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Abstract— The firefly method framework is presented in this study for convolutional neural network 

architecture design. A specific subset of deep neural networks known as convolutional neural networks 

often consists of numerous convolutional, fully connected (dense), and pooling layers. Convolutional 

neural networks have been effective in solving a variety of image classification challenges and issues from 

the computer vision area. Finding the convolutional neural network design that achieves the highest 

performance for the particular application is one of the most difficult issues in this field. The hyper-

parameter values of a network have a major impact on the overall network performance. This study focuses 

on convolutional neural network hyper-parameter optimization, which describes the design and 

organization of the network. The number of dense and convolutional layers, the number of kernels per 

layer, and the size of the kernel were the hyper-parameters considered in this study. We optimized the 

hyper-parameters using the well-known firefly method, a metaheuristic for swarm intelligence. Our 

suggested framework's performance, reliability, and quality were evaluated against the MNIST dataset. 

Empirical findings indicated that the suggested paradigm performs well in this area. 

 

Index Terms—swarm intelligence, firefly algorithm, convolu- tional networks, deep learning 

 
I. INTRODUCTION 

There are several real-world uses for machine learning techniques. These techniques emphasize learning data representations rather than 

particular tasks. Machine learning approaches include deep learning, which makes use of deep neural networks, which have many hidden 

layers between the input and output layers. The only hidden layers in traditional artificial neural networks (ANNs) are one or two [1]. 

Deep learning has shown to be a reliable and powerful technique that can handle a variety of difficult machine learning jobs.Image 

recognition [2], voice recognition [3], and reinforcement learning [4] are a few examples. 

Convolutional neural networks (CNNs), a specific subset of deep learning networks, first appeared in 1998 [5]. The fundamental concept 

underlying this strategy was to combine a trainable fully connected network classifier with a module for learning features [6]. CNNs are 

often implemented using a number of convolutional, dense (completely connected), and pooling layers. The majority of research on 

CNNs, according to a review of the literature, has been concentrated on training CNNs [7] and using them in real-world settings like 

computer vision [8]. In the current body of computer science literature, there are very few works that discuss CNNs hyper-parameter 

optimization [2], [9]. 

 

The CNNs' design is directly influenced by the CNNs' hyper-parameter optimization. The CNNs network design involves selecting values 

for a variety of hyper-parameters, such as the number of hidden layers and the number of units per hidden layer, the kernel size of a layer, 

the number of fully connected layers, the learning rate, the kind of activation function, the layer-ordering, etc. The model selection 

challenge in machine learning may be understood as the design of neural network architecture [2]. Despite several successful CNNs 

implementations for various real-world issues, designing CNNs architectures is still difficult since each particular challenge necessitates a 

unique CNNs's structure. 

 

Three typical methods for choosing CNN's hyper-parameters are covered in the majority of literature sources: manual search, grid search, 

and random search [10]. A researcher must have extensive prior expertise in this field to conduct a manual search since, using this 

method, the researcher manually selects a set of CNN hyper-parameter values while being guided by his or her intuition. A CNN must be 

trained each time a researcher changes the values of a hyper-parameter, and CNN training is costly in terms of the use of computer 

resources. Reproducible results may be produced by using grid search, although this approach 

 

is ineffective for high dimensional parameter space searches. Additionally, this approach wastes computer resources by investigating (in 

most instances) hyper-parameter values that have no bearing on the issue at hand. 
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Finally, the issue of undersampling crucial dimensions is avoided by random search, which is more effective than grid search [10]. The 

random search has the disadvantage of being non-adaptive since it does not take prior findings into account when choosing which hyper-

parameters should be investigated. Because of this, combining manual and grid searches is the preferred course of action [10]. 

 

By looking at the accessible sources from the literature in this field, it can be deduced that there aren't many studies that have utilized 

genetic algorithms (GA) and swarm intelligence, two types of metaheuristics inspired by nature, to the process of CNN hyper-parameter 

optimization. Additionally, it should be highlighted that metaheuristic algorithms may provide superior outcomes than the methods 

mentioned above. On the other hand, a number of metaheuristic techniques were used to the backpropagation mechanism to substitute a 

stochastic gradient descent (SGD) [12, 13]. Swarm intelligence and metaheuristics inspired by nature 

Swarm intelligence and evolutionary algorithms (EA) are the two main types of nature-inspired metaheuristics. Swarm intelligence 

algorithms imitate the collective behavior and social interactions between members of swarms, such as groups of bees, ants, birds, fish, 

fireflies, etc., whereas EA are inspired by the process of natural evolution [14]. 

