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ABSTRACT Feature selection represents an essential pre-processing step for a wide range of Machine
Learning approaches. Datasets typically contain irrelevant features that may negatively affect the classifier
performance. A feature selector can reduce the number of these features andmaximise the classifier accuracy.
This paper proposes a Dynamic Butterfly Optimization Algorithm (DBOA) as an improved variant to
Butterfly Optimization Algorithm (BOA) for feature selection problems. BOA represents one of the most
recently proposed optimization algorithms. BOA has demonstrated its ability to solve different types of
problems with competitive results compared to other optimization algorithms. However, the original BOA
algorithm has problems when optimising high-dimensional problems. Such issues include stagnation into
local optima and lacking solutions diversity during the optimization process. To alleviate these weaknesses
of the original BOA, two significant improvements are introduced in the original BOA: the development of
a Local Search Algorithm Based on Mutation (LSAM) operator to avoid local optima problem and the use
of LSAM to improve BOA solutions diversity. To demonstrate the efficiency and superiority of the proposed
DBOA algorithm, 20 benchmark datasets from the UCI repository are employed. The classification accuracy,
the fitness values, the number of selected features, the statistical results, and convergence curves are reported
for DBOA and its competing algorithms. These results demonstrate that DBOA significantly outperforms
the comparative algorithms on the majority of the used performance metrics.

INDEX TERMS Butterfly optimization algorithm, feature selection, local search algorithm based on
mutation.

I. INTRODUCTION
In the last years, feature selection received more attention
from researchers due to its ability to improve the performance
of machine learning classifiers and to decrease the prob-
lem dimensionality. Feature selection can remove irrelevant,
redundant, and noisy features from the dataset while retaining
the most informative and relevant features. Feature selection
is a crucial step in many applications such as sentiment
analysis, cancer detection, medical applications, image clas-
sification, intrusion detection, software fault prediction, text
classification, spam classification, and many more. In these
applications, the use of all features which are included in the
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dataset will result in performance degradation and increase
the computational cost [1].

Generally speaking, there are two main types of feature
selection methods: filter-based methods and wrapper-based
methods. Chi-Square (Chi) and Information Gain (IG) are
some examples of filter-based methods [2]. On the other
hand, the wrapper-based methods mainly work based on
using an optimization algorithm to select the optimal subset
of features. In filter-based feature selection, the features are
ranked before using a machine classifier, which means that
there is no direct contact between the used filter feature selec-
tion method and the used classifier. On the other hand, in the
wrapper-based method, features are selected by an optimiza-
tion algorithm and the used classifier. Therefore, in wrapper
mode, there is a direct interaction between the features and
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the used classifier. In the wrapper-based method, a fitness
function will be used by the optimization algorithm to find
the quality of the selected features taking into account the
achieved classification accuracy and the number of selected
features [2].

In the literature, there are several studies that applied
optimization algorithms for feature selection problem.
For example, [3], [4] improved whale optimization algo-
rithm (WOA) and used it for feature selection, [5] improved
particle swarm optimization (PSO) and used it for feature
selection, [6] used Grasshopper optimization algorithm
(GOA) for feature selection, [7] used Firefly algorithm (FFA)
for feature selection, [8] used Differential Evolution (DE)
for feature selection, [1] improved Salp Swarm Algo-
rithm (SSA)and used it for feature selection, [9] used Genetic
Algorithm (GA) for feature selection, [10] used Grey Wolf
Optimization (GWO) for feature selection, [11] improved
Gravitational Search algorithm (GSA) and used it for feature
selection, [12] used fish swarm optimization (FSO) for fea-
ture selection, [13] improved crow search algorithm (CSA)
and used it for feature selection, [14] improved Dragon-
fly Algorithm (DA) and used it for feature selection, [15]
improved social spider algorithm (SSA) and used it for fea-
ture selection, [1], [16] improved Salp Swarm Algorithm
(SSA) and used it for feature selection, [2] improved Harris
hawks optimization (HHO) and used it for feature selection.

