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Abstract 

 

In this study, the performance of radial basis function neural networks (RBFNNs) 

architecture was examined. Firefly algorithm (FFA) and prey-predator algorithm 

(PPA) are metaheuristic algorithms with high-level strategies. These algorithms are 

used for the training of RBFNNs. Two and twelve the hidden neurons with ten 

different classification data sets are used to test RBFNNs architecture. To evaluate 

the performance and effectiveness of algorithms, the Schwarz Bayesian criterion 

(SBC) and the error functions are utilized. The simulation results revealed that the 

algorithms are appropriate to use in learning ANNs. 

 

Keywords: Radial basis function neural network; Metaheuristic algorithms; 

Schwarz Bayesian criterion 

 

1.  Introduction  

Metaheuristic algorithms have been used successfully in many scientific fields to 

find the best solutions using the search space [1, 2]. These algorithms are 

characterized by different techniques to find the optimal solution, but their 

performance is due to the likely problem [3]. However, the algorithms are easy to 

use in different applications, and the effectiveness is slightly affected by problem 

behavior [4, 5]. In addition, in the exploration phase, graduation information is not 

used which avoids the local Optima in the search space. PPA and FFA are 

straightforward metaheuristic algorithms with higher effectiveness in applying for 

continuous and non-continuous optimization problems [1, 6-8]. PPA inspired by  
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the predator and prey behavior, while FFA mimics how to use the fireflies flashing 

light to identify predators [1]. PPA is an effective metaheuristic algorithm through 

its applications in various fields, including ANNs, bi-level problem model of the 

electric market,  and single frequency bus timetabling [2]. The algorithm has also 

been modified to accommodate the combinatorial optimization problems like 

microchannel heat sink, and travel salesman problem[9, 10]. Moreover, some other 

optimization algorithms are special cases of which, such as particle swarm 

optimization algorithm, and gravitational search algorithm [1, 11, 12]. In the PPA, 

groups of solutions that are randomly generated will be categorized into three 

classes including predator,  best prey, and  regular prey [2].  

 

The problem of learning ANNs is formulated as minimization the difference 

between the ANN values and target values. Note that, The effectiveness of ANNs 

is that they can be trained using  raw data and in some areas [13, 14]. The 

generalization of raw data during the learning process is enough to solve problems. 

RBFNN is one of the common-use species of feed-forward NNs that assigns each 

hidden neuron to respond to the sub-spaces of the pattern class, formed through sets 

of training samples[15, 16]. In addition, the process of finding the optimal values 

of clusters and their parameters in hidden neurons is considered a problem that 

needs learning to solve.  

 

In the next section, the basic concepts of metaheuristic, PPA, and FFA algorithms 

are discussed. Next, the theoretical aspects of RBNNN as well as the importance of 

training ANNs are reviewed. Section 4 represents the results of the study and 

discussion. Finally, the conclusion is given in Section 5.     

 

 

2. Optimization algorithms 

 
2.1. Prey-predator algorithm  

 PPA is an optimization algorithm used to be better exploration properties Such as 

the other metaheuristic algorithms [17, 18]. The algorithm simulates the ways in 

which a predatory animal stalks its prey, where every prey tries to escape and stay 

inside the area. Accordingly, rapid scanning and a wide range of solutions are one 

of the advantages of this algorithm. in addition, it has better exploration compared 

to other metaheuristic algorithms which will help to find the best solutions. 

 

   In order to use PPA, a set of possible initial parameters is created and a numerical 

value is set for each solution, xi, a numeric value is set to show its performance in 

the fitness function SV(xi). If the largest value is obtained, the best performance for 

objective function means higher value for survival (SV(xi)> SV(xj), for all solutions 

xj ). Note that, the smallest values of the fitness function SV(xi) is assigned as a 

predator and the rest as preys. Accordingly, xb, where SV(xb)≥ SV(xi), for all i, is 

called the best prey. So, the prey with the highest values of SV(xi), is called the best 

prey among the solutions.  
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2.2. Firefly algorithm  