[15] 

 

One of the most well-known swarm intelligence algorithms, artificial bee colony (ABC), has been successfully used to solve a variety of 

optimization problems, including generic benchmark problems [16], as well as several real-world issues [17], [18]. Elephant herding 

optimization (EHO) metaheuristics, which were first presented in 2015, simulate elephant herds and have several uses for benchmark [19] 

and real-world issues [20], [21]. 

 

The revolutionary swarm intelligence technique known as monarch butterfly optimization (MBO) was initially proposed for benchmark 

issues in 2015 by Wang and Deb [22]. Despite this, there are already a lot of MBO implementations for real-world NP-hard issues [23]. 

Another swarm method that falls under the category of state-of-the-art technology is moth search (MS) [24]. The MS has several real-

world applications in addition to applications for benchmark issues [25], [26], and [27]. 

 

The seeker optimization algorithm (SOA), the bat algorithm (BA), the cuckoo search (CS), the brain storm optimization (BSO), and the 

fireworks algorithm (FWA) are a few other swarm algorithms that, in addition to the ones mentioned above, all perform well when 

dealing with NP-hard optimization. 

 

This paper's major objective is to propose an effective hyper-parameter selection method for CNNs that makes use of the Firefly 

algorithm (FA), one of the most well-known swarm intelligence techniques. The study that was done for the purpose of this article 

focuses on the optimization of CNNs' hyper-parameters, which include the number of convolutional and dense layers, the number of 

kernels per layer, and the size of the kernels. These hyper-parameters determine architecture and structure of a network. Other hyper-

parameters, such as the learning rate, activation function, dropout, etc., were not taken into account because to the restrictions on the 

amount of computational power available for simulations. 

 

The effectiveness of the proposed framework and the quality of the solution were verified using the well-known MNIST dataset for hand-

written digits [32]. Similar methodologies were used for comparative analysis, and for better comparison, the same parameter 

configuration as in [33] was used. This essay has four parts in addition to the introduction. A formulation of the CNN hyper-parameter 

selection issue is offered in Section II. In Section III, specifics of the FA swarm metaheuristics were provided. Section IV discusses the 

adaptation of FA for CNNs hyper-parameter optimization, empirical findings, and performance validations of the suggested framework, 

while Section V wraps up this study and makes recommendations. future investigation in this area. 

 

 

II. PROBLEM   STATEMENT 

In the research that is presented in this paper, a problem of finding satisfying CNNs network architecture, encoded as a set 

of hyper-parameters, is addressed. The following hyper- parameters were taken into account: number of convolutional layers, 

number of kernels per each layer and the layer size, and the number of fully-connected layers along with the size of each 

dense layer. 

The CNN architecture is denoted as h  =  hconv, hfc  , where h represents the set of the structural parameters con- sisting of 

sets hconv and hfc. Annotations hfc and hconv represent the parameters of the fully-connected and convo- 

lutional layers, respectively. The set of the convolutional layer parameters hconv is defined  as  hconv  =  C0, ..., Cn−1 , where n 
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represents the number of convolutional layers and Ci = (kcount, ksize) denotes the configuration tuple of the i- th layer - the 

number of kernels per i-th layer kcount, and the kernel size ksize of the i-th layer. 

The hfc  =   s0, sm−1  denotes the set of fully-connected 

layers, with m representing the number of fully-connected layers, and each layer i is defined by the layer size si. 

With the symbol the set of possible CNNs network architectures (configurations) is denoted, and the objective of hyper-

parameter selection problem is finding CNN archi- tecture h which minimizes error that depends on the specific task. 

Since this problem belongs to the group of NP hard optimization, with the goals of excluding some of the infeasible CNNs 

configurations from the search domain and decreasing the utilization of computing resources, we reduced the search space by 

introducing lower and upper boundaries of each hyper-parameter that was optimized. 