However, based on the random nature of optimization
algorithms, there is no single optimization algorithm that
is superior to all other optimization algorithms. In other
words, one optimization algorithm can be superior over some
datasets or specific types of problems but not all datasets
or problems. Also, based on No-Free-Lunch (NFL) theorem,
there is no one specific optimiser that is adequate to solve
all types of problems, and at the same time, it outperforms all
other algorithms. Therefore, based on the NFL theorem, there
are many available opportunities to develop new optimization
algorithms or improve the available algorithms, where these
algorithms can be superior to the available algorithms [17].
Thus, the NFL theorem motivated this study to use But-
terfly Optimization Algorithm (BOA) for feature selection
problems. BOA represents one of the recently proposed opti-
mization algorithms which mimics the butterflies’ behaviour
for food foraging [18]. Besides, BOA has been applied to
different types of problems and proved its efficiency and
performance compared to other state-of-the-art optimization
algorithms.

The authors in [18] showed that BOA could be superior to
other modern and well-known optimization algorithms on a
set of benchmark functions and classical engineering prob-
lems. However, in high dimensional problems as an FS prob-
lem, the BOA algorithm may be stuck in local optima. Also,
it has a solutions diversity problem. Therefore, in this paper,
we propose a new DBOA for the FS problem, which works
in a wrapper mode. This new algorithm encapsulates two
major improvements to the original BOA algorithm to solve
its weakness. Based on included improvements in DBOA,

it can avoid being stuck into local optima and improve the
diversity of the solutions. Themain contributions of this study
are summarised as follows:

1) To Introduce DBOA novel algorithm for FS in wrapper
mode, where the new DBOA represents an improved
version of the original BOA.

2) The main improvement to the BOA algorithm includes
the development of a new LSAM algorithm, based
on the mutation operator. LSAM works in two ways,
including 1) improving the current best solution to
solve local optima problem; 2) Selecting random solu-
tions from other solutions and improve the selected
solutions to enhance the diversity of the solutions.

3) The performance of the proposed DBOA is tested and
evaluated on 20 benchmark datasets from the UCI
repository.

4) The performance of DBOA is compared with six
well-known optimization algorithms. Based on the
conducted experiments, it reveals the superiority and
outperformance of DBOA in comparison to these algo-
rithms. Also, the performance of DBOA is compared
with three variants of BOA, which were applied for the
feature selection problem.

The rest of the paper is structured as follows: Section II
presents related works. Section III presents the details of the
BOA algorithm, LSAM algorithm and describes the details of
the proposed DOBA algorithm. The conducted experiments
and discussion are presented in Section IV. Finally, Section V
includes the paper conclusion

II. RELATED WORK
In literature, different types of optimization algorithms or
its improvements (variants) have been proposed for solving
the FS problem in wrapper mode. For example, [14], [19]
improved Dragonfly Algorithm (DA) for the FS problem.
Reference [20] used Ant Colony Optimization (ACO) for
the FS problem. Reference [21] used the Genetic Algo-
rithm(GA) for the FS problem. References [4], [22] improved
Whale Optimization Algorithm (WOA) for the FS problem.
Reference [23] improvedAnt LionOptimizer for the FS prob-
lem. Reference [24] used Harris hawks optimiser (HHO) for
the FS problem [25] hybridised GreyWolf Optimizer (GWO)
with WOA for the FS problem. [1], [26]–[28] improved Salp
Swarm Algorithm (SSA) for the FS problem [15] used Social
Spider Algorithm (SSA) for the FS problem. Reference [6]
used the Grasshopper optimization algorithm (GOA) for the
FS problem. Reference [29] improved Crow Search Algo-
rithm (CSA). Reference [30] improved the Firefly Algorithm
(FA) for the FS problem and many more studies.

However, based on the NFL theorem, many opportunities
are still available to develop or improve variants of the exist-
ing optimization algorithms and use it for the FS problem.
Therefore, this has motivated our study to improve the recent
BOA algorithm and use it for the FS problem. BOA algo-
rithm was developed by [18], where the BOA idea originates
from mimicking the food search and mating behaviour of
butterflies in our nature. Furthermore, the effectiveness and
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simplicity of BOA has attracted many studies and confirmed
its efficiency and outperformance to solve different problems.
For example, [31] used BOA for the power systems. Refer-
ence [32] used improved BOA by introducing the adaptive
mechanism for updating the sensory value at each iteration
in the original BOA and applied it for some benchmark
functions.

