [18-23], Invasive weed 
optimization [24], Monkey search algorithm [25], Bacterial 
foraging algorithm [26], Cricket algorithm [27], 
Evolutionary Algorithms [28]. Social based: Multi-point 
tabu search algorithm [29], Imperialist competitive 
algorithm [30]. Chemical based: Artificial chemical reaction 
optimization algorithm [31], artificial atom algorithm [31-
33]. Social-Biological based: Particle swarm optimization 
[34, 35], Cat swarm optimization [36]. Biological-
Geography based: Biogeography-based algorithm [37]. 
Musical based: Harmony search algorithm [38]. Hybrid 
versions: Combining two or more computational heuristics 
algorithms [39]. 

II. FIREFLY ALGORITHM 

The Fi velo by the author Xin 
She Ya viour of the 
fla

ters at 
ni

per, 
w

ta-heuristic algorithm. In order to 
de

ess is proportional to their brightness), this 
m

jective function. 

wn in Algorithm 1 based 
on

m Yang studies. 

nt 
in

refly Algorithm was de ped 
ng and it was based on the idealized beha

shing characteristics of fireflies [16]. The interesting 
behaviours of fireflies such as short and rhythmic flashes 
can be thought as operators of computational intelligence 
methods. These flashes are used as a communication tools 
by fireflies. The rate of flashing, rhythmic flash and the 
amount of time form part of the signal system that brings 
both sexes together [14, 15]. Assume that the distance of 
light source is d then the light intensity obeys the inverse 
square law (proportional to 1/d2) [15]. In another word, the 
light intensity I decrease as the distance r increases.  

Besides, the combined factors make most fireflies visible 
for a limited distance such as several hundred me

ght, and this is enough for fireflies to communicate. 
The flashing light can be used for formulation of 

objective function to be optimized. In the rest of this pa
e will first outline the basic formulation of the Firefly 

Algorithm (FA) and then discuss the implementation as well 
as its analysis in detail.  

Yang idealized some of the flashing characteristics of 
fireflies to design a me

scribe Yang algorithm simply, the following three rules 
must be taken in care [14-16]: 

1) All fireflies are attracted by other fireflies (they are 
unisex). 

2) The brightness of light effect attractiveness 
(attractiven

eans that the firefly with less bright will move towards the 
brighter firefly. 

3) The brightness of a firefly is affected or determined by 
the type of the ob

The basic steps of the firefly algorithm (FA) can be 
summarized as the pseudo code sho

 the three rules given above [14, 15].  
The details about firefly algorithm can be given as follow 

and all this information were obtained fro
The light intensity I(r) varies according to the inverse 

square law, and the light emitted by fireflies has differe
tensity depending on distance. 

                          
2

)(
r

I
rI s    (4) 

ntensity at edium li
absorption coefficient γ affects the light intensity changes 

where I0 is the original light intensity. The light intensity 
af ness of lig

The distance computations among fireflies are based on 
i.e. any two flies i and j at xi and

re

where Is is the i the source. The m ght 

and  

                            
reII   (5) 0

fects the attractive ht seen by adjacent fireflies 
[14-16]. 

                             
2re      (6) 0

Euclidian distance, fire  xj, 
spectively, distance is [14, 15]. 
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The movement of a firefly i with less attractiv
attracted by a more attractive firefly j, and this is determined 
by

i f random numbers drawn from a 
form distribution or Gaussian distribution. Yang

eness is 

 equation [15, 16] 

   iij
r

ii xxexx ji     2
,

0      (8) 

where ε  is a vector  o
uni  used 
this information for designing Firefly Algorithm (as seen in 
Algorithm 1). 

Algorithm 1. Firefly Algorithm pseudo code 
Begin 
Objective function  f(x) ,       

2,…….Xd)
T X=(X1,X

Generate initial population of fir
Xi  (i=1,2,…..,n) 

eflies 

ion 

Light intensity  Ii at Xi is determined 
by  f(Xi) 
Define light absorption coefficient  γ 
 while    (t<Maxgeneration) 
    for i=1: n all  n  fireflies 

reflies        for j=1: i  all  n  fi
          if (Ii > Ij )  
Move firefly i towards j in d-dimens
via Levy flights 
         end if 
Attractiveness varies with distance  r 
via exp[-γr] 
Evaluate new solutions and update light 
intensity 
    end for   i 
   end for  j 
Rank the fireflies and find the current 
best 
end while  
Postprocess results and visulation 
End 

III.  GOLDEN RATIO  

Golden ratio is founded in morphological structures and 
shapes of m he most obvious 
ex

any alive and lifeless. T
amples of golden ratio are seen in the human body, 

leaves, tree branches, etc. The golden ratio in term of 
compliance and a numerical ratio of the geometric relation is 
a competent size in the mathematics and art. Any line can be 
divided in a point such that the ratio of small line segment 
over large line segment is equal to ratio of large line 
segment over whole line. Fig. 1 depicts this case [40]. 

