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ABSTRACT 
In this work, new versions of moth-flame optimization algorithm are proposed and used to select optimal feature subset for the 
classification purposes. Moth-flame Optimization (MFO) algorithm is one of the newest bio inspired optimization techniques in 
which the main inspiration of this optimizer is the navigation method of moths in nature called transverse orientation. Moths 
fly in night by maintaining a fixed angle with respect to the moon, a very effective mechanism for travelling in a straight line 
for long distances. However, these fancy insects are trapped in a useless/deadly spiral path around artificial lights. This paper 
presents two modified versions of MFO algorithm which used as a prediction method for terrorist groups. The two modified 
versions of MFO are compared with the original MFO as well as compared to other well known nature-inspired algorithms as 
Ant Lion Optimizer (ALO) algorithm, Grey Wolf Optimization (GWO) algorithm, Particle Swarm Optimization (PSO) and 
Genetic Algorithm (GA). Two different experiments modes are conducted and two well-known classification algorithms are 
used in the classification process; Random Forests (RF) ensemble classifier and K-Nearest Neighbor (KNN) algorithm. A set of 
assessment indicators are used to evaluate and compare between the obtained results which prove that the proposed modified 
versions of MFO provide very promising and competitive performance  as well as achieve an advance over the original MFO 
algorithm with high stability over other searching methods. 
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1. INTRODUCTION 
Over the last few decades; the optimization refers to the process of finding the best possible solution(s) for a particular 
problem. As the complexity of problems real applications increases, the need for new optimization techniques becomes 
evident more than before. Mathematical optimization techniques used to be the only tools for optimizing problems 
before the proposal and existence of heuristic optimization techniques. 
Mathematical optimization methods are mostly deterministic that suffer from a major problem which is local optima 
entrapment [1]. Some of them such as gradient-based algorithms require derivation of the search space as well. This 
makes them highly inefficient in solving real problems. Due to this limitation; some of heuristic algorithms begin to be 
proposed, started from Genetic Algorithm (GA) [2] which is the most popular stochastic optimization algorithm and 
due to its mechanism in solving the problem depends on its stochastic components in the selection, re-production, and 
mutation phases so this help GA to avoid local optima, another key success of GA is the overall average fitness of 
population which is improved over the course of generations, these points This makes GA highly suitable for solving 
real problems with unknown search spaces. Researchers gave high attention to such evolutionary search algorithms 
after GA, that result in proposing different and multiple well known algorithms like Particle Swarm Optimization 
(PSO) [3], Ant Colony Optimization (ACO) [4], Differential Evolution (DE) [5], Evolutionary Strategy (ES) [6], and 
Evolutionary Programming (EP) [7]-[8]. The application of these algorithms can be found in different branches of 
science and industry real applications.  According to the No-Free-Lunch (NFL) theorem [9], there is no algorithm for 
solving all optimization problems. This means that an optimizer may perform well in a set of problems and fail to solve 
a different set of problems. In other words, the average performance of optimizes is equal when considering all 
optimization problems. Therefore, there are still problems that can be solved by new optimizers better than the current 
optimizers. Recently, there are new inspiration algorithms that have been proposed, one of the most new algorithms 
that developed by Seyedali Mirjalili in [1] is Moth-Flame Optimization (MFO) algorithm. The main inspiration of this 
optimizer is the navigation method of moths in nature called transverse orientation. Moths fly in night by maintaining 
a fixed angle with respect to the moon, a very effective mechanism for travelling in a straight line for long distances. 
However, these fancy insects are trapped in a useless/deadly spiral path around artificial lights. 
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Our research study first proposes the mathematical modification for MFO algorithm into two novel (modified) versions 
of spiral flying path of moths around artificial lights (flames), and then we used the new versions of MFO in a 
prediction algorithm to predict the responsible terrorist groups responsible for the terrorist attack in Egypt. 
The two modified versions of MFO are compared with the original MFO as well as compared to other well known 
nature-inspired algorithms as Ant Lion Optimizer (ALO) algorithm, Grey Wolf Optimization (GWO) Algorithm, 
Particle Swarm Optimization (PSO) and Genetic Algorithm (GA). Two different experiments modes are conducted and 
two well-known classification algorithms are used in the classification process; Random Forests (RF) ensemble 
classifier and K-Nearest Neighbor (KNN) algorithm. A set of assessment indicators are used to evaluate and compare 
between the obtained results which prove that the proposed modified versions of MFO provide very promising and 
competitive performance  as well as achieve an advance over the original MFO algorithm with high stability over other 
searching methods. The remainder of this paper is organized as follows. Section 2 provides illustration of a moth-flame 
optimization (MFO) algorithm. Section 3 describes in details the new versions of MFO algorithm (MFO2, MFO3). 
Section 4 provides the full details of the different phases of the proposed hybrid MFO2-RFs classification prediction 
algorithm. Section 5 presents the experimental results and analysis of the proposed system. Section 6 provides 
Conclusions and future work. 

