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Butterfly optimization algorithm (BOA) is a recently introduced nature inspired meta-heuristics that
mimics the natural foraging and mating behavior of butterflies. The framework of BOA is based on the
fragrance emitted by the butterflies, which helps other butterflies in searching food as well as mating
partner. BOA performs both the global as well as local search while looking for the optimal solution
for the problem. Despite this BOA sometime stuck in local optima that result in slow or poor convergence.
This study embeds the bidirectional search in the structure of BOA to enhance the convergence. The pro-
posal is named as BBOA and experimented on a set of seven unimodal benchmark function along with
three real world problems.
� 2020 Elsevier Ltd. All rights reserved.
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1. Introduction

Optimization is the process of finding the best suitable solution
for any problem from a given set of feasible solutions. As the com-
plexity of the optimization problems rises, finding the optimal
solutions using traditional methods like gradient search base tech-
niques becomes a tough task or basically not recommended.
Stochastic metaheuristic techniques become the best choice to
solve the multimodal, non-linear and complex problems. To have
a brief overview of different metaheuristic algorithms, study done
by Rajpurohit et al. [1] can be referred. In this study a newly intro-
duced member – Butterfly Optimization, into the family of meta-
heuristic algorithms is explored to enhance its convergence rate.

Butterfly optimization algorithm (BOA) introduced in 2015 [2]
has gained the attraction of academicians and researchers to solve
optimization problems. BOA is inspired by the natural foraging and
mating behavior of butterflies. While foraging, butterflies emit a
fragrance that is sensed by other butterflies, which helps them in
search for food and mating partner. Despite of its capability of per-
forming both global as well as local search, BOA stuck in local
optima that may result in slow convergence. To enhance the global
search and convergence rate bidirectional searching capacity
defined by [3] is introduced in basic BOA. The proposal is named
as Bidirectional Butterfly Optimization Algorithm (BBOA). BBOA
is tested on a set of seven unimodal and three real word problems
considered as benchmark function/problems.

This study is premeditated as follows: BOA literature is briefly
discussed in 2nd Section; Working principle of BOA is presented
in 3rd Section. Motivation and proposed variant of BOA is dis-
cussed in Section 4. Test bed along with experimental settings is
given in 5th Section. Result analysis and conclusions with future
remarks are mentioned in Section 6 and 7 respectively.
2. Brief overview of advancements and applications of BOA

BOA is newly introduced metaheuristic in 2015 [2–4], this sec-
tion explored the modification and applications of BOA. In 2015
Arora and Singh [2] introduced BOA and embedded it with Levy
flight method to avoid trapping in local minima. In 2019 Arora
and Singh [2] introduced basic BOA and applied to the set of 30
benchmark problems along with three problems of engineering
design i.e. Tension/compression spring; Welded beam and Pressure
Vessel. Li et al. [5] in 2019, proposed an improved variant of BOA.
The cross entropy method is introduced in the structure of BOA to
improve the exploration capability as well as convergence rate. The
variant is named as BOA-CE, validated on a set of 19 benchmark
and three design problems of engineering i.e. Tension/compression
spring; Welded beam and Pressure Vessel problem. Restraints are
managed by penalty function. Zhi et al. in 2019 [6] applied
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improved BOA on an application of heat recovery system and able
to find the significant optimal results. Aygül et al. in 2019 [7]
implemented BOA to identify the tracking speed in PV system
under PSC.

3. Working of BOA

BOA is a newly introduced nature stimulated meta-heuristics
that mimics the butterflies natural foraging and mating behavior.
In a framework of BOA, the butterfly’s characteristics are assumed
as follows:

1. Each butterfly emits some fragrance that helps butterflies to
attract towards each other.

2. Butterflies forage randomly or directed towards the butterfly
emitting most fragrance.

3. Objective function’s landscape is used in determining the but-
terfly stimulus intensity

The fragrance (f) is calculated as a of butterfly stimulus intensity
function and given by Eq. (1):

f ¼ cIa ð1Þ
where c and a represents the sensory modality and power exponent
that depends on modality respectively. The values of a and c lies
between 0 and 1 i.e. c 2. I is stimulus intensity.

