
A New Hybrid Algorithm Based on Firefly Algorithm and Cellular 
Learning Automata     

Abstract: In this paper, a new evolutionary optimization 
model, called CLA-FA, is proposed. This new model is a 
combination of a model called cellular learning automata 
(CLA) and the Firefly Algorithm (FA). In the proposed 
algorithm, at first we modify the firefly algorithm to 
improve the efficiency of this algorithm then we use this 
algorithm with CLA. in the proposed algorithm, each 
dimension of search space is assigned to one cell of 
cellular learning  automata and in each cell a swarm of 
fireflies are located which have the optimization duty of 
that specific dimension. The learning automata in each 
cell are responsible for making diversity in fireflies 
swarm of that dimension and adapting the FA parameters 
for equivalence between global search and local search 
processes. In order to evaluate the proposed algorithm, 
we used five well known benchmark function, including: 
Sphere, Ackly Rastrigin, Xin-she yang   and Step 
functions in 10, 20 and 30 dimensional spaces. The 
experimental results show that our proposed method can 
be effective to find the global optima and can improve the 
global search and the exploration rate of the standard 
firefly algorithm.  

Keywords: Firefly algorithm, Cellular learning automata, 
Optimization, Global search, Local search. 

1. Introduction 

Collective intelligence is a type of artificial intelligence 
that based on collective behavior of agents in 
decentralized and self-organized systems. These systems 
are usually organized from simple agents that cooperate 
locally with other elements and environments. However, 
there is not any centralized mechanism on agents 
behavior. So, nature inspired metaheuristic algorithms are 
becoming more powerful algorithms for solving 
optimization problems [1-5]. 
   There are different methods for optimization. Particle 
Swarm Optimization (PSO) [6], Ant Colony 
Optimization (ACO) [7], Artificial Fish Swarm 
Algorithm (AFSA) [8] and Bee Colony [9] are the most 
well-known algorithms have ever been proposed for 
optimization. By idealizing some of the flashing 

characteristics of the fireflies, Firefly Algorithm was 
recently introduced by XIN-SHE YANG at Cambridge 
University [10]. This swarm intelligence optimization 
technique is based on the assumption that solution of an 
optimization problem can be shown as a firefly which 
glows proportionally to its quality in a considered 
problem setting. Consequently, each brighter firefly 
attracts its partners, which makes the search space being 
explored efficiently. Yang used the FA for nonlinear 
design problems [11] and multimodal optimization 
problems [12] and showed the efficiency of the FA for 
finding global optima in two dimensional environments. 
YANG also introduced a new version of FA (Levy FA), 
which combined Levy flight with the search strategy via 
the firefly for improving the randomization of FA [13]. 
Discrete firefly algorithm also introduced recently by 
SAYADI [14].  
      In [15], Cellular learning automata (CLA) which a 
combination of the cellular automata (CA) and learning 
automata (LAs) is introduced. This model is superior to 
CA because of its ability to learn and also is superior to 
single LA because it is a collection of LAs, which can 
interact with each other toward solving a particular 
problem. The basic idea of CLA, which is super class of 
stochastic CA, is to use learning automata to adjust the 
state transition probability of stochastic CA. 
In this paper, at first we proposed a new modify of firefly 
algorithm and then a new algorithm called CLA-FA is 
proposed in that with use of CLA the efficiency of FA 
was improved. In the proposed algorithm, a cell of CLA 
is assigned to each dimension of problem space that has a 
population of fireflies. Each population has the 
responsibility of optimizing one dimension. Available 
learning automata in each cell is controlling the 
parameter of firefly of that cell and avoiding of premature 
convergence. Each learning automata by using the 
experiences of neighbor cells determines its form of cell's 
fireflies movement.  
       The rest of the paper is organized as follows: Section 
2 describes the Firefly Algorithm and the new modify 
algorithm. Section 3 gives a brief detail of learning 
automat and cellular learning automata Section 4 gives a 
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detailed description of the proposed method. The 
experimental results are discussed in Section 5, and 
Section 6 concludes the paper. 

2.        Cellular Automata and Cellular Learning 
Automata 

2.1 Cellular Automata 
      Cellular Automata (CA) are discrete dynamic systems 
whose behavior is completely based on Local relations. A 
cellular automaton consists of a grid of cells; each of 
them is in one of the finite number of states. In CA, the 
time is also discrete, and the state of a cell is a function of 
the previous states of its neighbor cells. A uniform rule is 
applied to each cell and its neighbours and each time it is 
applied, the new states of cells are generated [16]. 