Figure 1. Golden ratio in a line segment [40] 
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Fig. 1 depicts a line segment of length 1 divided into two 
pieces.  

or (9) 

equation (9) is 

)1/()/1( xxx   012  xx   

The positive root of 

56180339887.02/51 x . The ratio 

56180339887.12/51/1 x   

 
 

seen in Fig.2. Given an infinite number of nested rectangles 
created, and drawing several times squares in this rectangle 

equal to side of this squares 
co

Figure 2. Spirals of rectangles [40] 

 
If the short side of any rectangle over large side is equal

to golden ratio, this rectangle is called golden rectangle as

and a c rcle of radius is i
ncludes in golden spiral as seen in Fig.3.  

 
Figure 3. Golden rectangle and golden spiral 

IV. FAGR - DEVELOPED APPLICATION  

The data obtained from Wisconsin Diagnosis Breast 
Cancer Database was used in this study. The data obtained 

 in Table I.  

TABLE BTAINED 

from database were formatted as seen

 I. THE REPRESENTATION OF KNOWLEDGE O
FROM DATABASE 

1000025 5 1 1 1 2 1 3 1 1 2 

1002945 5 4 4 5 7 10 3 2 1 2 

1015425 3 1 1 1 2 2 3 1 1 2 

1016277 6 8 8 1 3 4 3 7 1 2 

1017023 4 1 1 3 2 1 3 1 1 2 

1017122 2 1 2 1 2 1 3 1 1 4 

1018099 4 2 1 1 2 1 2 1 1 2 

The first column in Table I represents the code number, 
the last col th  benign or 
malignant w an r is benign 
and the val  tum  ignant. The 
database co d ion of this 
da

BLE II. PRE-PROCESSED DATA IN DATABASE 

umn represents whe er tumour is
here the value 2 me s that tumou
ue 4 m
ntains 7

eans t
00

h
ples an

at our i
 a

s
ttle p

mal
ort tu  li

tabase contains N/A attributes. These tuples were 
removed and the remaining 578 tuples were used for 
training and 100 tuples were used for test. The code number 
is just a number and it was not used in the clustering 

process. The process is not classification; it is a clustering 
process. 

The attributes are the clump thickness, the uniformity of 
cell sizes, and uniformity of cell shapes, marginal adhesion, 
single epithelial cell size, bare nuclei, blend chromatin, 
normal nucleoli, and the mitoses (in Table II). 

TA

5 1 1 1 2 1 3 1 1 

5 4 4 5 7 10 3 2 1 

3 1 1 1 2 2 3 1 1 

6 8 8 1 3 4 3 7 1 

4 1 1 3 2 1 3 1 1 

2 1 2 1 2 1 3 1 1 

4 2 1 1 2 1 2 1 1 
 
There are 20 fi t r 0 ch firefly was 

represented by a i ns, because 
database contain n e t of developed 
software is matr    esents the best 
results. Each firefly wa each tuple of 
da base and a total error value was obtained. The aim is to 
m

reflies ( he e 2  matrices). Ea
matr x of sizes 9 colum

s 
ix

in
of

 a
siz

ttri
es

bute
1x9

s. T
, an

he
d 

 ou
it r

tpu
epr

s compared with 
ta
inimize this error. The obtained best attribute values 

constitute the best matrix such as in Table III and Fig.4. 

TABLE III. REPRESENTATION OF THE BEST MATRIX 

best 
(1,1) 

best 
(1,2) 

best 
(1,3) 

. . . . . best 
(1,9) 

 
The Manhattan distances between the best matrix values 

obta ata 
rema ces. 
The t  d ined by using this difference

e 
 

ined by using developed firefly algorithm and the d
r determinin nined for test are computed fo g differe

n clus er are eterm s. 