Global and local search are the two major phases involved in
BOA. During global search, a step towards the best position (g*)
based on the fitness value of the objective function is taken by
the butterfly as per the Eq. (2) defined below:

xtþ1i ¼ xti þ ðr2 � g� � xti Þ � f i ð2Þ
where x is a vector that represents ith butterfly position at time t, r
is a randomly generated number lies between 0 and 1; g* is a best
current position and f is the fragrance emitted by butterfly i.

The local search step is given by Eq. (3):

xtþ1i ¼ xti þ ðr2 � xtj � xtkÞ � f i ð3Þ
where xtj and xtk are vectors that represents jth and kth butterflies
position at time t. r and f are random number and fragrance
respectively.

Since the butterfly can forage and search for the mating partner
in any one of the steps i.e. global or local. But this can be affected
due to some natural calamities so an additional probability param-
eter (p) acts as a switch between global and local search.

BOA algorithm

Initialization of population of n butterflies (b) X = (x1, x2,. . ., xn)
with dimension d.

Define the values of parameters (a, c, and p)
Evaluate the intensity of stimulus (Ii) at xi
While some termination criteria not met do
For each b in X do
Evaluate fragrance f for b // Eq. (1)

End for
Identify the best b
For each b in X do

A random number rd is generated
If rd < p then
Perform global search using Eq. (2) // moving towards

butterfly with most fragrance.
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Else
Local search using Eq. (3) // random search is performed.
End if

End for
Update a’s value

End While
Optimal results achieved.
4. Motivation and the proposed BBOA

Since there is no free lunch algorithm [7] available and every
metaheuristic algorithm has some inherit limitations, which force
the researchers and academicians to introduce some modifications
in the basic structure of metaheuristic to enhance its employabil-
ity. The modifications may be the fusion of some local search tech-
niques, embedding the best phase of one algorithm in the structure
of other, modifying the searching mechanisms by adding some
parameters or self adaptive parameters based on nature of the
problem. Recently designed metaheuristic, Butterfly optimization
algorithm inherits the limitation of slow convergence. So, an
attempt is made to overcome this limitation. The concept of bidi-
rectional search is defined below is induced in BOA.

4.1. Bidirectional search

The concept of bidirectional random optimization, introduced
by Ahandani [8] is embedded in the structure of Butterfly Opti-
mization algorithm. This helps to perform the local search in for-
ward as well as backward direction. Greedy selection is
performed, while selecting the direction. If the solution improves
while traversing backward then backward traverse is adapted
otherwise forward. The concept used is described with the help
of expressions given below:

if f xþ Sð Þ < f xð Þ½ � ! x ¼ xþ S

else if f x� Sð Þ < f xð Þ½ � ! x ¼ x� S

else! no change in the present position

8><
>: ð4Þ

where x, f(x) and S represents the current position of butterfly,
objective fitness function value and step length respectively.

4.2. Bidirectional butterfly optimization algorithm (BBOA)

The proposed BBOA algorithm is presented below as algorithm
and flowchart in Fig. 1.

BBOA Algorithm

Initialization of population of n butterflies X = (x1, x2, . . ., xn)
with dimension d.

Define the values of parameters (a, c, and p)
Evaluate the intensity of stimulus (Ii) at xi
While some termination criteria not met do
For each b in X do
Evaluate fragrance f for b // Eq. (1)

End for
Identify the best b
For each b in X do
A random number rd is generated
If rd < p then
Perform global search using Eq. (2) // moving towards

butterfly with most fragrance.
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Table 1
Benchmark problems.

