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BOSA: Binary Orientation Search Algorithm
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Abstract: Optimization algorithms have many applications in
solve the optimization problems in various sciences. The
Orientation Search Algorithm (OSA) is an optimizer that is
simulated the rules of a game called orientation game. In OSA
searcher agent are players of orientation game that moves on the
playground depending on the direction of the referee. in this
study, binary model of OSA which called Binary Orientation
Search Algorithm (BOSA) is proposed. BOSA and eight other
algorithms (BGA, BPSO, BGSA, BGOA, BBA, BMOA, and
BDA) are tested on twenty-three Benchmark test function.
Proposed BOSA has a high ability to solve optimization problems
compared to other algorithms according to the evaluation results.
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I. INTRODUCTION

Each optimization problem consists of three parts:

primary goals, secondary goals and decision variable.
purpose of optimization is to discover the most suitable
answer among possible solutions, somehow that first,
observe the constraints of the problem and then optimize the
problem [1]. Evolutionary algorithms have high ability to
solve optimization problems. In this regard many
optimization algorithms has been applied by the scholars to
solve optimization problems in various science such as
energy [2, 3], power engineering [4, 5], and energy carriers
[6, 7].

Physics-based algorithms are kind of optimization
algorithms that simulates the laws of physics. Simulated
Annealing (SA) [8] is one of this class which mimics the
process of gradual heating and cooling of metals. Spring
Search Algorithm (SSA) [9, 10] is modeled on Hooke's law.
Gravitation Search Algorithm (GSA) simulated the law of
gravity. Some of other physics-based algorithms are: Ray
Optimization (RO) algorithm, Magnetic Optimization
Algorithm (MOA), and Black Hole (BH).

Evolutionary-based algorithms are another kind of
optimization algorithms that simulates the birth process.

Revised Manuscript Received on November 08, 2019.
* Mohammad Dehghani

Mohammad Dehghani*, Dept. of Electrical and Electronics
Engineering, Shiraz University of Technology, Shiraz, Iran. Email:
adanbax@gmail.com

Zeinab Montazeri, Dept. of Electrical and Electronics Engineering,
Shiraz  University  of  Technology, Shiraz, Iran. Email:
Z.montazeri.2002@gmail.com

Om Parkash Malik, Department of Electrical Engineering, University
of Calgary, Calgary Alberta Canada. Email: maliko@ucalgary.ca

Gaurav Dhiman, Department of Computer Science, Government
Bikram College of Commerce, Patiala, Punjab 147004, India. Email:
gaurav.dhiman@thapar.edu

Vijay Kumar, Computer Science and Engineering Department,
National  Institute of  Technology, Hamirpur, India. Email:
vijaykumarchahar@gmail.com

Retrieval Number: A4215119119/2019©BEIESP
DOI: 10.35940/ijitee.A4215.119119

5306

Genetic Algorithm (GA) and Differential Evolution (DE)
are most popular of these methods. Some of evolutionary-
based algorithms are: Evolution Strategy (ES),
Biogeography-based Optimizer (BBO), and Genetic
Programming (GP).

Swarm-based algorithms are kind of optimization
algorithm that inspired from the foraging behaviors of
insects, natural processes of plants, and social behaviors of
animals. Particle Swarm Optimization (PSO), is inspired by
the social movement of the birds. Ant Colony Optimization
(ACO) is designed based on moving ants in order to select
the shortest route. Some of other Swarm-based algorithms
are: Emperor Penguin Optimizer (EPO), Grey Wolf
Optimizer (GWO), Following Optimization Algorithm
(FOA) [11], and Donkey Theorem Optimization (DTO)
[12].

In this paper, Binary Orientation Search Algorithm
(BOSA) is presented to optimize problems in various
science.

Orientation Search Algorithm (OSA) has been explained
in section 2. the Binary Orientation Search Algorithm
(BOSA) is introduced In section 3. Then the results of
BOSA are presented in section 4. Finally, in section 5,
conclusions is expressed.

Il. ORIENTATION SEARCH ALGORITHM (OSA)
[13]

OSA simulates the rules of a game named orientation
game. In this game players moves on the playground
depending on the direction of the referee.

The initial position of the players shown in (1).

Xi=(x}, o, xf, XM (1)

Here, xid is the position of dimension d of player i, and n
is the number of variables.

In each iteration, the player who have best value of the
fitness function is referee that is described in (2).

Referee =

minimization problem: location of min(fit) (2)
{ maximization problem: location of max(fit)

Here, fit is the value of the fitness function.