The authors in [33] improved BOA by using learning
automata and applied it to a number of benchmark functions
and engineering design problems. Reference [34] improved
BOA by using the mutualismmechanism of symbiosis organ-
isms search (SOS) and applied it for four real-life problems.
Reference [35] used BOA for vehicle designs. Reference [36]
used BOA for finding the optimal biases and weights of
artificial neural networks (ANN) and used it for Data Clas-
sification. Reference [37] used BOA for stock forecasting.
Reference [38] used GA with BOA for the optimal load flow
problem, by taking the results of BOA as an initial result for
the GA algorithm. Reference [39] used BOA for power point
tracking of photovoltaic systems.

The authors in [40] improved BOA using a logistic chaotic
map and used it for the heat recovery system. Reference [41]
used BOA for optimising the parameters of the control
system. Reference [42] used the BOA for regression test
suite optimization problem. Reference [43] improved BOA
by using a chaotic Tent map for population initialisation
and adaptive weight, then applied it for finding the opti-
mal parameter settings for the least square support vec-
tor machine (LSSVM) and used the improved algorithm
for the household CO2 emissions problem. Reference [44]
improved BOA to be used in Capacitated Vehicle Routing
Problem (CVRP), where they applied intra route operators of
CVRP, includingmove operator, swap operator, and inversion
operator as local search operators in BOA. Reference [45]
improved BOA by using a cross-entropy method and applied
it to benchmark functions and engineering design problems.
Reference [46] improved BOA by using the inertia weight
of the PSO algorithm and random population restart strategy
for optimising some benchmark functions. Reference [47]
proposed an unbiased version of BOA and applied it to some
functions.

In comparison to the improved variants of BOA, which
were applied to the FS problem, the authors in [48] pro-
posed a binary version of the standard BOA algorithm using
two transfer functions. These functions are used to map the
continuous search space of BOA to a discrete one. They
transformed the continuous butterflies’ positions into their
corresponding binary values, where the employed function is
Sigmoidal (S-shaped) transfer function in one BOA version.
Also, another binary variant of BOA was introduced using a
V-shaped transfer function. Asa result, they concluded that
the BOA binary version using S-shaped) transfer function
achieved the best results. They called the improved algorithm
Binary BOA (S-bBOA). Moreover, in work by [49], the main
improvements which were introduced into BOA include
1) the use of DE strategy; 2) the new initialisation strategy that

works by using a greedy strategy that will add or remove fea-
tures from the solution after ranking of features importance;
3) the improvement of the transfer function by adding the
butterfly fragrance to it to make it more adaptive; 4) the devel-
opment of evolution population dynamics (EPD) mechanism.
These improvements were used to reduce the randomness in
both BOA local search process and initialisation to improve
the balance between exploration and exploitation through the
search process. The modifications were expected to improve
the global search ability of BOA and the convergence speed
of BOA. They called the improved algorithm as optimization
and Extension of binary BOA (OEbBOA).

Further, in work by [50], authors combined BOA with
chaotic maps to improve solution diversity and exploitation
ability of BOA, and they called the improved BOA as Chaotic
BOA (CBOA). The improvement in their work includes the
replacement of r random variable in equations 2 and 3 with
chaotic map values. However, there is a clear difference
between these mentioned works and our proposed work.
In our proposed DBOA, the main improvement includes
developing a new LSAM algorithm based on the mutation
operator. This LSAM algorithm will work in two ways using
a mutation operator. The first part of the LSAM will improve
BOA’s exploitation by improving the current best solution,
while the second part of LSAMwill improve BOA solutions’
diversity.

III. THE PROPOSED DYNAMIC BUTTERFLY
OPTIMIZATION ALGORITHM (DBOA)
In this section, the BOA algorithm is first presented. Then,
the DBOA algorithm is proposed.

A. THE ORIGINAL BUTTERFLY OPTIMIZATION
ALGORITHM (BOA)
BOA is one of the newly metaheuristic optimization algo-
rithms proposed by [18]. This algorithm mimics the food
foraging and finding mating partner behaviours of butter-
flies. Butterflies chemoreceptors that scattered on their bod-
ies and work as sense receptors. The butterflies use these
chemoreceptors for sensing/smelling the fragrance of the
flowers/food. Also, the chemoreceptor helps the butterfly
to find the optimal mating partner. Butterflies generate a
fragrance with an intensity level while it is changing its
places. This fragrance guides the search-agents (butterflies)
movement in the BOA algorithm. Based on the fragrance
intensity, if a given butterfly fails to sense the fragrance
of any butterfly within the search space, this butterfly will
do exploitation (local search) by moving to a new random
selected position. In case the butterfly senses the fragrance of
the best butterfly, then it will move toward that butterfly, and
this is called exploration (global search).