III. OVERVIEW OF THE FIREFLY ALGORITHM 

Firefly algorithm (FA) is well-known swarm intelligence metaheuristics. It was firstly proposed by Yang in 2008 [34], 

with the later improvements [35]. The FA metaheuristics has many successful applications for different kinds of tasks, for 

example, constrained benchmark problems [36], portfolio optimization [37], and wireless sensor networks localization 

Each solution in the population i in every iteration of algorithm’s execution moves towards better solution j by using the 

following equation [39]: 

[38]. Also, many hybridized versions of the FA may be found 

x (t + 1) = x (t) + β r
−γr

   (x  − x ) + α(κ − 0.5) (6) 

The FA metaheuristics models behavior of the group of fireflies. The basic assumption of this approach is that each firefly 

(solution) moves to the direction towards the more brighter (more attractive) firefly. Since the real firefly system is relatively 

sophisticated and complex, the following idealized rules were applied for the purpose of modeling this behavior and incorporating it 

into an optimization algorithm [34]: a) all fireflies in the population are unisex; b) the connection be- 

 
where β0 represents attractiveness at r = 0, α denotes the randomization parameter, κ is pseudo-random number in the range 

[0, 1], and the distance between solutions i and j is denoted with ri,j . 

The concept of Cartesian distance is used for calculating the distance between solutions i and j [39]: 

‚
.
,
ΣD 

 

 

The brightness of a solution at a specific location x, in the case of maximization problems, can defined as I(x)   f (x), where I(x) 
denotes the attractiveness, while f (x) represents the value of the objective function at this location. In the case of minimization 

problems, the following equation is utilized: (
 1 ,  if f (x) > 0 

where D is the number of problem parameters. For most prob- lems, β0 = 0.2 and α [0, 1] are good values adjustments. 

All presented details of the FA metaheuristics can be summarized in the algorithm 1. 
 

Algorithm 1 Original firefly algorithm  

 

(x) = (x) 

1 + |f (x)|,  otherwise(1)Generate initial population of fireflies xi, (i = 1, 2, 3, SN ) Light intensity Ii at point xi is defined 

by f (x) 

With the increase of the light intensity and attractiveness, the distance from the source decreases, and vice-versa. This can be 

modeled with the following expression [39]: 

     I0  
I(r) = 

1 + γr2 
, (2) 

where the light intensity is represented as I(r), the r is distance, and I0 denotes the light intensity at the source. Moreover, the 

parameter γ models the air absorption. 

In most FA implementations that can be found in the literature survey, the combined effect of both the inverse square law and 

absorption can be approximated using the following Gaussian form:Define light absorption coefficient γ Define number of 

iterations IN while t < IN do 

k=1 

tween attractiveness and the brightness is directly proportional; 

c) the value of objective function determines the brightness. 

[18], [19]. 

ri,j  = ||xi − xj || = (xi,k − xj,k), (7) 
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for i = 1 to SN do for j = 1 to i do if Ij < Ii then 

Move firefly j towards firefly i in d dimension Attractiveness varies with distance r via exp[ γr] Evaluate new 

solution, replace the worst with better solution and update light intensity 

end if end for 

end for 

Rank all fireflies and find the current best 
    end while  

 
 

I(r) = I0e
−γr

 (3) 

The attractiveness β varies with the distance ri,j between solutions i and j and it is directly proportional to the light intensity 

of the solutions [39]: 

 

β(r) = β0e
−γr

   , (4) 

where β0 is attractiveness at r = 0. Eq. (4) determines a characteristic distance Γ = 1/
√

γ over which the attractiveness 
changes significantly from β0 to β0e

−1
. 

To reduce the utilization of the computational resources (which is very important in the case of CNNs hyper-parameter 

optimization), in most practical implementations, the above expression is replaced by: 

    β0  
β(r) = (5) 

1 + γr2 

 

The SN represents the total number of solutions in the population, IN is total number of algorithm’s iterations, and t is the 

current iteration. 

IV. SIMULATIONS, COMPARATIVE ANALYSIS AND DISCUSSION 

At the beginning of the section, we first describe the adaptations of the FA for CNNs hyper-parameters selection problem 

along with the setup of algorithm’s control parameters and the FA framework technology. After we show simulation results, 

comparative analysis and discussion. 