Referee’s hand direction is not necessarily the same as the
referee's direction of motion. However, players must only
consider the referee's hand. This direction is simulated in the
form of Eqgs. (3)-(4):

t
P= 08+027 @3)
Orintation?
B { sign (Referee® — Player®),rand < P; 4)
—sign (Referee® — Player?), else

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication



mailto:adanbax@gmail.com
mailto:z.montazeri.2002@gmail.com
mailto:maliko@ucalgary.ca
mailto:gaurav.dhiman@thapar.edu
mailto:vijaykumarchahar@gmail.com

BOSA: Binary Orientation Search Algorithm

However, each player must move in the direction of the
referee, some players may not be able to follow the referee.
This issue is simulated in (5) and (6).

t
error =0.2 (1 — T)
xa

L
B {Xid + rand Orintation? X2 ,rand > error
B XL +rand (X% — X2),  else

At each iteration, the location of the players is updated by
(1) to (6).

(5)

(6)

I11. BINARY ORIENTATION SEARCH

ALGORITHM (BOSA)

Although the Orientation Search Algorithm (OSA) is
admissible for continuous problems, cannot be used it to
binary problems. So, in this section, a binary model of this
algorithm named Binary Orientation Search Algorithm
(BOSA) is proposed.

In discrete space, each dimension of the particle position
is represented by zero and one. The motion of an agent in
any dimension means changing its value from zero to one or
from one to zero. Therefore, the displacement of each
dimension is calculated as a probability function which the
player's position updates based this probability function. In
BOSA, dXx’% is selected as the probability function limited
in interval [0 — 1]. Equation (7) shows the probability
function.

S(dX’4(t)) = |tanh (dX/%(t))] (7

The new position of each player based on the probability

function is simulated in (8).

If rand < S(dX74(t)) Then
X74(t + 1) = complement (X/%(t))

Else X/4(t+1) = X)%(t)

The different steps of Binary Orientation Search
Algorithm (BOSA) are described below:

Stepl. Defining system space and determining initial
values.

Step2. The initial positioning of the players.

Step3. Evaluation of the players.

Step4. Determination of the direction by the referee for
each player.

Step5. Updating the referee's position

Step6. Calculates the displacement probability function

Step7. Updating the player status.

Step8. Repeat steps 3 to 7 as long as the stop condition is
met.

Step9. The end.

®)

IV. RESULT AND DISCUSSION

performance of BOSA is compared with other algorithm
such as: Binary Grasshopper Optimization Algorithm
(BGOA), Binary Dragonfly Algorithm (BDA), Binary
Magnetic Optimization Algorithm (BMOA), Binary Bat
Algorithm (BBA), Binary Gravitational Search Algorithm
(BGSA), Binary Particle Swarm Optimization (BPSO), and
Binary Genetic Algorithm (BGA) on twenty-three
benchmark test.

A. Benchmark test function
This benchmark test function shown in table | to table IlI.

Table- I: Unimodal test functions

Fi(x) = Z::xiz [~100,100]™
Fy(x) = Z:w + Hzllxil [-10,10]™
0
F3(x) = Zi=1 (Zj=1x,-) [-100,100]™
Fo(x) =max{|x], 1<i<m) [~100,100]™
Fo(x) = Z:l[moocm — XD+ (x5 — 1D?)] [-30,30]™
Fs(x) = Zl:([xz +0.5])? [—100,100]™
F,(x) = Zilixf‘ + random(0,1) [-1.28,1.28]™
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Table- 11: Multimodal test functions (type 1)

m
Fa(x) = Z —x; sin (JTx]) [=500,500]™
i=1
m
Fy(x) = Z [ x? — 10 cos(2mx;) + 10] [-5.12,5.12]™
i=
1 m 1 m
Fio(x) = —20exp| —0.2 —Z x? | —exp (—Z cos(ani)) +20+e [-32,32]™
miaj=q miéaj=1
_ m
Fi.(x) = 40002 1_[ cos( ) +1 [—600,600]
Fa() = {10sin(ny1) D (= DL+ 10sin (myin)] + O — 17
i=
m
+ z u(x;,10,100,4)
=1 [—50,50]™
k(x; —a)® x> —a
u(x;,a,i,n) =<0 —a< x; <a
k(—=x; —a)™ X < -—a
Fi3(x) =0.1 { sin?(3mx,)
+ Z : — 12[1 + sin?Brx; + 1] + (x, — D2 [1 + 51n2(27rxm)]} [-50,50]™
+ Z u(x;, 5,100,4)
i=1

Table- 111:

Multimodal test functions (type 2)

—1
1 25 1
Fia(x) = <— + Z )
500 j_lj + Zl l(xl. - alj)6

[-65.53,65.53]?