Function D Region Optimal
function
value

F1 xð Þ ¼Pn
i¼1x

2
i

30 [�100, 100] 0

F2 xð Þ ¼Pn
i¼1 xij j þ

Qn
i¼1jxij 30 [�10, 10] 0

F3 xð Þ ¼Pn
i¼1ð

Pi
j¼1xjÞ

2 30 [�100, 100] 0

F4 xð Þ ¼maxf xij j;1 � i � ng 30 [�100, 100] 0

F5 xð Þ ¼Pn�1
i¼1 ½100 xiþ1 � x2i

� �2 þ xi � 1ð Þ2� 30 [�30, 30] 0
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Else
Local search using Eq. (3) // random search is performed.
End if
Perform bidirectional search  // Eq. (4)

End for
Update a’s value

End While
Optimal results achieved.
F6 xð Þ ¼Pn
i¼1ð½xi þ 0:5�Þ2 30 [�100, 100] 0

F7 xð Þ ¼Pn
i¼1ix

4
i þ randð0;1Þ 30 [�1.28, 1.28] 0
5. Test bed and experimental settings

Seven benchmark functions are consulted from Liang et al. [9]
to test the proposal. The definition and the associated dimen-
sion and search space with optimal function value are given
in Table 1.

Further to validate the proposal three classical constrained
engineering design problems (CCED) [5]. The CCED are defined in
Appendix A along with the diagrams in Figs. 2–4.

The parameters for both the algorithm BOA and BBOA kept
the same as discussed in [2] to have the fair comparisons of sim-
ulated results. Initial population of butterflies is fixed to 100 and
30 runs are performed. 100 iterations are performed in each run.
BBOA is programmed in C++ and executed on 64 bit operating
Fig. 1. Flowchart of BBOA.
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system having i3-500U processor, CPU 2@GHz with 4 GB installed
memory.
6. Result discussion

6.1. Benchmark functions

Results are analyzed and compared with state of art algorithm
consulted from literature i.e. GA [10], PSO [11]. CSA [12], SSA
[13], BA [14], BOA [15]. The statistical results i.e. mean and stan-
dard deviation is presented in Table 2. For unimodal functions (F)
BBOA is able to perform at par in comparison to the other algo-
rithms taken for comparison. For F5 SSA algorithm performed well
while evaluating mean whereas for F6, PSO outperformed other
algorithms. The standard deviation achieved by BBOA is better
than SSA for F5. The results are tinted with bold face in Table 2 pre-
sents the best results.
Fig. 2. Problem of tension/compression design.

Fig. 3. Problem of welded beam design.
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Fig. 4. Problem of pressure vessel design.

Table 2
Statistically Simulated results.

F Stats. Algorithms

GA PSO CSA

F1 Mean 1.44 � 10�07 1.43 � 10�15 1.20 � 10�03

SD 4.32 � 10�07 3.42 � 10�15 5.64 � 10�04

F2 Mean 1.48 � 10�02 7.50 � 10�07 7.16 � 10�01

SD 6.05 � 10�02 3.30x 10�06 4.51 � 10�01

F3 Mean 5.20 � 10�01 2.30 � 10+00 8.30 � 10+00

SD 1.95 � 10�01 1.18 � 10+00 4.74 � 10+00

F4 Mean 1.88 � 10�01 2.01 � 10�01 1.35 � 10+00

SD 4.63 � 10�01 6.33 � 10�02 6.84 � 10�01

F5 Mean 1.87 � 10+01 4.28 � 10+01 4.19 � 10+01

SD 2.82 � 10+01 3.07 � 10+01 2.82 � 10+01

F6 Mean 1.56 � 10�07 1.47 � 10�15 9.65 � 10�04

SD 2.37 � 10�07 2.20 � 10�15 4.19 � 10�04

F7 Mean 3.79 � 10�01 3.22 � 10�02 9.87 � 10�03

SD 9.79 � 10�02 1.12 � 10�02 4.50 � 10�03

Table 3
Tension/compression spring problems.