A. Adaptation of the FA metaheuristics for CNNs hyper- parameters optimization 

Each solution in the population is composed of the set of problem parameters that is subject to optimization. Like in 

very other swarm intelligence approach, the search process is conducting by executing two basic processes: exploitation 

(intensification) and exploration (diversification). 

The process of exploitation of the FA metaheuristics is performed by using Eq. (6). At the other side, the exploration is controlled 

with the values of parameters γ and β. There are two special implementations of the FA that are determined by the value of γ 
parameter [34]: 

• if γ = 0, then β = β0. In this case, value of the parameter β is the largest possible it could be, and solutions move towards 

other solutions in the largest possible steps. 

the integer value only. For this purpose, after applying Eqs. 

(2) - (7), the results are rounded to the closest integer value. Taking into account that the lower and upper bounds of each 

parameter are relatively high, there was no need to adapt metaheuristics for integer programming. 

The fitness function that was employed is relatively straight- forward, and it is simply inversely proportional to the error on the 

test set for the dataset. Since, the objective is to minimize the classification error, to calculate the fitness for the i-th solution, the 

following expression was utilized:f γ =    , then β = 0. In this case, each solution moves in random steps meaning that the 

exploration is maximal, while practically there is no exploitation at all. 

By adjusting the values of the parameters γ and β, the trade-of between exploration and exploitation is determined. In most 

practical implementations the value of the γ parameter between 0.01 and 100 is considered to be optimal, and empirical tests showed 

that an optimal value for the parameter β is 0.2, while for the α parameter is in the interval [0, 1]. 
One of the greatest challenges in every metaheuristics implementation is how to encode potential problem’s solution. In the FA 

approach for CNNs hyper-parameter selection, each solution is modeled with the set of hyper-parameters h = hconv, hfc . Thus, 

each solution represents one possible CNN architecture (configuration). To decrease the number of possible network 

configurations and to reduce the search domain, the convolutional layers are sorted in descended order, first with respect to the 

ksize, and then based on the kcount. At the other side, the value of s, that denotes the layer size, was utilized for sorting fully-
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connected layers. The population P  in every time step t consists of n individuals, so that, P
t
 = h0, h1, ...hn−1 . 

At the beginning of the FA’s execution, in the phase of initialization, a population of uniformly distributed solutions is created by 

employing the following expression: 

xi,j  = lbj + ψ · (ubj − lbj), (8) 

where xi,j represents the j-th parameter of the i-th solution in the population, ψ is pseudo-random number in the range [0, 1], 
and lbj  and ubj  are lower and upper bounds of the j-th parameter, respectively. 

We imposed lower and upper bounds to the values of param- eters that are subject to optimization with the goal of shrinking the 

search space. For example, let the j-th parameter be the size of the convolutional layer. In the case of convolutional layer size 

(number of kernels), we set lbj  to 1 and ubj  to 128. In this way, guided by our previous experience, we excluded network 

configurations that don’t make sense. 

As already mentioned in the Section II, in this implemen- tation, we did not optimize hyper-parameters that may have real values, 

such are the dropout, the learning rate, etc., and in our model, each solution is composed of parameters with 

where erri is the classification error of the dataset for the 

i-th solution in the population. 

By adapting the FA swarm intelligence metaheuristics for solving CNNs hyper-parameter optimization, we devised FA- CNN 

framework. 

B. Parameter setup and dataset 

For testing and validation purposes of the presented FA- CNN framework for CNNs hyper-parameter optimization problem, 

we used a well-known and widely used MNIST classification dataset [32]. The MNIST dataset encompasses grayscale images of 

handwritten digits (from 0 to 9) with size of 28x28 pixels. The dataset uses 60,000 samples for training and 10,000 samples for 

testing the network, which yields in total 70,000 samples. To test our framework, we further divided the training set into 50,000 

images for CNN training and 10,000 images for validation, similarly like in [33]. The pixel range of the images is scaled from [0, 

255]   Z to [0, 1] R. 