Figure 4. Determining clusters by using the best matrix.Figure  
 

m1, m2,...mn values represent the differences (Manhattan 
distances) between the best matrix values and corresponding 
data remained for test process, and these differences ar
used for determining cluster values. mi=|best(1,i)-value of
attribute i| 

for i1,2,...,n 
 for k1,2,...,9 
 

mi = ∑ | (best(1,k)-(value of attributei,k) 
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A.  Process of Developed Method 

The differences between initial population and training 
data a mation for any solution gives the 
error lution. These differences are 
Manh tan distances. The differences between training data 
and solu differences 

med up to obtain total 

f

re obtained. The sum
for the corresponding so
at

tion individuals are computed, and the 
for candidate solutions are sum
difference (Fig.5). 

or k1,2,…,20 
      for m1,2,…,9 
        
diffrences(k,m)=(|population(k,m)-
training(:,m)|) 

   
Figure 5. Diffrences of population values and training values 

 
The above process is for finding the difference matrix 

(sumofdiffrences) between population and training data (in 
Table IV). 

for k1,2,…,20 
     sumofdiffrences(1,k)= 
(diffrences(k,:)) 

TABLE IV. DIFFRENCES MATRICE 

diffrence(1,1) diffrence(1,2) . . . diffrence(1,9)

diff diffrence(2,9)rence(2,1) diffrence(2,2) . . . 

. . . . . . 

. . . . . . 

d d diffrence(20,1) iffrence(20,2) . . . iffrence(20,9)
 

 
 (diffren k,

 
If there is a total difference for each candidate solution, 

there will be 20 summed up differences (in Table V). 

difference(1,:) differenc difference(20,:) 

∑ ce( :) 

TABLE V. SUM OF DIFFRENCES MATRICE 

Sum of Sum of . Sum of 
e(2,:) 

. . 

 
These differences constitute the difference matrix 

(sumofdiffrences). So, the difference of each firefly was 

obtain
1,2,

m

             r(k,m)=sqrt((sumofdiffrences 

(1,k)- sumofdiffrences (1,m)).^2) 

ed in this way.  
for k

      for 

…,20 

1,2,…,20 

r is an Euclidean distances amongst fireflies and these 
distances were assigned to r matrix.  

for k1,2,…,20 

= (r(k,:))     sumofr(1,k)

This code computes all distances between a specif
irefly and the remaining fireflies, the obtain
ssigned to sumofr matrix. The light in

ic 
f ed summand 

fo

  

a tensity and 
attractiveness were computed by using values in sumofr 
matrix. 

r k1,2,…,20 

  i(1,k)= i0*(exp(-

gamma*sumofr(1,k)/1000000))      

The matrix i is the matrix of light intensity, and the 
normalization was obtained by dividing all values to 

1000000, because the limit of reII   closes to zero. 0

The norm ne in an interval as done in 
this pape

for

  b

alization must be do
r. 
 k1,2,…,20 

eta(1,k)=beta0*( exp(-

gamma*((sumofr(1,k)/1000000).^2))) 

The normalization was handle ame way, while 
computing attractiveness. 

After all these computation, next generation for candidate 
solution is o

d in the s

btained by using Eq.8.  
Th s are re-computed by using this 

new he best matrix is also 
re-co ination 
crite he best 
m

T lues were used in 
the remainin alues 
wer mum 
valu d as 
minimum v
subs m 
valu he 
pop matrix. The 
su

e Manhattan distance
population (next generation) and t
mputed. These steps are repeated until a term

rion is met. When algorithm is terminated, t
atrix represents the solution.  

he attractiveness and light intensity va
g steps of firefly algorithm.  The solution v

e computed and inserted into population. The mini
 in th matrix was regardee e sumofdiffrences 

alue, and if fewer values were obtained in the 
equent ew minimu

lution in t
steps, this value was regarded as n

e. This minimum value depicts the so
ulation. This value is a part of best 

bsequent steps demonstrated the result of each execution.  
Success rate is an accuracy value percentage for clustering 
of this data set. 

Attractiveness evaluate steps in firefly 
algorithm 
 
for  j=1:i all n fireflies  
 if(Ij > Ii) 
   Move firefly i towards j in  
         d-dimension via Levy flights 
 end if  

Attractiveness varies with distance 

 intensity           

r  via exp[-γr]  
      Evaluate new solutions and update 
     Light 
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Firefly Algorithm (FA) includes the parameters such as α, 
β, γ and i0. α, β and i0 are in closed interval [0,1]; γ is in 
semi-closed interval [0, ∞).  