In the BOAalgorithm, the fragrance is defined as a function
of the stimulus intensity and can be determined by using
equation (1) as follows:

f = cIa, (1)

where f is the fragrance magnitude emitted by a given but-
terfly, c is the sensory modality with its values over the range
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FIGURE 1. The BOA Pseudocode.

[0, 1], I is the stimulus intensity of the emitted fragrance by
butterfly, and a is the power exponent that is dependent on the
sensory modality with its values over the range [0, 1]. Also, a
responsibility is to control the degree of fragrance absorption
by stimulus intensity. Based on f value, there are two main
equations for updating butterflies’ positions in BOA. The first
equation is responsible for global search and represented by
equation (2), while the local search is represented by equation
(3) as follows:

x t+1i = x ti +
(
r2 × g∗ − x ti

)
× fi, (2)

x t+1i = x ti +
(
r2 × x tj − x

t
k

)
× fi, (3)

where g∗ value represents the best solution at the current
iteration, fi is the fragrance magnitude of the ith butterfly, r
represent a random value over the interval [0, 1], x tj repre-
sents the jth butterfly, and x tk represents the kth butterfly of
the available solutions space. The pseudocode of the BOA
algorithm is shown in Figure 1.

As shown in Figure 1, the BOA algorithm contains
two search phases: local and global search. The switch-
ing between these two phases is controlled by the switch
probability ρ, which means that if the value of r(randomly
generated value) is less than p, then BOA will do a global
search (exploration); otherwise, it will make a local search
(exploitation).

B. THE NOVEL LOCAL SEARCH ALGORITHM BASED ON
MUTATION (LSAM) OPERATOR
In this study, a novel local search algorithm based on a muta-
tion operator is proposed. The pseudocode of this algorithm

is shown in Figure 2. As shown in Figure 2, LSAM works
in two folds by either improving the current best solution
or by improving the quality of other solutions. LSAM at
first receives the current best solution g∗ from BOA at the
end of each iteration. Then, LSAM will apply the mutation
operator on g∗, if the new mutated solution is fitter than g∗,
then the new solution will replace g∗. Otherwise, LSAM will
select a random solution from the other remaining solutions
and do the same previous process. If the fitness value of
the mutated solution is better than the fitness value of the
selected solution, then it will replace the selected solution
with the new mutated solution. LSAM will repeat these steps
Num_iterations times. Finally, if it finds a better solution,
it will assign it to g∗.
The proposed LSAM algorithm, as shown in Figure 2, will

iterate for a specified number of times trying to improve
the best solution or the other solutions in the population.
In each iteration of LSAM, LSAM will mutate the current
best solution. Then, LSAMwill check the fitness value of the
new solution, and if it is better than the current best solution,
then it will replace the current best solution with the new
mutated solution position; otherwise, LSAM will select one
solution randomly from the other available solutions, if the
fitness of the new mutated solution is better than the selected
solution, then LSAM will replace the randomly selected
solution with the new mutated solution position. After that,
LSAM will continue the process of improvement based on
the Num_iterations variable of LSAM. Therefore, LSAM can
improve the best solution to avoid local optima and improve
other solutions diversity by replacing the worst solution with
a fitter one.
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FIGURE 2. Pseudocode of LSAM algorithm.

FIGURE 3. The DBOA Pseudocode.

C. DYNAMIC BUTTERFLY OPTIMIZATION ALGORITHM
(DBOA)
Based on the previous sections, the complete pseudocode
of the proposed DBOA algorithm is shown in Figure 3.
As shown in the figure, the main improvement to BOA
includes the development of the LSAM algorithm, which

can improve the exploitation of BOA and solutions diver-
sity. Therefore, at the end of each DBOA iteration, DBOA
will call the LSAM algorithm, which in turn can improve
the current best solution or improve other population ele-
ments based on selecting a solution randomly from the other
solutions.
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TABLE 1. Description of the experimental datasets.