To make a better distinction between various framework 

control parameters, we divided parameters into two groups: the control parameters of the FA metaheuristics and the CNN 

training parameters. Due to the fact that the process of training CNN is expensive in terms of computational resources, we set 

low values for the FA’s control parameters as follows: the population size N was set to 8, while the maximum iteration number 

(MaxIter) was set to 20. Further, we set the value for the parameter γ to 1.0, and for parameters α and β to 0.5 and to 0.2, 

respectively. 

The FA-CNN framework employs the Adam updater [40] with the learning rate θ = 0.0001. The rectified linear unit (ReLU 

activation) function was used, with the batch size of 54, and for the cost function we chose mean squared error (MSE), similar 

as in [33]. Also, due to processor-intensive computations, each solution in the population was trained in 1 epoch. 

The control parameters of the FA metaheuristics and the CNN training parameters are summarized in Table I. 

As already stated in the Section II, in an optimization model, we included the following hyper-parameters: the number of 

convolution layers along with number of kernels (number of filters) per layer and kernel size, and the number of fully-

connected (dense) layers  along with the  size of each 

 

TABLE I 
FRAMEWORK   CONTROL   PARAMETERS’  ADJUSTMENTS 

 

FA control parameters 
Parameter Value 

Population size (N ) 8 
Control parameter (λ) 1.0 
Control parameter (α) 0.5 
Control parameter (β) 0.2 

   Maximum iteration number (MaxIter) 20  
CNN training parameters 

Parameter Value 

Updater (optimizer) Adam 
Learning rate (θ) 0.0001 

Batch size 54 
Training epoch per eval. 1 

Cost function MSE 
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fully-connected layer. To reduce the amount of parameters (weights), costs of computation, and to control overfitting, for each 

convolutional layer we used a pooling (downsampling) layer of the fixed size 2x2 with max pooling option. Also, with the goal 

of shrinking the search space and to exclude the most infeasible CNN configurations, we set lower and upper boundaries of values 

for each hyper-parameter that is addressed in optimization procedure. The hyper-parameters’ boundaries, as well as its initialization 

are given in Table II. 

 
TABLE II 

HYPER-PARAMETERS   BOUNDARIES   AND   INITIALIZATION 

 

Parameter Value 
Number of convolutional layers  [0,6] Initial convolutional layers [1,2] Number of fully-connected layer 

 [1,4] 
 
 

layer. The CNNs configurations generated by the FA-CNN framework are deeper than in [41], but significantly less complex as 

architectures found in [33]. Network architectures in the final population closely resembles the structure that was used in [11], 

where the authors proposed Multi-node Evolu- tionary Neural Networks for Deep Learning (MENNDL). The performance of the 

MENDL was evaluated on the CIFAR-10 dataset. 

The solutions in the final (best) population were composed of the kernel size that ranges from 2x2 to 4x4, while the number of 

kernels per convolutional layer ranges from 42 to 

128. As a comparison, the EA-based committee optimization (CEA-CNN) that was validated on the same dataset [33] generated 

solutions that consists of kernel sizes from 8x8 

- 7x7 to 4x4-3x3, which is significantly larger than in the case of our proposed framework. Further, the solutions in the last 

generation of the FA-CNN consisted mostly of the dense layers with size from 40 to 154. One representative of the typical 

network structure that is found can be denoted as: hconv = (72, 3), (113, 2), (128, 4) , and hfc = 101. 

The networks that showed best performance were created only after first 12 to 16 iterations in all conducted runs of the 

FA-CNN framework. After many empirical tests, we drew conclusion that the kernel size of the convolutional layers has much 

greater influence on the overall network performance than the number of filters (kernels). Parameter values of the top 5 

performing network configurations, generated in the last population, are summarized in Table III. 

 
TABLE III 

BEST  HYPER-PARAMETER  VALUES  IN  THE  LAST  POPULATION 

Initial fully-connected layers [1,2]    
Kernel size [1,8] 

Number of kernels per conv. layer  [1,128] Fully-connected layer size [16,2048] 

 

 
C. FA-CNN framework technology and infrastructure 

We developed and implemented FA-CNN framework using deep learning programming library Deeplearning4j (URL: 

https://deeplearning4j.org/), that was written for the Java and Java Virtual Machine (JVM). The FA metaheuristics was developed in 

Java SE 10 (18.3) version. 