    FFA was introduced as an optimization algorithm which mimics how fireflies 

use flashing lights to attract each other [1].  Increase Firefly's attractiveness with 

increased brightness as the brightness increases as the distance between the fireflies 

decreases. So, the brightness decreases with the distance using the inverse square 

law, as given in Eq. (1). 
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The intensity of light I is given at a distance of r in Eq. (2). This is when the light 

passes through a medium with a low absorption coefficient . 
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where 
0I   is the light intensity, and the brightness  is given by 

2

0

re    . A 

generalized brightness function for 1  is given by 0

re
   [1].   

FFA has created a randomized experimental solution (fireflies) that is set with light 

intensity based on its performance in the objective function. Note that, the light 

intensity is directly proportional to light intensity.  For the minimization problem, 

the optimal solution should be corresponding to the minimum function value at the 

highest light intensity.  Accordingly, when the illumination firefly of the solutions 

is assigned, then the fireflies with better light intensity will be followed by the rest 

of fireflies. As a result, if the brightness of firefly j is more than the brightness of 

firefly i, then firefly i will move towards firefly j using Eq. (3).  

 𝑥𝑖 : = 𝑥𝑖 + 𝛽0𝑒
−𝛾𝑟𝑖𝑗

2

⏟    
=𝛽

(𝑥𝑗 − 𝑥𝑖) + 𝛼[𝜀() − 0.5]        (3) 

where 
0  is the attractiveness of jx  at 0r   , and 

0 1  , α is a random vector between 

0 and 1. In addition, the brightest firefly, bx , is given by 𝑥𝑏 : = 𝑥𝑏 + 𝛼[𝜀() − 0.5] . 

The location of fireflies is updated until the termination criteria are met.   

 

3.  Radial Basis Function Neural Network 

 
RBFNN consists of three layers, namely, an input layer, a hidden layer which has 

an activation function, such as Gaussian function, and an output layer, as shown in 

Figure 1[10, 19]. Hidden layer neurons receive converted data from the input layer 

to generate output information. The following is formula of the Gaussian function 

which is the activation function in RBFNNs [10].  
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where 
i  is the RBF in the hidden neuron i . x   is the input value. 

ic  and 2

i

are the center and the width of the hidden neuron i respectively.  

 

    It is worth mentioning here that Eq. (4) is the RBF used in the hidden neurons in 

RBFNN without using constant input weights which links between input neurons 

and hidden neurons. By using constant input weights in RBFNN the Eq. (4) can be 

written as 

    

2

2

|( ' * )  |
 

2

N
j j j i

i

w x c

i e




 
 
 
 



     
(5)                            

where 
i  is the RBF of  hidden neuron i ,  N is the number of input neurons,

 
'
j

w
 is 

the input weight between  input neuron j and hidden neuron i , x   is the input 

value. 
2

i  and 
ic   are the parameters of the hidden neurons.  

 

The training process is used to determine these weights, centers, and the width by 

applying the optimization algorithms for minimizing a suitable error function. 

There are three different ways for training RBFNN, which are no-training, half-

training, and full-training. In the first case, we do not have any practical value, 

because the number of centers is equal to the number of training samples. In the 

second case, the hidden layer parameters are calculated and kept fixed, and only the 

weights of the output layer are adjusted using optimization algorithms. Moreover, 

the best way is the full-training because this paradigm requires to train all 

parameters, as shown in Figure 1.   
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Figure 1: The processing of radial basis function neural network 
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4. Results and Discussion 
 

Each metaheuristic algorithm has its pros and cons depending on the problem to be 

solved. FFA and PPA are metaheuristic algorithms that can be used to train ANNs.  

In this study, ten datasets of different sizes were used to simulate comparison by 

training each data set on RBFNN[9]. In addition, in each training process for all set, 

this was done with the same number of opportunities through the initial solutions 

that were created randomly and the number of iterations. Moreover, for each data 

set, four hidden neurons and twelve hidden neurons are used in  RBFNN [9]. So,  

70%  and 30% of each data are used as training data and testing data respectively[9]. 