IV. EXPERIMENTAL RESULTS AND DISCUSSION
A. DATASETS
We selected 20 datasets from the UCI datasets repository
to serve as experimental benchmarking datasets to verify
the effectiveness of the proposed DBOA algorithm com-
pared to other optimization algorithms. The description of the
experimental datasets is presented in Table 1.

B. PARAMETERS SETTINGS
In this subsection, the parameter settings of all experiments
are represented as follows: we used 5-fold cross-validation
for all experiments, where four-folds are used for training
and one-fold used for testing. To conduct a comprehen-
sive comparison to ensure the effectiveness of the proposed
algorithm with recent optimization algorithms, we com-
pared our proposed DBOA algorithm with the original BOA
and other state-of-the-art optimization algorithms, such as
Genetic Algorithm (GA), Grasshopper Optimization Algo-
rithm (GOA) [51], Particle Swarm Optimization (PSO), Ant
Lion Optimizer (ALO) [52], and A Sine Cosine Algorithm
(SCA) [53]. All parameter settings for each of the proposed
algorithm and baseline algorithms are reported in Table 2.

To compare the performance of the proposed algorithm
with all baseline algorithms, we used four metrics, namely,
classification accuracy, the number of selected features, fit-
ness value, and the p-values based on the Wilcoxon test. All
reported results are based on the average values over the thirty
distinct runs. The general parameter settings are presented
in Table 3.

C. RESULTS AND ANALYSIS
To verify the effectiveness of the proposed DBOA, we con-
ducted a comparison between DBOA and the baseline opti-
mization algorithms (BOA, GA, GOA, PSO, ALO, and SCA
using the four-evaluation metrics. The following will discuss
one by one evaluation metrics results.

TABLE 2. Parameter settings of each optimization algorithm.

TABLE 3. Parameter settings of all competing algorithms for all
experiments.

Accuracy: In Table 4, we report the comparisons based on
the classification accuracy betweenDBOA and other baseline
algorithms on all 20 datasets. Table 4 demonstrates that the
proposed DBOA has shown better classification accuracy
than all other baseline algorithms on all 20 datasets.

DBOA outperformed all other baseline algorithms with
average accuracy 7.83%higher than BOA, 4.71%higher than
GA, 8.09% higher than GOA, 3.00% higher than POS, 8.94%
higher than ALO, and 7.18% higher than SCA.

The number of selected features: Table 5 shows the aver-
age number of selected features DBOA and other baseline
algorithms over 30 runs. As shown in Table 5, DBOA has
selected the lowest minimum number of features for 17 out
of 20 datasets compared to other baseline algorithms. For
the vowel dataset, the POS algorithm selected the lowest
minimum number of features. For spambase, and waveform
datasets, the ALO algorithm selected the lowest minimum
number of features. However, the obtained classification
accuracy of ALO on these two datasets (spambase, and
waveform datasets) were 0.89583 and 0.79963, respectively.
We may conclude that the selection of the lowest minimum
using the ALO algorithm has reduced the classification accu-
racy on both datasets compared to the classification accuracy
of the other algorithms, as reported in Table 4. This observa-
tion is evident that DBOA has a robust balance between the
lowest number of selected features and classification accu-
racy compared to all other baseline algorithms. Therefore,
this analysis can be interpreted as that the DBOA emphasises
on selecting the informative features that are essential for
better classification accuracy.

Fitness value: Table 6 shows the findings of fitness value
measurement. Based on reported fitness values of DBOA
in comparison with other baseline optimization algorithms,
we can confirm the superiority of DBOAcomparedwith other
baseline optimization algorithms over all of the 20 datasets.
Furthermore, the experiments are conducted using datasets of
various sizes (as shown in Table 1) to ensure the competence
of the proposed DBOA and to have a consistent performance
regardless of the size of the dataset.

A statistical test (p-values based on the Wilcoxon test):
To ensure the significance of improvement of classification
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TABLE 4. The average classification accuracy of the competing algorithms over 30 runs.

TABLE 5. The average number of the selected features of all competing algorithms over 30 runs.

TABLE 6. The average fitness values of all competing algorithms over 30 runs.

accuracy, the Wilcoxon statistical test was conducted as rep-
resented in Table 7. based on reported results, the P-value

is less than 0.05 for 18 out of 20 datasets (except for
libras and Yale) using PSO. Consequently, it is evident
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TABLE 7. The p-values based on the wilcoxon test of all competing algorithms in terms of the average classification accuracy over 30 runs (p ≥ 0.05 are
bolded).