2.MOTH-FLAME OPTIMIZATION (MFO) ALGORITHM 
In this algorithm [10], it is assumed that the candidate solutions are moths and the problem’s variables are the position 
of moths in the space. Therefore, the moths can fly in 1-D, 2-D, and 3-D with changing their position vectors. Since the 
MFO algorithm is a population-based algorithm. The moths are actual search agents that move around the search 
space, whereas flames are the best position of moths that obtains so far. In other words, flames considered as flags or 
pins that are dropped by moths when searching the search space. Therefore, each moth searches around a flag (flame) 
and updates it in case of finding a better solution. The algorithm author chose the logarithmic spiral as the main update 
mechanism of moths. However, any types of spiral can be utilized, where subject to the following conditions:  

1.  Spiral’s initial point should start from the moth  
2.  Spiral’s final point should be the position of the flame  
3.  Fluctuation of the range of spiral should not exceed from the search space  

      
2.1 Mathematical Formulation  

The main key components are moths and flames which illustrated as follows: 
 
2.1.1 Moths key Components  
1. The MFO algorithm is a three-tuple that approximate the global optimal of the optimization problems and defined as 
follows: 

 
Where:  
 A function that generates a random population of moths around the search space, this function received the 

matrix of M and returns its updated one eventually.   

 
 M: is a matrix used to represent the months with their position 

 

 
 
 n: The number of moths  
d:The number of variables (dimension) 
  
 the array for sorting the corresponding fitness values for all the moths as follows: 

 
    

: The number of moths       
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The fitness value is the return value of the fitness (objective) function for each moth. The position vector of each moth 
in  matrix is passed to the fitness function and the output of the fitness function is assigned to the corresponding moth 
as it fitness value in OM matrix.  
 P: Function is the main function; moves the moths around the search space, this function received the matrix 

and returns its updated one eventually 

 
  T:function returns true if the termination criterion is satisfied and false if the termination criterion is not met 

                                                              

2.  The General framework of the MFO is defined as follows: 

 
2.1.2 Flames key Components  
 F: is a matrix used to represent their flames with their positions that include   recent best solutions obtained so far 
in order to improve the probability of finding better solutions. 
 

 
                        n: The number of flames  
                        d: The number of variables (dimension) 
 
 OF: the array for sorting the corresponding fitness values for the flames 

 
  n:The number of moths. 
 
 2.1.3 Generation of Initial Solutions 
The function  is corresponding for generation of initial solutions and calculate the objective values where any random 
distribution can be used as presented below: 

 
 ub: is the upper bound of the variables 

 
Where ubi indicates the upper bound of the t- th  variable. 
 
 Ib: is the upper bound of the variables 
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Where ubi indicates the upper bound of the i-th variable. 
 
2.1.4. Transverse Orientation Behaviour of Moths 
As the inspiration of MFO algorithm is the transverse orientation of moths, so the position of each moth is updated 
with respect to a flame using Eqn. (11) as follows: 

                                                        
Where Mi indicates the i-th moth, Fj indicates the j-th flame, and S is the spiral function (movement), which is the 
main component of the algorithm because it dictates how the moths update their position around flames. The spiral 
equation allows a moth to fly “around” a flame and not necessarily in the space between them. 
A logarithmic spiral is chosen for the original MFO algorithm, which is defined as follows: 
 

 
Where   Di: The distance of the i-th moth for the j-th flame. 
              b: A constant for defining the shape of the logarithmic spiral. 
               t: A random number in[-1, 1], and defines how much the next position of moth should be close to the 

flame.(t= -1) is the closest position to the flame, while ( t = - 1) shows the farthest. 
              D is calculates as follows: 

 
By this method the moths tend to exploit their corresponding flames more accurately proportional to the number of 
iterations. 

