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Abstract - This paper investigates the effectiveness of
employing two relatively new swarm intelligence (SI)
metaheuristic techniques in determining the accuracy of data
classification problem. The SI metaheuristics analyzed are
Grey wolf optimizer and firefly algorithm (FA). In this work,
Grey wolf optimizer and firefly algorithm (FA) are used in
training feed-forward neural networks (FNN) for the purpose
of data classification. In experiments, the iris data has been
used to evaluate the performance of the proposed algorithms.
The experimental results obtained from these techniques are
compared with that of a similar population-based technique,
namely, particle swarm optimizer (PSO). Results obtained
show that both GWO and Firefly algorithms provide superior
solutions for the case studied.
Keywords: Grey Wolf Optimizer, Firefly Algorithm, Particle
Swarm optimization.
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Introduction

Artificial Neural Networks (ANN) consist of processing
elements neurons in multiple layers and are connected with
each other through the links. Each link is represented by a
weight which represents the strength of the connection. These
networks can learn an arbitrary vector mapping from the input
space to the output space. These neurons process information
based on the net sum function and activation function. In order
to find the appropriate representation of neural network for a
given problem, it is essential to find the best architecture of the
neural network and the algorithm to train the network. Neural
networks have been used for signal processing, pattern
recognition, and control, etc.
The optimization problem for artificial neural network is
to design a suitable network structure and find the optimal
weights connecting successive layers of neurons and find the
threshold of each neuron.
The structure of the neural network chosen for
classification of iris data is shown in Figure 1. It has four
neurons in the input layer, nine neurons in the hidden layer and
three neurons in the output layer. The number of neurons in the
input layer are defined by the input parameters in the data set
and output neurons are determined by the categories of outputs.
It has four inputs neurons and three output neurons. The
number of neurons in the hidden layer are designer’s choice.
After determining the structure of the neural network, it
is essential to develop the algorithm to find the optimal set of
weights and biases. Several algorithms have been developed
for neural networks by different researchers. The
backpropagation algorithm is one of the most popular

algorithm, it can find a set of weights in a reasonable amount
of time [10]. Backpropagation is a variation of gradient search
and the key to backpropagation is a method for calculating the
gradient of the error with respect to the weights for a given
input by propagating error backwards through the network.
However, some drawbacks of backpropagation are that it can
get stuck in local minima and are computationally complex
[10].
Many global optimization methods have been proposed
for training FNN in order to overcome the disadvantages of
gradient based algorithms. Some nature inspired algorithms
such as genetic algorithm (GA), particle swarm optimization
(PSO) algorithm and artificial bee colony (ABC) algorithm
have been successfully applied for training the Feed Forward
Network (FNN) [8], [11], [5], [3], [4].
In this paper, Swarm Intelligence based two novel
algorithms have been used to train the neural networks. They
are Grey Wolf Optimizer (GWO) and Firefly Algorithm (FA).
The GWO algorithm mimics the leadership hierarchy and
hunting mechanism of grey wolves in nature. The FA is based
on the idealized behavior of the flashing characteristics of
fireflies [12]. The results obtained from both these algorithms
are compared with that of Particle Swarm Optimization (PSO)
algorithm. The GWO is compared with FA to find which is
better between the two.
This paper is organized as follows. In Section 2, the
dataset used for this analysis is introduced. Section 3 presents
the mathematical model of FNN. The GWO and FA are
explained in section 4 and section 5 respectively. Section 6
talks about our proposed method to optimize the FNN with the
SI techniques. In Section 7, experiments and results are
presented. Conclusions are presented in section 8.
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Iris Dataset

The Iris flower data set or Fisher’s Iris data set is a
multivariate data set introduced by Ronald Fisher in his 1936
paper [2]. It is retrieved from the University of California at
Irvine (UCI) Machine Learning Repository [1].
The data set consists of 50 samples from each of three
species of Iris (Iris setosa, Iris virginica and Iris versicolor).
Each sample consists of four features: petal width, sepal width,
petal length, sepal length.
This data set is considered as a typical test case for many
statistical classification techniques in machine learning. In our
case, we will classify this data set using the Swarm Intelligence
(SI) techniques mentioned above.
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Where wjk is the connection weight from the jth hidden
node to the kth output node, and ߠԢ݇ is the bias
(threshold) of the kth output node.
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Figure 1: Neural Network Structure
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Feed-Forward Neural Network