GA [18] PSO [19] BA [20] HS [21]

d 0.05148 0.051728 0.05169 0.051154
D 0.351661 0.357644 0.35673 0.349871
N 11.632201 11.244543 11.2885 12.076432
Optimum 0.0127048 0.012675 0.01267 0.012671

Table 4
Welded beam problem.

GA [18] PSO [19] BA [20] HS [21] WO

h 0.205986 0.202369 0.2015 0.2442 0.20
l 3.471328 3.544214 3.562 6.2231 3.48
t 9.020224 9.04821 9.0414 8.2915 9.03
b 0.20648 0.205723 0.2057 0.2443 0.20
Optimum 1.728226 1.731485 1.7312 2.3807 1.73

Table 5
Pressure vessel problem.

GA [18] PSO [19] BA [20]

Ts 0.8125 0.8125 0.8125
Th 0.4375 0.4375 0.4375
R 42.097398 42.091266 42.098446
L 176.65405 176.7465 176.6366
Optimum 6059.9463 6061.0777 6059.714
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6.2. Engineering design problems

The constraints of CCED are handled using penalty method [16].
Three CCED are taken to validate the proposal for efficacy. Their
definition along with constraints and boundary conditions are
given in Appendix A. The parametric results for the first CCED i.e.
tension/compression spring are compared with GA [17]; PSO
[18]; BA [19]; HS [20]; CSA [21]; SSA [13]; ES [22] and DE [23].
The results are presented in Table 3. This can be analyzed that
the results are at par with that of state-of-art algorithms. Similarly
the results of other two CCED problems are presented in Tables 4
and 5. That again represent that the proposed BBOA is able to
achieve the optimal or near optimal results and are compatible
SSA BA BOA BBOA

6.70 � 10�09 1.46 � 10�04 1.57 � 10�14 4.92 � 10�27

1.23 � 10�09 7.98 � 10�04 7.69 � 10�16 2.17 � 10�29

6.00 � 10�06 2.57 � 10+01 9.14 � 10�12 1.75 � 10�17

1.33 � 10�06 3.93 � 10+01 1.37 � 10�12 9.31 � 10�16

8.33 � 10�10 2.42 � 10+03 1.60 � 10�14 8.61 � 10�16

3.05 � 10�10 2.18 � 10+03 9.73 � 10�16 5.11 � 10�18

1.23 � 10�05 3.56 � 10+01 1.09 � 10�11 3.47 � 10�13

1.99 � 10�06 6.27 � 10�13 6.72 � 10�13 1.87 � 10�15

1.26 � 10+01 1.47 � 10+02 2.89 � 10+01 4.81 � 10+01

2.86 � 10+01 2.71 � 10+02 3.95 � 10�02 7.86 � 10�02

4.74 � 10�10 1.06 � 10�14 5.05 � 10+00 1.28 � 10�01

1.44 � 10�10 5.40 � 10�14 5.34 � 10�01 9.27 � 10�01

2.06 � 10�03 1.25 � 10�01 6.68 � 10�04 1.18 � 10�04

1.22 � 10�03 4.30 � 10�02 3.25 � 10�04 1.15 � 10�04

CSA [13] SSA [14] ES [22] DE [23] BOA

0.051689 0.051207 0.051989 0.051609 0.051344
0.356717 0.345215 0.363965 0.354714 0.334881
11.289012 12.004032 10.890522 11.410831 12.6223
0.012665 0.012676 0.012681 0.0126702 0.012667

A [24] CSA [13] Random [25] Simplex [25] BBOA

5396 0.20573 0.4575 0.2792 0.20574
4293 3.470489 4.7313 5.6256 3.4798
7426 9.036624 5.0853 7.7512 9.03801
6276 0.20573 0.66 0.2796 0.2078
0499 1.724852 4.1185 2.5307 1.72491

HS [21] WOA [24] DE [23] BBOA

1.125 0.8125 0.8125 0.8125
0.625 0.4375 0.4375 0.4375
58.2789 42.0982699 42.098411 42.098456
43.7549 176.638998 176.63769 176.62446
7198.433 6059.741 6059.7341 6059.714
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with the state-of-art algorithms proposed by other researchers.
The best results are tinted in bold face in the Tables.