The proposed method obtained the best results when 
parameters in [0, 1] have fractional part of golden ratio 
(0.618). Due to γ is in interval [0, ∞), the best result is 
obtained for γ = 2.1. Although this case, in the closed 
interval [0, 1], the best result was obtained for γ =0.618. 

were illustrated in Table VI for 
ra

(1
acy 

Ff1:  The golden ratio was not applied in this case, so all 
parameters are equal to 1. gamma=1, beta0=1, alpha=1 and 
i0=1, the results of execution 

ndom initial population.  

TABLE VI. RESULTS OF FF1 

 
best best best best best best best best best Accur

,1) (1,2) (1,3) (1,4) (1,5) (1,6) (1,7) (1,8) (1,9) rate (%) 
8 7 7 8 7 8 7 8 7 95 
1 2 1 1 2 1 2 2 1 93 
8 8 8 8 8 8 8 8 8 95 
1 2 3 1 3 2 1 3 1 91 
3 2 2 2 2 2 3 3 2 91 
6 6 8 94 8 6 8 6 7 6 
1 1 1  94 1 3 1 3 1 3
1 3 3 1 3 1 3 3 1 94 
8 8 8 9 9 8 8 9 9 94 
6 6 6 8 6 8 6 8 6 93 

          Av e=93,4                erag

The cont t of the t m x  as llow after
p o f1.

8 7 7  7 8 7 

en bes atri  is  fo  the first 
ste f F   

8 7 8

Som  Manhat n tan s are s  i Tab 7 by 
lying t re lts  t  step. By th wa when 
h a  an s for all test d , th luster 

f each t t data can also be determ

VALUES FOR FF1 EXPERIMENT1 

a at att. att. att. att. att. att. 

e ta dis ce een n le 
app he su of his is y, 
Man att n  are bta
o es ined. 

dist ce ata  o ined e c

TABLE VII. FOR AN EXAMPLE MANHATTAN DISTANCE 

att. 
1 2 3 4 5 6 7 8 9 

j tt. t.   m

8 4 4 5 4 7 7 8 2 18 
5 4 5 1 8 1 3 6 1 35 
3 3 2 6 3 3 3 5 1 38 
3 1 1 3 8 1 5 8 1 38 
5 1 2 10 4 5 2 1 1 40 
5 2 2 2 2 2 3 2 2 45 
5 3 6 1 2 1 1 1 1 46 
6 8 1 12 7 8 6 8 8 9 
6 8 7 5 6 8 8 9 2 14 
10    14 5 6 10 6 10 7 7 10
8 10     10 10 5 10 8 10 6 16 
8 10   10 8 7 10 9 7 1 17 
8 10    10 8 6 9 3 10 10 17 
6 10      10 10 8 10 10 10 7 18 

The anh an ances for o s  are disti sh e 
e pt me ror s se  in ble II. T s d cts t 
th best matr ned  us  FA can ster data in a 
b r w .  

f2: e g en io s ap d gamma pa eter of 
firefly algorithm at this erim t, and the fractional
of go   s lecte fo am  param . 
gamma=0.618, beta0=1, alpha=1 and i0=1, the results of 
ex

rameters of Firefly algorithm were determined 
ra

. gamma=0.95. gamma=0.95, beta0=1, alpha=1 
an

and i0=1, the results of 
ex

a=2.1, beta =1, alpha=1 
an

Ff1 Ff2 Ff3 Ff4 Ff5 Ff6 

M att dist  tw ets ngui abl
xce so er s a en Ta  V hi epi  tha
e ix obtai  by ing clu

ette ay
F  Th old  rat wa plie to ram

exp en  part 
lden ratio wa se d r g ma eter

ecution were illustrated in Table VII for random initial 
population.  

Ff3: The golden ratio was not applied in this experiment; 
that is, all pa

ndomly, i.e. gamma=0.2. gamma=0.2, beta0=1, alpha=1 
and i0=1, the results of execution were illustrated in Table 
VII for random initial population.  

Ff4: The golden ratio was not applied in this experiment; 
that is, all parameters of Firefly algorithm were determined 
randomly, i.e

d i0=1, the results of execution were illustrated in Table 
VII for random initial population. 

Ff5: The parameter gamma of Firefly algorithm was 
selected as golden ratio such as gamma=1.618. 
gamma=1.618, beta0=1, alpha=1 

ecution were illustrated in Table VII for random initial 
population.  