 
Figure 1 Logarithmic spiral, space around a flame,          Figure 2 some possible positions that can be reached by 
               and the position with respect to .                              a moth w.r.t. a flame using a logarithmic spiral 
 

3. The General Steps of P function  
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2.2Some Interesting Points about MFO Algorithm 

 A moth can converge to any point in the neighbourhood of the flame by changing  
 The lower values of t, the closer distance to the flame.  
 The frequency of position updating on both sides of the flame is increased as the moth get closer to the flame.  
 In order to further emphasize exploitation; it is assumed that  is a random number in [ r,1] where: is the 

convergence constant and it is decreased from -2 to -1 over the course of iteration.  
 According to the values of the parameter , a hyper ellipse can be assumed around the flame in all directions and 

the next position of the moth would be within this space. 
 Each moth is obligated to update its position using only one of the flames in Eqn. 12, in order to prevent MFO 

algorithm to be trapped in a local optima quickly. The reason that a specific flame is assigned to each moth is to 
prevent local optimum stagnation.  

 Moths update their position in hyper spheres around the best solutions obtained so far. 
 The sequence of flames if changed based on the best solutions in each \iteration, and the moths are required to 

update their positions with respect to the updated flames. Therefore, the position updating of moths may occur 
around different flames, a mechanism that causes sudden movement of moths in the search space and promotes 
exploration.  

 The position updating of moths with respect to n different locations in the search space may degrade the 
exploitation of the best promising solutions. To resolve this concern and adaptive mechanism is proposed for the 
number of flames (which is decreased iteratively over the course of iteration. 

 

 
 

3.NEW VERSIONS OF MFO ALGORITHM (MFO2, MFO3) 
As mentioned in the original MFO algorithm in [10] that transverse orientation behaviour of moths is the main 
component that simulates the movement of moths in the hyper sphere space around the flames which is explained by 
(11). A logarithmic spiral is chosen for the original MFO algorithm as a spiral movement of moths around the flames 
which is defined in (12). According to that reason; in our research work we intended to try different spirals and 
investigate the performance of the updating in the original MFO algorithm by conducting different experiments in a 
hybrid terrorism prediction system to predict the terrorist group(s) responsible of attacks in Egypt during the period 
from year 2006 to 2014. The results of MFO2, and MFO3 are tested and compared with the original MFO algorithm as 
well as to other well-known search algorithms which proved high stability and comparative performance in the search 
space such as Grey wolf optimization (GWO) algorithm, Ant lion Optimizer (ALO), Genetic Algorithms (GA) 
especially GA with multi-parent recombination, and Particle Swarm Optimization (PSO) algorithm. 

 
3.1 Moth-Flame Optimization-2 (MFO2) Algorithm 
In this new version of the MFO algorithm, we based on using the hyperbolic (reciprocal) spiral. A hyperbolic spiral is a 
transcendental plane curve also known as a reciprocal spiral [10]. A hyperbolic spiral is the opposite of an 
Archimedean spiral  with inversion center at the origin, and is a type of Cotes' spiral.  
 
3.1.1 Spiral Definition 
The hyperbolic (reciprocal) spiral begins at an infinite distance from the pole in the center (for θ starting from zero 
r = a/θ starts from infinity), and it winds faster and faster around as it approaches the pole; the distance from any point 
to the pole, following the curve, is infinite as shown in figure 3 and figure 4 that represent reciprocal spiral and its 
hyperbolic counterpart. 

 
Figure 3 The reciprocal spiral              Figure 4 The hyperbolic version of the Reciprocal spiral 
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3.1.2 Mathematical Formulation 
In the original MFO algorithm we can substitute the logarithmic Spiral function which as explained in Eqn. (15) with 
our reciprocal (hyperbolic) function and update it to reflect the moth movement around the flame with a specific 
direction in MFO2 algorithm as shown in Eqn. (15). As follows:  

 

 
                                                                                                               
3.2 Moth-Flame Optimization-3 (MFO3) Algorithm 

In our research study we apply a different spiral function called Archimedes’ Spiral in which it is a member of the big 
spiral family called Archimedean (Arithmetic) spiral.  