2.2 Cellular Learning Automata 
      The Cellular Learning Automaton (CLA) is a 
mathematical model for modeling dynamics of a complex 
system which consists of a large number of simple 
components. In fact a cellular learning automaton is a CA 
in which every cell is equipped with at least one learning 
automaton. The Learning Automaton (LA) has a finite set 
of actions and its goal is to learn which action in this set 
is the optimal action. Like CA, there is a uniform local 
rule applied to the cells and based on this rule the selected 
action gets a reward or a penalty. If the learning 
algorithm is chosen properly, the iterative process of 
interacting with the environment can result in selection of 
the optima action in every cell [15].  

3.       Firefly Algorithm  

3.1     Standard Firefly Algorithm 
   Fireflies are one of the most special creatures in nature. 
Most of fireflies produced short and rhythmic flashes and 
have different flashing behavior. Fireflies use these 
flashes for communication and attracting the potential 
prey. YANG used this behavior of fireflies and 
introduced Firefly Algorithm in 2008 [10].  
     In Firefly algorithm, there are three idealized rules:   
1) All fireflies are unisex. So, one firefly will be attracted 
to other fireflies regardless of their sex; 2) Attractiveness 
is proportional to their brightness. Thus, for any two 
flashing fireflies, the less brighter one will move towards 
the brighter one. The attractiveness is proportional to the 
brightness and they both decrease as their distance 
increases. If there is no brighter one than a particular 
firefly, it will move randomly; 3) The brightness of a 
firefly is affected or determined by the landscape of the 
objective function. For a maximization problem, the 
brightness can simply be proportional to the value of the 
objective function [10]. The pseudo code of these three 
rules can be shown as Fig. 1.     

In the standard firefly algorithm, each firefly in each 
compared with all other fireflies and the less brighter 
firefly moves toward the brighter one (in the 
maximization optimization).  In the FA there are two 
important issues for variation of light intensity and the 
formulation of the attractiveness. For simplicity, it s 

assumed that the attractiveness of a firefly is determined 
by its brightness which associated with the objective 
function of the optimization problem. Since a firefly s 
attractiveness is proportional to the light intensity seen by 
adjacent fireflies, we can now define the attractiveness of 
a firefly by:   
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is the attractiveness at r = 0 and 

 

is the light 

absorption coefficient at the source. It should be noted 
that the ri,j which is described by equation 2,   is the 
Cartesian distance between  any two fireflies i and j at xi 

and xj, where, xi and xj are the spatial coordinate of the 
fireflies i and j, respectively.  
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  The movement of a Firefly i, which is attracted to 
another more attractive Firefly j is determined by:     
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where, the second term is the attraction while the third 
term is  randomization including randomization 
parameter 

 

and the random number generator rand 
which its numbers are uniformly distributed in interval 
[0, 1].  
For the most cases of implementations, 0 = 1 and  

 

[0, 1].  The parameter  characterizes the variation of the 
attractiveness and its value is important to determine the 
speed of the convergence and how the FA behaves. In the 
most applications, it typically varies from 0.01 to 100.   

Firefly algorithm 
Initialize algorithm parameters: 
MaxGen: the maximum number of generations 
Objective function of f(x), where x=(x1,........,xd)T 
Generate initial population of fireflies or xi (i=1, 2,..., n) 
Define light intensity of Ii at xi via f (xi) 
While (t<MaxGen) 
         For i = 1 to n (all n fireflies); 
               For j=1 to n (all n fireflies) 
      If (Ij > Ii), move firefly i towards j; end if 
Attractiveness varies with distance r via Exp [- r2]; 
Evaluate new solutions and update light intensity; 
               End for j; 
        End for i; 
Rank the fireflies and find the current best; 
End while; 
Post process results and visualization; 
End procedure;  

Fig1. Pseudo code of the FA.  