Ff6: The golden ratio was not applied in this experiment; 
that is, all parameters of Firefly algorithm were determined 
randomly, i.e. gamma=2.1. gamm 0

d i0=1, the results of execution were illustrated in Table 
VIII for random initial population.  

TABLE VIII. SUCCESS RATES 

 
Experiment1 %95 %95 %95 %95 %92 %96 
Experiment2 %93 %92 %95 %88 %95 %96 
Experiment3 %95 %93 %85 %93 %95 %94 
Experiment4 %91 %95 %91 %93 %93 %94 
Experiment5 %91 %95 %85 %92 %90 %93 
Experiment6 %94 %93 %89 %94 %96 %95 
Experiment7 %94 %95 %85 %95 %93 %93 
Experiment8 %94 %92 %95 %95 %95 %96 
Experiment9 %94 %95 %95 %89 %92 %94 
Experiment10 %93 %95 %95 %91 %96 %95 
Average %93,4 %94 %91 %92,5 %93,7 %94,6 

 
The gamma e n ed mi d 

i ) si or l rith ue is 
c ion  t rg a  e ion or 
g   

cu  1 , a  are n re 
c an ee t a t tai e st 
v gamm lo t 0, r  
is action part of golden ratio (Fig. 6).  

param ter ca be determin in se -close
nterval [0, ∞ by de gner f  firef y algo m. D  to th
ase, execut  got he la est v lue in xecut  6 f
amma= 2.1.

While exe tions , 2, 3 4, 5, nd 6  take in ca
arefully, it c  be s n tha lgori hm ob ned th highe
alue for a=0.618 in c sed in erval [ 1] whe e 0.618
fr
The success rate appears to decrease immediately while 

gamma value goes far away from the fraction part of golden 
ratio 0.618. 

 
Figure 6. The figure of success rates  
 

The effects of changes of the second parameter can be 
seen in the following four experimental results. 

Ff7: The parameters beta and gamma were selected as 
fractional part of golden ratio. gamma=0.618, beta0=0.618, 
alpha=1 and i0=1, the results of execution were illustrated in 
Table VIII for random initial population.  
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Ff8: The value of gamma parameter was selected as 
fractional part of golden ratio and beta was selected as 0.2. 
Gamma=0.618, beta0=0.2, alpha=1 and i0=1, the results of 
execution were illustrated in Table VIII for random initial 
population.  

Ff9: At this experiment, gamma were selected as 
fractional part of golden ratio and beta as golden ratio. 
Gamma=0.618, beta0=1.618, alpha=1 and i0=1, the results o

Table VIII for random initia

ted different 
fr

f 
l execution were illustrated in 

opulation. p
Ff10: At this experiment, gamma was selected as 

fractional part of golden ratio and beta was selec
om golden ratio. Gamma=0.618, beta0=3, alpha=1 and 

i0=1, the results of execution were illustrated in Table IX for 
random initial population.  

TABLE IX. SUCCESS RATES 

 Ff7 Ff8 Ff9 Ff10 

Experiment1 %95 %94 %93 %93 

Experiment2 %95 %94 %94 %95 

Experiment3 %94 %94 %91 %90 

Experiment4 %92 %95 %92 %95 

Experiment5 %93 %93 %96 %93 

Experiment6 %94 %92 %90 %90 

Experiment7 %95 %93 %95 %95 

Experiment8 %94 %94 %91 %95 

Experiment9 %93 %92 %94 %91 

Experiment10 %95 %93 %94 %95 

Average %94 %93,4 %93 %93,2 

 
The su rate reached the est  for ions 

7, 8 n case of bet .618 is va the 
frac  ra g. 7)

 

ccess  high value execut
, 9 and 10 i
tion of golden

a0=0
.  

. Th lue is 
tio (Fi

 
Figur

 
f11: The three parameters gamma, beta and alpha were 

sel

ed in Table IX for random 
in al population. 

Ff12: The gamma and beta were selected as the fractional 
part of golden ratio and alpha as 0.25. Gamma=0.618, 
beta0=0.618, alpha=0.25 and i0=1; the results of execution 
were illustrated in Table IX for random initial population.  

Ff13: The gamma and beta were selected as the fractional 
part of golden ratio and alpha as 0.88. Gamma=0.618, 
beta0=0.618, alpha=0.88 and i0=1, the results of execution 
were illustrated in Table X for random initial population. 