Feed-forward neural networks (FNN) are one-directional
neural networks with one-way connections between their
neurons. They consist of neurons arranged in different parallel
layers. The first layer is always called the input layer, whereas
the last layer is called the output layers. The layers in between
the input and the output are called the hidden layers. After
providing the inputs, weights, and biases, the outputs of this
network are calculated using the following steps: [7]
1) The weighted sums of inputs are first calculated by
Equation (1)
݊
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Where n is the number of the input nodes, Wij shows
the connection weight from the ith node in the input
layer to the jth node in the hidden layer, θj is the bias
(threshold) of the jth hidden node, and Xi indicates the
ith input
2) The output of each hidden node is calculated using
Equation (2)
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3) The final outputs are defined based on the calculated
outputs of the hidden nodes using equations (3) and
(4)

Grey Wolf Optimizer

Grey wolf (Canis lupus) belongs to Canidae family. Grey
wolves are at the top of the food chain and are considered as
apex predators. Grey wolves mostly prefer to live in a pack.
The leaders are called alphas and they can be either a male or
a female. The alpha is mostly responsible for making decisions
about hunting, sleeping place, time to wake, and so on. The
second level in the hierarchy of grey wolves is the beta. The
betas help the alpha in decision-making or other pack
activities. They act as the subordinate wolves. The lowest
ranking grey wolf are the omegas. The omega wolves always
have to submit to all the other dominant wolves. The wolves
which are not alphas, betas or omega are called deltas. The
delta wolves submit to the alpha and betas but dominate the
omegas. [6]
In addition to the social hierarchy of wolves, group
hunting is another interesting social behavior of grey wolves.
The main phases of grey wolf hunting are as follows: [9]
• Tracking, chasing, and approaching the prey
• Pursuing, encircling, and harassing the prey until it
stops moving
• Attack the prey
When designing the Grey wolf optimizer, we
mathematically model the social hierarchy of wolves by
considering the fittest solution as the alpha (α). Accordingly,
the second and third best solutions are named beta (β) and delta
(δ) respectively. The rest of the candidate solutions are called
omega (ω). In the GWO algorithm the hunting (optimization)
is guided by α, β, and δ. The ω wolves follow these three
wolves.
As mentioned above, grey wolves encircle their prey
during the hunt. In order to mathematically model encircling
behavior Equations (5) and (6) are proposed. [6].

Ԧ
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ܦ
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(5)
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(6)
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Where t indicates the current iteration, ܣԦ and ܥԦ are coefficient
vectors, ሬሬሬሬԦ
ܺ is the position vector of the prey, and ܺԦ indicates
the position vector of a grey wolf. ܣԦ and ܥԦ are given by
Equations (7) and (8)
ܣԦ ൌ ʹǤ ܽԦǤ ݎሬሬሬԦଵ െ ܽԦ

(7)

ܥԦ ൌ ʹǤ ሬሬሬԦ
ݎଶ

(8)

The pseudo code for the Grey Wolf Optimizer is shown in
algorithm 1.

Where components of ܽԦ are linearly decreased from 2 to 0 over
the course of iterations and r1, r2 are random vectors in the
interval [0, 1]. As mentioned above the grey wolves finish the
hunt by attacking the prey when it stops moving. In order to
mathematically model this behavior of approaching the prey,
the value of ܽԦ is decreased in each iteration. Note that the
fluctuation range of  ܣis also decreased by ܽԦ.
By using the above mentioned equations, a grey wolf
updates its position inside the space around the prey in any
random location. Grey wolves can recognize the location of
prey and encircle it. The hunt is usually guided by the alpha. A
new beta and delta emerge in each iteration as all the other
wolves update their positions. We assume that the alpha (best
candidate solution) beta, and delta have better knowledge
about the potential location of prey. This information is used
in order to mathematically simulate the hunting behavior of
grey wolves. Therefore, we save the first three best solutions
obtained so far and update the positions of the other search
agents (including the omegas) according to the position of the
best search agent. The following Equations (9) to (15) are
proposed in this regard. [6].
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Firefly Algorithm