3.2    Modified Firefly Algorithm 
   In the standard Firefly Algorithm (FA), in each 
iteration the brighter firefly (local optima) exerts its 
influence over other fireflies and attracts them towards 
itself in maximization optimization. In fact, in the 
standard FA, fireflies move regardless of the global 
optima and it can increase the number of iteration to find 
the global best and decrease exploration ability of the 
firefly algorithm.  In this paper, to eliminate weaknesses 
of FA and improve the collective movement of fireflies, 
we propose a modify firefly algorithm (MFA). In the 
proposed firefly algorithm, we use global optima in 
firefly s movement. Global optimum is related to 
optimization problem and it can be a firefly that has the 
maximum or minimum value. And the global optima will 
be update in any iteration of algorithm. In the proposed 
algorithm , when a firefly compared with other firefly   
instead of the one firefly in the neighborhood being 
allowed to influence and to attract its neighbors, global 
optima (a firefly that have maximum or minimum value) 
in each iteration can be allowed to influence others and 
affect in their movement.in the MFA, when a firefly 
compare with correspond firefly , if the correspond firefly 
be brighter , the compared firefly will move toward 
correspond firefly, considered by global optima. 
      In the MFA, we use Cartesian distance to compute the 
distance of fireflies to global optima same as the standard 
FA as it shows in equation 4,  

           (4)    

    But for movement of the firefly, equation (3) is 
replaced by:  

(5)     
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gbest is global optimal and xgbes is the coordinate of 
global optima

  

4. Proposed CLA-FA Algorithm  

     In this section, the firefly algorithm based on cellular 
learning automata called CLA-FA is proposed which in 
that both ability of local search and ability of global 
search to the standard FA has been increased.  In this 
section, we use modify firefly algorithm that discussed 
above.  In the proposed algorithm, there are swarms of 
one dimensional fireflies equal to the number of search 
space dimensions that each swarm is placed in a cell of 
cellular 
learning automata. Each cell is equipped with a learning 
automaton that determines and adjusts the corresponding 
next movement of fireflies.  
    In the standard FA, for any two flashing fireflies, the 
less bright one will move towards the brighter, which 
includes a percentage of randomness. The initial 
percentage value and other parameter such as light 

absorption coefficients are crucially important in 
determining the speed of the convergence and how the 
FA algorithm behaves. In the standard FA, the parameters 
are fixed from beginning to end. Alpha determines 
random percentage in firefly s movement. Alpha is 
between zero to one. Light absorption coefficients or 
Gamma is varies between zero to extreme. If Gamma is 
close the zero, then 0=

 
and this corresponds to a special 

case of PSO. Besides, if Gamma is close extreme, this is 
the case where the fireflies fly in a very foggy region 
randomly. 
      In the standard FA, determination of initial value of 
these two parameters has a remarkable effect on the final 
result. The values of these two parameters remain 
constant and equal to their initial value up to the end of 
performing the algorithm. If we consider small values for 
these two parameters, algorithm can do local search with 
more stability and accuracy, but in this condition fireflies 
move slower toward goal Thus, it is necessary for 
improving results, a balance made between global search 
and local search process so the algorithm could perform 
both acceptably that this is done in the proposed 
algorithm. 
      The CLA-FA performance is as follow: instead of 
using of one swarm with n D-dimensional fireflies, we 
use D swarm of n one-dimensional fireflies. The 
objective of each swarm is to optimize a component of 
optimization vector which corresponds to that swarm. To 
achieve the desirable result, all these swarms should 
cooperate with each other. In order to cooperate, the best 
firefly of each swarm would be chosen. The vector that is 
totally being optimized for all swarms is called "main 
vector". Each swarm introduces it s the best firefly as 
representative of that dimension. In fact, main vector 
which is D-dimensional vector consists of the values of 
the best firefly of each of D swarms. In each iteration of 
algorithm performance, for fireflies of swarm i, just the 
element of that i-th dimension of main vector is changed. 
Indeed, for cooperation among swarms, for calculating 
the fitness of a firefly in j-th swarm, vector value for that 
firefly is replaced in j-th element of main vector to obtain 
a D-dimensional vector, and then its fitness is calculated 
in D-dimensional space. 
    In CLA-FA, every cell is assigned to one of 
components of main vector, in fact, the structure of 
cellular learning automata is one dimensionally (linear) 
with Moor neighborhood with periodic boundary (D-th 
cell is the neighbor of first cell). Therefore i-th cell is 
corresponding to i-th component of main vector and 
includes i-th swarm of fireflies. Available learning 
automata is equal in all cells and all are updated together 
(cellular learning automata is homogenous). An available 
learning automaton in each cell includes two action 1 

and 2 and has variable structure with linear learning 

algorithm npnnTnp ,,1

 

Actions of 

learning automata are as follows:  

      1- Decrease in Alpha and Gamma parameters with 
multiplying their values by smaller value than one. 
      2- Performing Reset action for defined percentage of 
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available fireflies in swarm.  