3.2.1. Spiral Definition   

The Archimedean spiral is a curve starts in the origin and makes a curve with three rounds where the distance between 
the spiral branches are the same. More exact: The distances of intersection points along a line through the origin are 
the same as in figure 5, and defined by a polar equation of the form:          

                                                      
Where for different values of n we get different spirals ( n is a constant that determines how tightly the spiral is 
wrapped). For n =1, we get the Archimedes’ Spiral which explained in Figure 6. 
 
The Archimedes’ Spiral has a polar equation form:      

 
                                       

                
                        Figure 5 The Archimedean. Spiral                                 Figure 6 the Archimedes’ Spiral. 
 
3.2.2   Mathematical Formulation 

In the original MFO algorithm we substituted the logarithmic Spiral function which as explained in Eqn. (15) with our 
Archimedes’ Spiral function and update it to reflect the moth movement around the flame with a specific direction in 
MFO3 algorithm as shown in Eqn. (18). As follows:  
 

 
  Where    S: is the Archimedes’ spiral function (movement), which is the main component of the algorithm. 

           Mi: Indicates the i-th moth as explained in Eqn.(3), 
         Fi : Indicates the j-th flame as explained in Eqn.(7), 
         Di: The distance of the i-th moth for the j-th flame, and calculated in Eqn. (13) 
         t: A random number in [-1, 1 ] and defines how much the next position of moth should be close to the      
            flame.( t= -1) is the closest position to the flame, while ( t= -1 ) shows the farthest.  
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4. PROPOSED NEW HYBRID PREDICTION ALGORITHM  
The proposed ensemble classification prediction algorithm consists of different phases as explained in Figure7. 

Algorithm 1: The Proposed Ensemble Classification Algorithm: 

1. Terrorism Data Pre-Processing,  
2. Apply the MFO2 (or MFO3) ,  
3. Feature Selection (Apply the Wrapper Approach), 
4. Classification Process (Apply the Random Forests ensemble classification Algorithm) as well as apply K-Nearest 

Neighbor for the comparison purpose,  
5. Stopping Criterion (If No. of iterations> Max iteration No., then Stop, and go to Step 6; otherwise go to step2). 
6. Results and Comparison, 
7. Evaluate Performance Measures. 

 

 
Figure 7   Proposed New Hybrid Prediction Algorithm Framework 
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5.EXPERIMENTAL RESULTS and ANALYSIS    

In our research study we conducted two different experiments using the data about terrorist attacks on Egypt during the 
period from 2006 to 2014. The data we based on are real world data from Global Terrorism Database (GTD).  
We conduct the first experiment based on using the full dataset while the second one based on using 50% of the full 
data. In this paper, a set of assessment measures are used to compare between the original MFO and other two new 
versions (MFO2, MFO3) along with applying two different classification algorithms (RFs, and KNN). 
 

5.1 Results and Different Comparisons. 

It is obvious from the results of TABLE1 that the fitness performance in first experiment of MFO2 is the best 
corresponding to original MFO, and MFO3 as also explained in Figure 8; by comparing the results with other 
optimizers we can notice that MFO2 gives very promising and comparative results with respect to ALO, GWO, and 
GA. 
According to the results from the second experiment that conducted by using 50% of the terrorism data; we can observe 
from Figure 9 that MFO2 still gives remarkable results over MFO, and performs very competitively with respect to 
GWO and ALO, that is confirm the searching capability of MFO2. 

 
TABLE 1: The Fitness Results of the experiments by using KNN Classifier 

 
 
Table 2 summarizes the following points by using RF Classifier: 
 From the first experiment, we can notice that MFO2 has best mean and best fitness values and very promising with 

respect to GWO and ALO, while MFO3 performs the best in case of worst and std. fitness values over the original 
MFO as well as all other optimization algorithms as explained from Figure 10. 

 According to the second experiment we can remark that MFO2 produces excellent fitness performance over MFO 
as well as gives very competitive results with respect to GWO and ALO algorithms while it exceeds all the 
optimizers’ results in case of   worst fitness; that is very noticeable from Figure 11. 