TABLE X. SUCCESS RATES 

 Ff11 Ff12 Ff13 

Experiment1 %95 %90 %92 

Experiment2 %93 %92 %94 

Experiment3 %95 %88 %95 

Experiment4 %94 %80 %95 

Experiment5 %92 %82 %95 

e 7. Figure of success rates 

F
ected as the fractional part of golden ratio. 

Gamma=0.618, beta0=0.618, alpha=0.618 and i0=1, the 
results of execution were illustrat

iti

Experiment6 %94 %84 %90 

Experiment7 %94 %84 %95 

Experiment8 %94 %83 %94 

Experiment9 %95 %84 %91 

Experiment10 %95 %86 %94 

Average %94,1 %85,3 %93,5 

 
The success rate reached the highest value in executions 

11, 12 and 13 for alpha=0.618 and execution 11. This case is 
illustrated in Fig. 8.  

 

 
Figure 8. cces
 

Ff14 a, b pha a as the 
fractio lde . Ga 0.618 0=0.618, 
alpha= =0.6 he r  of ex n were 
illustra  fo om i popula

Ff15 a, b nd a ere selected as the 
fractio lde , an as selected different 
from g uch . Ga 0.618 0=0.618, 
alpha= 0=0 e re of ex n were 
illustr  fo om i popula

Ff16: ma, d a ere  
fractional golden 0 lected different 
from

rates for executions 14,15 and 16 are 
investigated in care, the success rate reached the better value 
for execution 14 and parameter i0=0.618 (Fig. 9). 

TABLE XI. SUCCESS RATES 

 Ff14 Ff15 Ff16 

 The figure of su s rates  

: The gamm eta, al nd i  were selected 0

mma=nal part of go n ratio , beta
0.618 and i0 18, t esults ecutio
ted in Table X r rand nitial tion. 
: The gamm

nal part of go
eta a

n ratio
lpha w
d i  w0

mma=olden ratio s as 0.2 , beta
0.618 and i .2, th sults ecutio

ated in Table X r rand nitial tion. 
The gam
 part of 

beta an
ratio

lpha w
d i  was se

selected as the
, an
. Gam golden ratio such as 0.9 ma=0.618, beta0=0.618, 

alpha=0.618 and i0=0.9, the results of execution were 
illustrated in Table XI for random initial population.  

When the success 

Experiment1 %93 %94 %94 
Experiment2 %95 %90 %92 
Experiment3 %92 %93 %91 
Experiment4 %95 %95 %94 
Experiment5 %93 %94 %93 
Experiment6 %94 %91 %96 
Experiment7 %94 %95 %95 
Experiment8 %96 %91 %93 
Experiment9 %94 %94 %91 

Experiment10 %94 %95 %91 
Average %94 %93,2 %93 
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Figure 9. The figure of success rates 
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When ied, st so  will ed in 
shorter tter success rate. The euristic 
algorith tack cal s  or d ed from 
the best s apling ing orith  get rid 
of these problems by using uniform initial population [18-
23]. 

TABLE XII. GENERATING INITIAL POPULATION FOR 

SAPLING GROWING-UP ALGORITHM 

Min1 
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Min2 Min3  Min4 

L1+(u1-l1)*r L1+(u1-l1)*r L1 +(u1-l1)*r  L1 +(u1-l1)*(1-r) 

L +(u -l )*r 1 1 1 L1 1 1+(u -l )*r L1 +(u1-l1)*(1-r) L1 +(u1-l1)*r 
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(in Table XIII). 

 trainin  
Ui represent upper bound values in the training data. When 

popula is creat  using minimum  
maximum values, the convergence to optimal or near-
op

he initial populations for executions 17, 18, 19, 
20, 21, 22, and 23 are uniform initial populations. 

uniform initial popul as seen in Sapling 
Growing-up Algorithm.  

The m m a m val for h a ute 
wer e in b s in bas e gest 
valu  l  was a  value and 
the e lue in a co n i s um 
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0 , 
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population method as seen in Sapling 
Gr
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va

 using uniform initial 
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y using 
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w

           Group1      

 
   Group2      oup3                  G

Each group is multiplied by r or (1-r) an itial firefly

size 20 was generated and each firefly c ns 9 attributes

Li represent lower bound values in the g data and

initial tion ed by  and

timal value will be better.  
New x matrices were obtained in this manner. The 

subsequent executions used uniform initial population as in 
Sapling Growing-up Algorithm.  