The firefly algorithm (FA) is a meta-heuristic algorithm,
inspired by the flashing behavior of fireflies. A Firefly’s flash
acts as a signal system and attracts other fireflies. This is its
primary purpose. Flashing characteristics of fireflies can be
summarized by the following three rules: [12].
• All fireflies are unisex so that one firefly will be
attracted to other fireflies regardless of their sex.
• Attractiveness is proportional to firefly brightness.
For any couple of flashing fireflies, the less bright one
will move towards the brighter one. The brightness
decreases when the distance between fireflies is
increased. The brightest firefly moves randomly,
because there is no other bug to attract it.
• The brightness of a firefly is affected or determined
by the landscape of the objective function to be
optimized.
Fireflies are attracted towards the brighter fireflies, when
firefly j is more attractive than firefly i , then firefly i moves
towards j by step changes given in Equation (16).
మ

ܺ௧ାଵ ൌ ܺ௧  ߚ Ǥ ݁ ሾିఊೕ ሿ Ǥ ൫ܺ௧ െ ܺ௧ ൯
 ߙ௧ Ǥ ߳௧

(16)

Where β0 is the initial attractiveness of the firefly, αt is a
parameter controlling the step size, while ߳௧ is a vector drawn
from a Gaussian or other distribution function. Distance rij
between fireflies i and j is obtained by Cartesian distance
formula given by Equation (17).
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is evaluated based on the average MSE of all the training
samples as computed by Equation (19)
௦

ୀଵ
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The pseudo code for the Firefly Algorithm is shown in
algorithm 2.


 ଶ
σ
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(19)

Where s is the number of training samples, m is the number of
outputs, ݀ is the desired output of the ith input unit when the
kth training sample is used, and ݕ is the actual output of the ith
input unit when the kth training sample appears in the input.
Now the problem becomes a minimization problem with the
average MSE as the variable to be minimized.
During each iteration, the weights and biases of neural
network are updated based on the best solutions from the
previous iteration, therefore, as the neural networks evolve, the
MSE gradually decreases. If the SI algorithms are iterated over
sufficient number of iterations, then the best solution can be
obtained.

7

Evaluation

In this section the proposed SI techniques based trainer is
used to obtain the optimum classification for the Iris data set.
The parameters of the iris dataset are listed in Table 1.
Table 1: Parameters of the Iris Dataset
Parameters
values

6

Proposed Method

When training a Feed-Forward Network (FNN) using
meta-heuristics, the most crucial step is the problem
representation. In other words, the training problem should be
formulated in such a way that it is suitable for meta-heuristics.
[7]. The variables during the training of a neural network are
the weights and biases. A trainer should be able to find an
optimum set of values for weights and biases such that it
provides the highest classification and prediction accuracy.
Since the GWO and FA algorithm accepts the variables in the
form of a vector, the variables for these algorithms are
presented in Equation (18).
ሬԦ ൌ ൛ܹ
ሬሬሬԦǡ ߠԦ ൟ
ܸ
ൌ ൛ܹଵǡଵ ǡ ܹଵǡଶ ǡ ǥ ǡ ܹǡ ǡ ߠଵ ǡ ߠଶ ǡ ǥ ǡ ߠ ൟ

(18)

Where n is the number of the nodes, Wij shows the connection
weight from the ith node to the jth node, θj is the bias (threshold)
of the hidden and output nodes.
After defining the variables, we need to define the
objective function for the SI algorithms. The Mean Square
Error (MSE) is the most used parameter for the evaluation of a
neural network. Here, the difference between the desirable
output and the actual output that is obtained from the feedforward equations are stored. The performance of the network

Number of attributes

4

Number of training samples

150

Number of testing samples

150 as training samples

Number of classes

3

FNN structure

4-9-3

7.1

Experimental Setup

The Grey Wolf Optimizer and the Firefly algorithm have
been implemented in MATLAB R2015b. Tests were carried on
a PC with Intel(R) Core(TM) i7-4790 processor @2.10 GHz
with 16GB of RAM and Windows 7x64 Professional operating
system. In the experiments, the results obtained by the SI
techniques were generated and recorded. They were repeated
20 times and training processes were stopped when the
iterations reached a count of 100.
The results were also compared with PSO to verify that
GWO and FA out performs the conventional swarm based
PSO. The training process was initiated by generating random
weights and biases in the range of [-20, 20] for the iris data set.
Other initial parameters for the PSO, FA and GWO are shown
in Table 2.
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Table 2: The Initial Parameters of Algorithms
Algorithm
PSO

Parameter

Description

Topology

Table 3 shows that the GWO and FA outperform PSO by
achieving lower MSE and better classification accuracy.