In order to find the best model with the minimal error, the algorithms are executed 

fifty times with one thousand iteration.  

 

In this study, the Schwarz Bayesian criterion (SBC) is used as one of the most 

widely used in-sample model selection criteria[20]. SBC works at the expense of 

the best model in terms of error ratio and number hidden neurons as shown in Eq. 

(6).  Accordingly, the best results generated by the algorithms and SBC are 

presented in Table 1. The results show that the algorithms are suitable and very 

useful for use to train RBFNNs at the same level of performance. In addition, the 

SBC shows that the best RBFNN structure should not always be better with an 

increased number of hidden neurons. As shown in the following table, the error is 

inversely proportional to the number of hidden neurons. 

 

                                   𝑆𝐵𝐶 = 𝑛𝑙𝑛(𝑀𝑆𝐸) + 𝐾 𝑙𝑛(𝑛)                                              (6) 

 

where 𝐾 is the number of NN model parameters, and n is the number of the hidden 

neurons.  

Figure 2 represents the convergence speed of "balance data set" in RBFNN based 

on PPA and FFA. The figure shows that the algorithms have the same velocity 

based on root mean squared error function (RMSE). The "balance data set" was 

taken as an example of the convergence speed in RBFNN based on PPA and FFA.  

 

 
Figure 2: Training balance data in RBFNN with 12 hidden neurons PPA and FFA  
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                   Table 1: Simulation results with four and twelve hidden neurons. 

Data set   Algorithm  MSE_TRAINING 

DATA[9] 

SBC  

Balance data set FFA 0.08191 -819.7618 

0.035119 -959.5336 

PPA 0.070809 -874.3749 

0.049595 -830.1032 

Breast data set  FFA 0.037597 -990.3766 

0.03404 -918.4812  

PPA 0.033672 -1026 

0.032364 -934.7893  

Chios data set FFA 0.01012 -3924.7 

0.009351 -3791.1 

PPA 0.009606 -3970.8 

0.009006 -3824.3 

Credit data set FFA 1.76E-05 -6491.8 

6.24E-05 -5617.3 

 PPA  5.93E-05 -5763 

5.48E-05 -5695.2 

Fertility data set  FFA 0.091204 -94.5473  

0.085264 -24.8898  

PPA 0.087853 -96.7933  

0.081624 -27.5076  

Haberman′s 

Survival data set  

FFA 0.145161 -292.5245 

0.146689 -196.7290  

PPA 0.148225 -288.6812  

0.143944 -200.2048  

Hepatitis data set FFA 0.110689 -59.1951 

0.093269 2.2626 

PPA 0.093391  -67.3517 

0.087084 -1.0263  

Seeds data set  FFA 0.087498 -210.2279 

0.083521 -71.0007  

PPA 0.07975 -221.9105 

0.067029 -98.7173 

New Thyroid data 

set  

FFA 0.124962 -171.0909 

0.090963 -66.2614 

PPA 0.149305 -148.1313 

0.08988 -67.8065 

Iris data set FFA 0.073712 -144.6869 

0.069907 -14.4626 

PPA 0.128666 -94.5520 

0.071985 -11.8263  

 

 

5. Conclusion 

In this study, the metaheuristic algorithms; Firefly algorithm (FFA)and prey-

predator algorithm (PPA) are used successfully with sets of classification data to  
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train the radial basis function neural networks (RBFNNs). The main objective was 

to understand the behavior and performance of the RBFNNs under different 

conditions. For each simulation, four hidden neurons and twelve hidden neurons 

were used respectively. Therefore, the Schwarz Bayesian criterion (SBC) has been 

used successfully to find the best architecture of the RBFNNs. Based on the 

minimal errors and SBC, the results show that the metaheuristic algorithms, FFA 

and PPA, have high performance and effectiveness to train artificial neural 

networks (ANNs) In addition, the high convergence velocity of the algorithms 

makes it a reliable option for training ANNs.  
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