TABLE 8. The classification accuracy of DBOA in comparison to other BOA varients.

that the improvement introduced by DBOA is statistically
significant.

As the convergence rate is crucial to optimization
algorithms, the convergence curves of all competing algo-
rithms were plotted to highlight the different algorithms
behaviours on all datasets. By contemplating Figure 4, two
main comparison perspectives will arise. Firstly, the DBOA
succeeded in obtaining lower fitness values in all datasets at
the early iterations even it did not converge yet compared to
other algorithms (either converged ones or not). This might
be imputed to the employed initialisation method, population
size, the search mechanism, etc., of the different algorithms.
Secondly and generally speaking, the DBOA converged
slower than all other algorithms on all datasets. However, this
slow convergencewas to further and better fitness values in all
datasets than all other algorithms. Evidently, this highlights
the importance of the employed local search strategy (LSAM)
in finding the possible global optima or a closer solution
to it.

To further confirm the superiority of our proposed DBOA,
we compared it with the three variants of BOA, which were

applied for the FS problem. The comparison results between
DBOA and these works are shown in Table 8.

Based on the achieved results in Table 8, DBOA out-
performed these works in 15 datasets out of 20 datasets in
terms of classification accuracy results. Furthermore, for the
other five datasets, DBOA achieved comparative results in
comparison to other BOA variants. For example, compared
to other BOA variants, on the credit dataset, DBOA got the
2nd rank, on ionosphere DBOA got the 3rd rank, on vowel
DBOA got the 2nd rank, on the vote dataset DBOA got the
2nd rank, and on QSAR dataset DBOA got the 2nd rank.
This DBOA outperformance is imputed to the new LSAM
employment to the BOA. Besides, these achieved results by
DBOA confirmed its ability to work efficiently over datasets
of different dimensionalities ranging from low, mid, to high.

The overall performance of the proposed algorithm in all
metrics - represented by getting better results compared to
the state of the art algorithms - is imputed to its ability to
improve both the current best solution and the other solu-
tions in the population. These modifications increase the
algorithm ability to reach unseen or hidden areas by other
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FIGURE 4. Comparison of Convergence curves of all competing algorithms over the 20 datasets.

algorithms mechanisms. In other words, the proposed DBOA
algorithm has several strengths, such as the ability to improve
the diversity of the solutions, avoiding the local optima

problem, and working on datasets with different dimension-
alities. However, the main limitation of the DBOA algo-
rithm is the slightly high execution time compared to other
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FIGURE 4. (Continued) Comparison of Convergence curves of all competing algorithms over the 20 datasets.

algorithms, which can be explored as a future work by devel-
oping a parallel version of the algorithm to reduce its time
complexity.

V. CONCLUSION
This paper proposed an improved version of the BOA algo-
rithm to solve feature selection problems. The improvements
were made to alleviate two drawbacks of this algorithm when
solving high-dimensional problems: local optima stagnation
and low diversity of the solutions during the optimization
process. The algorithm was integrated with a local search
algorithm based on a mutation (LSAM) operator to avoid
the local optima problem and to improve BOA solutions
diversity. The algorithm was called DBOA and was designed
in a way to solve binary problems.

The proposed method was tested on 20 case studies and
compared with a wide range of algorithms in the literature.
The obtained results -of four different metrics- demonstrated
the merits of the proposed method in solving feature selec-
tion problems. Referring to the No Free Lunch theorem in
optimization, this algorithm has the potential to supersede

existing algorithms in similar binary problems to feature
selection. Therefore, we suggest this algorithm as an alter-
native to solve binary problems due to its ability to select the
most informative features and discard the irrelevant features.
Also, the proposed algorithm is capable of exploring unseen
areas by other baseline algorithms.

For future work, it is recommended to develop a binary
multi-objective version of the proposed DBOA to address
conflicting objectives in multi-objective problems. Besides,
constrained handling methods can be integrated into DBOA
to solve constrained problems. In addition, further inves-
tigation could be made on the performance of combining
the LSAM algorithm with other optimization algorithms or
investigating the performance of the DBOA on a broader
range of real-world problems.
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