                              TABLE 2: The Fitness Results of the experiments by using RF Ensemble Classifier 
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Figure 8 The Fitness Performance of Exp. I by KNN Classifier 
 

 
                                    Figure 9 The Fitness Performance of Exp. II by KNN Classifier 
 

 
Figure 10 The Fitness Performance of Exp. I by RFs Ensemble Classifier 

 

 
  Figure 11  The Fitness Performance of Exp. II by RFs Ensemble Classifier 
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Table 3, summarizes the validity results obtained from conducting the two different experiments from all optimizers we 
used; as we can see from Exp. I that MFO2 performing well in the sensitivity measure with respect to MFO and ALO, 
while MFO3 obtained the best specificity result over MFO and MFO2 and is very comparative to the value obtained by 
GWO. According to Exp. II, we can notice that MFO2 sensitivity results is very near from MFO, and GWO results as 
well.  MFO2 obtains the best specificity value over MFO and MFO3 and is performing very comparative to GWO. 
According to Figure 12(A) we can conclude that regardless the classifier used the performance of MFO and MFO2 is 
very near, while MFO3 is the best in specificity measure over MFO and MFO2 as well as performing comparatively 
according to GA in case of using KNN;  
From Figure 12(B) one can observe that MFO2 with RFs classifier performs the best specificity over the other 
optimizers and behaves very well with respect to GWO. From Figure12 (A) and (B) the evidence that proves the 
validity of the test by using MFO2 and MFO3.                                                                     

 
TABLE 3: Sensitivity and Specificity measures for the optimizers from KNN and RF Classifiers by Exp. I 

 
 

                             
                                    Figure 12(A) Validity Measures’ of   Exp. I by KNN Classifier. 
                                                              

                             
                                         Figure 12(B) Validity Measures’ of Exp. I by RFs Classifier. 
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 TABLE 4: Sensitivity and Specificity Measures for the optimizers from KNN and  RFs Classifiers by Exp. II 
 

 
 
Table 4 summarizes the following points: 
 MFO2 behaves efficiently in the measures of validity regardless the type of classification algorithm used over MFO 

and is comparative to ALO results in case of using KNN classifier. 
 MFO proves its superiority over original MFO in case of testing the specificity and still produces efficient and 

promising results with respect to GWO and ALO optimizers.  

 
 
Figures 13 (A), (B) shows how MFO2 is efficient and outperforms the original MFO in the validity measures as well as 
is very promising algorithm with respect to other optimizers. Also we can observe that using RFs ensemble classifier in 
our prediction system is more efficient in prediction and the classification process than using KNN classifier. 
 
6. CONCLUSIONS AND FUTURE WORK 
The paper proposed two new modified versions of MFO algorithm based mainly on trying different spiral flying path of 
moths around the artificial lights (Flames). The mathematical framework of the new versions of MFO algorithm 
combining into a hybrid ensemble classification algorithm based on MFO2-RF with the help of Wrapper feature 
selection approach that can be used in the prediction of terrorist groups among different regions and countries. The 
proposed model implements the novel MFO versions and wrapper feature selection approach in order to select optimal 
feature subset for classification process based on random forests (RFs) ensemble classifier to improve and enhance the 
classification accuracy while minimizing the number of selected features.      
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The performance of the hybrid MFO2-RFs and MFO3-RFs models are tested via two different experiments during 20 
iterations and the results are benchmarked for evaluation and comparison with the original MFO, as well as a number 
of different popular optimization algorithms  such as Ant Lion Optimizer (ALO), Grey Wolf Optimization (GWO) 
algorithm, Particle Swarm Optimization (PSO) and genetic algorithm (GA), another direction of comparison is by 
comparing the obtained results of the hybrid model based on RF ensemble classifier with another well known classifier 
as K-nearest neighbor (KNN).  
A set of assessment performance indicators are used to analyze, evaluate and compare between the obtained results 
which prove the capability of the proposed versions of MFO (MFO2, MFO3) algorithms to search the feature space for 
the optimal feature combination as well as enhancing the classification accuracy compared to other well-known 
conventional, heuristics and meta-heuristics search algorithms. Experimental results of the proposed modified versions 
of MFO provide very promising and competitive performance in reaching global minima, as well as prove good 
performance of MFO2, MFO3 and an advance over the original MFO algorithm with high stability, validity, and 
robustness results over other searching methods. 
Further investigation on the parameters values and testing the proposed hybrid MFO2-RFand MFO3-RF algorithms 
with other feature selection approaches on different dimensions data sets are different and various areas for future 
research.                                                  
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