7. Conclusions and future scope

In the present study an enhanced variant of recently introduced
algorithm namely Butterfly Optimization algorithm is investigated
and named as Bidirectional Butterfly optimization algorithm
(BBOA). The bidirectional search is implemented in the structure
of BOA after the global as well as the local search steps. This
process not only helps in escaping from local optima as well as
accelerates the searching process in terms of convergence rate.
The proposed BBOA is investigated on a set of seven unimodal
benchmark functions consulted from literature. Further the
proposal is validated on three engineering design problems, where
the constraints are managed using penalty method. The simulated
results present the competency of the proposal with respect to
the state-of-art algorithms. In future the proposal would be
implemented on a large set of multimodal problems.

Declaration of Competing Interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Appendix A. Engineering design problems

Three classical engineering design problems are consulted from lit-
erature and defined below:

Appendix A.1 Tension/compression string design

minimizef zð Þ ¼ ðz3 þ 2Þz2z21
w.r.t.

g1 zð Þ ¼ 1� z32z3
71785z41

� 0

g2 zð Þ ¼ 4z22 � z1z2
12566ðz2z31 � zÞ þ

1
5108z21

� 1 � 0

g3 zð Þ ¼ 1� 140:45z1
z22z3

g4 zð Þ ¼ z1 þ z2
1:5

� 1 � 0

0:05 � z1 � 2:00;0:25 � z2 � 1:30;2:00 � z3 � 15:00
Appendix A.2 Welded beam design

minimizef zð Þ ¼ 1:1047z21z2 þ 0:04811z3z4ð14:0þ z2Þ
w.r.t.

g1 zð Þ ¼ s zð Þ � smax � 0

g2 zð Þ ¼ r zð Þ � rmax � 0

g3 zð Þ ¼ d zð Þ � dmax � 0

g4 zð Þ ¼ z1 � z4 � 0

g5 zð Þ ¼ P � PcðzÞ � 0
Please cite this article as: T. K. Sharma, A. Kumar Sahoo and P. Goyal, Bidirection
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g6 zð Þ ¼ 0:125� z1 � 0

g7 zð Þ ¼ 1:10471z21 þ 0:04811z3z4 14:0þ z2ð Þ � 5:0 � 0

wheres zð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðs0 Þ2 þ 2s0s0 0 z2

2R
þ ðs0 0 Þ2

r

s0 ¼ Pffiffi
2
p

z1z2
; s0 0 ¼ MR

J ; M ¼ PðLþ z2
2 Þ; R ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
z22
4 þ z1þz3

2

� �2q
;

J ¼ 2
ffiffiffi
2
p

z1z2
z22
4 þ z1þz3

2

� �2h in o
; rðzÞ ¼ 6PL

z4z23
; d zð Þ ¼ 6PL3

Ez33z4
;

Pc zð Þ ¼ 4:013E

ffiffiffiffiffiffi
z2
3
z6
4

36

q
L2

ð1� z3
2L

ffiffiffiffi
E
4G

q
Þ; P = 6000 lb; L = 14 in; E = 30 � 106

psi; G = 12 � 106 psi; rmax = 0.25 in; smax ¼ 30000psi; 0.1 � z1,
z4 � 2; 0.1 � z2, z3 � 10.

Appendix A.3 Pressure vessel design

minimizef zð Þ ¼ 0:6224z1z3z4 þ 1:7781z2z23 þ 3:1661z21z3

w.r.t.

g1 zð Þ ¼ �z1 þ 0:0193z3 � 0

g2 zð Þ ¼ �z3 þ 0:00954z4 � 0

g3 xð Þ ¼ �pz23z4 �
4
3
pz33 þ 1296000 � 0

g4 zð Þ ¼ z4 � 240 � 0

where0 < z1; z2 � 99;0 < z3z4 � 200
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