To improve the execution speed of conducted experiments, due to the extensive utilization of computer resources, we adapted 

framework for the execution on the graphical process- ing unit (GPU) using NVIDIA’s ™CUDA parallel computing platform and 

programming model. All tests were executed on the computer platform with 6 NVIDIA GTX 1080 GPUs each having 2560 ™CUDA 

cores. 

D. Empirical results and comparative analysis 

With the objective of generating real results and to measure performance in objective way, the algorithm was executed in 

10 independent runs with different pseudo-random number seeds. The final population in most runs was composed mostly of solutions 

with only 3 convolutional layers and 1 denseParameter Best 5 solutions 

kernel 1 3 
output 1 50-115 
kernel 2 2-4 
output 2 96-128 
kernel 3 2-4 
output 3 82-128 

fc layer 1 50-148 

 

We further observed that the best hyper-parameter values ranges are similar as in [11]. Some of the network architectures 
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found during the FA’s search process are shown in Figure 1. f We stated above that for each of 10 FA-CNN runs we used 

different pseudo-random number seed, and in every run, the algorithm has found networks with best performance after 12-16 

iterations. Such behavior proves that the FA-CNN framework represents robust and reliable solution for CNNs 

hyper-parameters optimization. 

In all conducted tests, the objective function that was subject to optimization process was classification test error (expressed in 

percentage). 

In order to objectively measure robustness and solutions’ quality of the proposed FA-CNN framework for hyper- parameter 

optimization, we performed comparative analysis with other state-of-the-art metaheuristics that were validated on the same 

problem instance. Moreover, we utilized similar 

 

 

 

 

 
 

 
        Fig. 1. Generated network architectures 

 

parameters’ values as in [33] to make comparisons more realistic. 

The independent EA-based optimized CNN (IEA-CNN) and the joint EA-based committee optimization (CEA-CNN) with 

varying penalization k were tested in [33]. As shown in [33], the authors have found the best performing network configuration 

with test error of 0.24 % using CEA-CNN framework with k set to 2. At the other side, test error of only 

0.23 % was produced by generated network configurations of our FA-CNN framework. We should also make observation that the 

FA-CNN framework utilizes less number of training epoch than approaches presented in [33]. As a consequence, FA-CNN 

framework is less computationally expensive. 

 

 

 

We have also included other metaheuristics that were tested on the MNIST dataset under similar experimental conditions in the 

comparative analysis. Comparative analysis is shown in Table IV. From the presented table it can be concluded that the FA-CNN 

framework performed better than other state-of- the-art approaches on this experimental instance, in term ofbest solutions’ 

quality, as well as in term of utilization of computational resources. 

 
TABLE IV 

BEST  HYPER-PARAMETER  VALUES  IN  THE  LAST  POPULATION 

 
Method Test error (%) 

LeNet-5 [5] 0.95 
Deeply Supervised Net [42] 0.39 

Schallow CNN [41] 0.37 
Recurrent CNN [43] 0.31 

Gated Pooling CNN [44] 0.29 
IEA-CNN [33] 0.34 

CEA-CNN, k=1 [33] 0.26 
CEA-CNN, k=3 [33] 0.28 
CEA-CNN, k=2 [33] 0.24 

TGA-CNN 0.23 
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V. CONCLUSION 

The firefly method framework is presented in this study for choosing the best convolutional neural network design. The framework we 

developed is called FA-CNN framework. Finding the ideal hyper-parameter value set for a given application is one of the biggest and 

most significant issues in the field of convolutional neural networks. 

The study done for this publication gives particular emphasis to the convolutional neural network hyper-parameters that control a 

network's design and structure. The number of dense and convolutional layers, the number of kernels in each layer, and the size of the 

kernels were taken into consideration. The limitations in computer capacity prevented the consideration of further factors. 

The proposed FA-CNN system for handwritten digits was evaluated against the well-known MNIST dataset. The FA-CNN framework is 

a reliable, high-performing strategy for addressing this problem, according to comparison analysis with other meta-heuristics that were 

tried on the same problem instance and under comparable experimental settings. 
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