    First action of learning automata is for balancing the 
global search ability and local search ability of proposed 
algorithm. For this purpose, first we consider large 
parameters value of Alpha and Gamma so the global 
search ability of algorithm to be high. Thus, the swarm 
moves faster toward global optimum and passes local 
optimums with more ability. With performing first action 
of learning automata, with fireflies movement toward 
global optimum, gradually parameters value of Alpha and 
Gamma are decreased so finally the algorithm could 
perform acceptable local search near global optimum. 
     In the proposed algorithm, each of the fireflies has 
corresponding Alpha and Gamma for itself, which is the 
values of these parameters, can be different in two 
different fireflies. Second action of learning automata is 
considered for avoiding premature convergence in order 
to increase the capability of escaping from local 
optimums. For this purpose, by doing this action, a 
defined percentage of fireflies of swarm randomly 
disperse in problem space and their Alpha and Gamma 
parameters values are become equal to their initial values 
(Reset action). Thus, fireflies that have leaved the swarm 
return to swarm by FA search strategy; they search spaces 
of problem which were remote to find better values of 
fitness that it can cause to discover positions with better 
fitness. 
     In the cellular learning automata that used in proposed 
algorithm, each cell is neighbor with two previous and 
next cells. Dominated local rule on cellular learning 
automata determines whether the action learning 
automata has done should receive reward or penalty. 
After that learning automata in cells do an action, each 
cell will evaluate the amount of its neighbor's 
improvement in previous iteration. If the ratio of at least 
one of neighbors is higher than defined percentage of 
swarm improvement corresponding to considered cell, 
performed action by learning automata will be fined, 
otherwise it'll be rewarded. In fact, if neighbor have 
considerable improvement to considered swarm. In 
corresponding dimension of this swarm, the algorithm is 
trapped in local optimum. Thus in proposed CLA-FA 
algorithm, there is a balance between global search and 
local search ability as well as the capability of avoiding 
preceding convergence is increased. Experimental results 
are given in next section.  

5. Experimental Results  

      In this section, five functions are utilized for 
evaluation of the proposed CLA-FA algorithm. All of 
them are standard test functions. Applied functions 
together with their search space range are presented in 
Table 1. It should be mentioned that the global optimum 
solution of above functions is 0. In this paper, for 
evaluation of the proposed algorithm, we execute the 
standard FA and CLA-FA in 30 times and the largest 
iteration numbers set as 20 for the five functions. We test 
the mentioned functions in 10, 20 and 30-Dimensional 

spaces. The number of swarm is equal the number of 
dimension, and each swarm population size is 30. In the 
standard FA the Alpha set as 0.2 and Gamma set as 1.in 
the proposed CLA-FA, the maximum values for Alpha 
and Gamma set as 1 and the minimum values set as 0.01. 
Reward and punishment (a and b) coefficients for 
learning automata in CLA-FA assumed 0.01. For first 
action of learning automat, the value multiplied by Alpha 
and Gamma for reducing them is considered 0.9. 
Performing second action of learning automata resets 20 
percent of swarm population. In local rule, if neighbors 
improve more than 10 times, performed action by 
automata is punished. Experiments repeated 30 times and  
the best, mean, variance, standard deviation and the worst 
case which is obtained from the standard run in 10, 20 
and 30-dimensional spaces on Sphere, Ackley, Rastrigin, 
Xin-she yang and  Step, functions have been shown in 
Table 2. As it shown, the results of the CLA-FA in all 
cases are better than FA in 10, 20 and 30 dimensional 
spaces, and it shows the capability of the proposed 
algorithm in finding optimal solution.  

Table 1: The Name of Function We Use In This Paper. 
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6. Conclusion   

In this paper, we introduced a modify firefly algorithm 
and use this algorithm with cellular learning automata 
(CLA). The proposed algorithm, allocated one cell of 
CLA to each dimension of problem space that each of 
them consisted of a firefly swarm. Available learning 
automata in each cell has the responsibility of making 
balanced between global search and local search, 
preventing from preceding convergence and making 
variety in group. In the proposed algorithm, since every 
swarm optimizes one dimension and cooperative property 
exists among swarms, ability and convergence rate of the 
algorithm is acceptable and improved the FA results.  



       
Table 2. Comparison of FA and CLA-FA on Sphere, Ackly, Rastrigin, Xin-she yang and Step functions.  

FFA FA Criteria Dim Functions  
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