The obtained results will be given in the following 
executions. T

Ff17: The initial population was generated by using 
ation method 

axi
term
a co
r va

um 
ed 

umn

nd 
y u

inim
ing d
determined as m
lum

um 
ata 

 was 
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data

term

 eac
e. Th
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d a

ttrib
lar
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e d
e in
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xim
nede mi

lue for corresponding attrib e.   ut
gamma=0.618, beta0=0.618, alpha=0.618 and i =0.618
iti
pulation technique as in Sapling Growing-up Algorithm, 

and results were illustrated in Table XIII. 
Ff18: The initial population was generated by using 

uniform initial 
owing-up Algorithm.  
The maximum and minimum values for each attribute 

were determined by using data in database. The largest 
value in a column was determined as maximum value and 
the lower value in a column

lue for corresponding attribute.   
gamma=0.1, beta0=0.1, alpha=0.1 and i0=0.1, initial 

population was generated by
pulation technique as in Sapling Growing-up Algorithm, 

and results were illustrated in Table XIII. 
Ff19:   The initial population was generated b
iform initial population method as seen in Sapling 

Growing-up Algorithm.  
The maximum and m

ere determined by using data in database. The largest 
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value in a column was determined as maximum value and 
the lower value in a column was determined as minimum 
value for corresponding attribute.  

gamma=0.4, beta0=0.4, alpha=0.4 and i =0.4, initial 
po

nerated by using 
un

inimum values for each attribute 
w

0.85 and i0=0.85, initial 
po

0

pulation was generated by using uniform initial 
population technique as in Sapling Growing-up Algorithm, 
and results were illustrated in Table XIII. 

Ff20:  The initial population was ge
iform initial population method as seen in Sapling 

Growing-up Algorithm.  
The maximum and m

ere determined by using data in database. The largest 
value in a column was determined as maximum value and 
the lower value in a column was determined as minimum 
value for corresponding attribute.  

gamma=0.85, beta0=0.85, alpha=
pulation was generated by using uniform initial 

population technique as in Sapling Growing-up Algorithm, 
and results were illustrated in Table XIV.  

TABLE XIV. SUCCESS RATES 

 Ff17 Ff18 Ff19 Ff20 

Experiment1 %95 %84 %91 %93 

Experiment2 %95 %82 %89 %90 

Experiment3 %94 %89 %89 %95 

Experiment4 %95 %91 %84 %94 

Experiment5 %95 %85 %88 %90 

Experiment6 %95 %89 %84 %92 

Experiment7 %96 %89 %86 %95 

Experiment8 %95 %84 %84 %95 

Experiment9 %95 %89 %77 %95 

Experiment10 %94 %77 %89 %93 

Average %94,9 %85,9 %86,1 %93,2 

 
When results of executions 17, 18, 19 and 20 were 

investigated carefully, all parameter values are 0.618 and the 
better success rate was obtained in execution 17 (Fig. 10).  
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co mn was determined as maximum value and the lower 
value in a column was determined as minimum value for 
corresponding attribute.  

gamma=0.618, beta0=0.618, alpha=0.618 and i0=0.618, 
initial population was generated by using uniform initial 
population technique as in Sapling Growing-up Algorithm, 
and results were illustrated in Table XIV. 

Ff22: The initial population was generated by using 
uniform initial population method as seen in Sapling 
Growing-up Algorithm.  

inimum values for all attributes were 
e ed by using data in database. The largest value in a 

as

 Th
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The in ulat on was genera d by 
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The maximum and minimum values for all attributes were 

determined by using data in database. The largest value in a
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population w
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and results 

Ff23:
uniform 
Growing-up Algorithm.  

The maximum and minimum values for all attributes were 
de

 determined as maximum value and the lower 
lumn was determined as minimum value for 
 attribute.  

.3, beta0=0.3, alpha=0.3 and i0=0.3, initial 
as generated by using uniform initial 
hnique as in Sapling Growing-up Algorithm, 

were illustrated in Table XIV. 
e initial population was generated by using 

itial population method as seen in Sapling 

termined by using data in database. The largest value in a 
column was determined as maximum value and the lower 
value in a column was determined as minimum value for 
corresponding attribute.  

gamma=0.9, beta0=0.9, alpha=0.9 and i0=0.9, initial 
population was generated by using uniform initial 
population technique as in Sapling Growing-up Algorithm, 
and results were illustrated in Table XV and Fig. 11. 