Fully
Connected

FA

Cognitive Constant(C1)

1

Social Constant(C2)

1

Inertia Constant(ω)

0.3

Population size

40

Maximum number of iterations

100

Mutation Coefficient(α)

0.2

Attraction Coefficient Base

2

Value(β0)
1

Light Absorption

Figure 2: Best cost vs iteration number for Particle
Swarm Optimization algorithm

Coefficient(γ)

GWO

Population size

30

Maximum number of iterations

100

ߙԦ

Linearly
decreased

PSO was not able to find the optimal solutions for the iris
data. Figure 2 depicts the training performance of the Particle
data in 100 iterations with an average classification rate of only
78%.

from 2 to 0

7.2

Population size

150

Maximum number of iterations

100

Analysis of Results Obtained

In our experiments, the neural network architecture has
four inputs, three outputs and nine hidden neurons. Therefore,
it has 75 parameters consisting of weights and biases as shown
in Equation (20).
ܰǤ ݏ݈ܾ݁ܽ݅ݎܸ݂ܽ
ൌ ሺ݅݊ݏ݊ݎݑ݁݊ݐݑ
 ݏ݊ݎݑ݁݊ݐݑݐݑሻ݄݅݀݀݁݊݊݁ݏ݊ݎݑ
 ሺ݄݅݀݀݁݊݊݁ ݏ݊ݎݑ ݏ݊ݎݑ݁݊ݐݑݐݑሻ

(20)

The results of the training algorithms are presented in Table 3.
Table 3: Experimental Results after 10 Runs for PSO, FA and
GWO algorithms
Algorithm

MSE
(avg)

MSE
(Best)

Classificati
on Rate

PSO
FA
GWO

0.23149
0.0124
0.01585

0.0491
0.0027
0.0051

78.60%
99.33%
99.33%

Time
(Secon
ds)
182.9
521.5
178.5

Figure 3: Best cost vs iteration number for Grey Wolf
Optimizer algorithm.
Figure 3 shows the best MSE achieved with the GWO
algorithm. Figure 4 shows the best MSE achieved with the
Firefly Algorithm.
Both GWO and FA algorithms achieved an average
classification rate of 99.33%. The results testify that these
algorithms have superior local optima avoidance and achieve
better accuracy.
The time taken by FA to complete 100 iterations is way
higher than GWO. As shown in Table 2, the population size
considered for GWO was way higher than the population size
considered for FA and yet the overall execution time of the
GWO is far less than FA. These results prove that GWO is
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Figure 4: Best cost vs iteration number for Firefly
algorithm
suitable to tackle complex problems with larger population size
and still solve them in lesser time.
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Conclusion

In this paper, we carried out a comparative study of the
Firefly Algorithm, Grey Wolf Optimizer algorithm and
Particle Swarm Optimization. Firefly and GWO algorithms are
variants of Swarm intelligence. Both these algorithms were
used to train artificial neural networks for classification of Iris
dataset. The results from these algorithms were compared to
the particle swarm optimization algorithm.
Our simulation results for finding the optimal values of
weights and biases for the classification of the iris data set
suggest that the Grey wolf optimizer and the firefly algorithm
outperform the Particle Swarm Optimization (PSO) in terms of
shorter run time and better classification rate. The success rate
of 99.33% was achieved in just 100 iterations. However, it was
found that the Grey Wolf Optimizer finds the optimal weights
and biases of the neural network in nearly one third the time
required by the firefly algorithm.
Therefore, it can be concluded that swarm based GWO
and FA have the potential of solving a large number of NP hard
problems in the Engineering domain.
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