TABLE XV. SUCCESS RATES 

 Ff21 Ff22 Ff23 

Experiment1 %93 %89 %92 

Experiment2 %93 %84 %93 

Experiment3 %95 %81 %93 

Experiment4 %95 %89 %93 

Experiment5 %95 %84 %89 

Experiment6 %93 %82 %95 

Experiment7 %94 %89 %94 

Experiment8 %95 %89 %87 

Experiment9 %90 %85 %95 

Experiment10 %92 %86 %94 

Average %93,5 %85,8 %92,5 

Figure 11. The success rates 
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V. CONCLUSIONS 

In this study, the firefly algorithm was applied to 
clustering problems successfully. There is only one study 
about firefly algorithm and golden ratio. In this study [41], 
th

. This 
means that dx = |x -x | /φ.   

There is not rithm and 
golden ratio. In is respec stud l sh ht on this 
matter str tab sed i  stu s used in 
many othe e m s and ob lts can be 
given as f eve e studies classified the data 
in the d cl d t ta t using 
“benign, m
 The stu arti neu two pplied to 

this dat d s ra 0%. ever, 35 
tuples we rai es d for 
testing. ata ata [42]. 

 In anoth tifi eura wo u
Perceptr B Fun Ne  Se
Organiz Ma ect an Le
methods w lied  d  a  success 

.18%, .5 a .7 ivel
base were used in this study [43]

 The Near e Bayes Classifier,

Alataş, ”ACROA: Artificial Chemical Reaction Optimization 

, Heidelberg, Advances in 

3/A: 1022452626305. 

, Applied Intelligence, vol 37, no. 3, pp. 405-419, 2012, 
doi: 10.1007/s10489-011-0335-7. 

[9] H. Xing, R. Qu, “A com ithm for the network coding 

e Cartesian distance between the best firefly and the worst 
firefly was divided to inverse of golden ratio, and a dx value 
was obtained and this value was used in this study. dx is the 
ratio of difference between two points and value of 

i j

 any other study about firefly algo
 th t, the y wil ed lig

ucture. The da ase u n this dy wa
r studies. Th
ollows. How

ethod
r, thes

tained resu

atabase. We ustere he da withou
alignant”. 

dy involved ficial ral ne rks a
abase obtaine succes te 10  How

re used for t
In total, they use

ning and 3
d 69 d

4 tupl
instead of

 were use
 699 d

er study, Ar cial N l Net rks, M ltilayer 
lf-

based resource minimization problem”, Applied Intelligence, vol 36, 
no. 4, pp. 809-823, 2011, doi:10.1007/s10489-011-0298-8. 

[10] J. Rivero, D. Coadra, J. Calle, P. Isasi, “Using the ACO algorithm for 
path se

on, Radial asis ction tworks,
ing Feature ps, V or Qu tized arning 

y. 

arches in social networks”, Applied Intelligence, vol 36, no. 4, 
pp. 899-917, 2011, doi: 10.1007/s10489-011-0304-1. 

[11] D. Karaboğa, B. Baştürk, “A powerful and efficient algorithm for 
numerical function optimization: Artificial bee colony (ABC) 

ere app to this
98

atabase
nd 96

nd the
% respectrates are 95.74%, 96

341 tuples in this data . 
 

a

est Neighbour Method, Naiv
Back Propagation Neural Networks and Support Vector 
Machine were applied to this database and obtained results 
are 96.36%, 95.60%, 96.09% and 96.56% respectively 
[44]. 

 Principal Component Analysis Fuzzy Neural Networks 
and (PCA-FNN) and Principal  Component Analysis 
Artificial Neural Networks (PCA-ANN) were applied to 
this database and obtained success rates are 95.3% and 
97.2% respectively [45]. 
Most of meta-heuristic methods have parameters and the 

values of these parameters are determined randomly in 
general. The golden ratio can be applied to most of these 
parameters. For this purpose, the golden ratio application to 
these parameters is an open problem.  

The golden ratio was applied to parameters of firefly 
algorithm and the satisfaction results were obtained. The 
initial population is generated randomly in the most of the 
heuristic algorithms.  

Another important contribution of this paper is to 
generate initial population for firefly algorithm by using 
uniform initial population method and this population made 
success rate be better.  

The best obtained results were obtained in the execution 
17 which contains effect of golden ratio and uniform initial 
population. 
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