1 xl(b + b; xZ) 4
Fis(x) = Z [-5,5]
15(x) [ b2 + b; iX3 + Xg
1
Fie(x) = 4x% — 2.1x¢ + §x1 + x1x, — 4x% + 4x3 [-5,5]°
5.1 5 1
Fi;(x) = (xz e —xZ+ = i 6) +10 <1 - %) cosx; + 10 [-5,10] x [0,15]

Fig(x) =14 (x; +x, + 1)2(19 — 14x; + 3x2 — 14x, + 6x,x, + 3x2)] X

[30 4+ (2x; —3x,)? x (18

— 32x; + 12x7 + 48x, — 36x,%, + 27x2)] [-5.5)*

4 3

Fio(x) = —Zi=1ciexp (- Zj=1 aij(xj - Pl-j)z) [0,1]3
4 6

Foo(x) = —Zi=1 ciexp (— Zj:l aij(xj - pl.j)z) [0,1]¢
5

Fa() == [0 —a)(X —a) +6e]” [0.10]*

For(x) = —27 (X —a)(X —a)" +6¢;]" [0,10]*
TR

Fr() ==Y " [(X=a)X = a) +6c]™ [0.10]*

B. Simulation and discussion

The functions F; — F; are unimodal benchmark test
function which are applied to evaluate the exploitation
ability of the optimization algorithms. The optimization
results for these functions are presented in table V. BOSA
has acceptable results compared to other algorithms in these
types of test functions.

In multimodal functions of Fg to Fy3, by increasing the
function dimensions, arriving at the minimum response of
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these functions is hardly possible. The optimization results
for these functions are shown in table V. The results of this
table show that BOSA Has good exploration power than
other algorithms.

The functions F14 - F23 with a low number of
dimensions have low local responses. The optimization
results for these functions are shown in table VI.

These results show that the BOSA can be applied to solve
optimization problems in various sciences.
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Table- 1V: Unimodal test functions results

BGA BPSO BGSA BDA BBA BMOA BGOA BOSA
F Ave | 1.95E-12 4.98E-09 1.16E-16 2.81E-01 7.86E-10 4.61E-23 5.71E-28 6.74E-35
! std 2.01E-11 1.40E-08 6.10E-17 1.11E-01 8.11E-09 7.37E-23 8.31E-29 9.17E-36
= Ave 6.53E-18 7.29E-04 1.70E-01 3.96E-01 5.99E-20 1.20E-34 6.20E-40 7.78E-45
2 [ std 5.10E-17 1.84E-03 9.29E-01 1.41E-01 1.11E-17 1.30E-34 3.32E-40 3.48E-45
E Ave | 7.70E-10 1.40E+01 4.16E+02 4.31E+01 9.19E-05 1.00E-14 2.05E-19 2.63E-25
® [ std 7.36E-09 7.13E+00 1.56E+02 8.97E+00 6.16E-04 4.10E-14 9.17E-20 9.83E-27
F Ave | 9.17E+01 6.00E-01 1.12E+00 8.80E-01 8.73E-01 2.02E-14 4.32E-18 4.65E-26
* [ std 5.67E+01 1.72E-01 9.89E-01 2.50E-01 1.19E-01 2.43E-14 3.98E-19 4.68E-29
F Ave | 5.57E+02 4.93E+01 3.85E+01 1.18E+02 8.91E+02 2.79E+01 5.07E+00 5.41E-01
> [ std 4.16E+01 3.89E+01 3.47TE+01 1.43E+02 2.97E+02 1.84E+00 4.90E-01 5.05E-02
E Ave | 3.15E-01 9.23E-09 1.08E-16 3.15E-01 8.18E-17 6.58E-01 7.01E-19 8.03E-24
¢ | std 9.98E-02 1.78E-08 4.00E-17 9.98E-02 1.70E-18 3.38E-01 4.39E-20 5.22E-26
F, Ave 6.79E-04 6.92E-02 7.68E-01 2.02E-02 5.37E-01 7.80E-04 2.71E-05 3.33E-08
std 3.29E-03 2.87E-02 2.77E+00 7.43E-03 1.89E-01 3.85E-04 9.26E-06 1.18E-06
Table- V: Multimodal test functions result
BGA BPSO BGSA BDA BBA BMOA BGOA BOSA
F Ave | -5.11E+02 | -5.01E+02 | -2.75E+02 | -6.92E+02 | -4.69E+01 | -6.14E+02 | -8.76E+02 -1.2E+04
& | std 4.37E+01 4.28E+01 5.72E+01 9.19EE+01 | 3.94E+01 9.32E+01 5.92E+01 9.14E-12
E Ave 1.23E-01 1.20E-01 3.35E+01 1.01E+02 4.85E-02 4.34E-01 6.90E-01 8.76E-04
° | std 4.11E+01 4.01E+01 1.19E+01 1.89E+01 3.91E+01 1.66E+00 4.81E-01 4.85E-02
F Ave | 5.31E-11 5.20E-11 8.25E-09 1.15E+00 2.83E-08 1.63E-14 8.03E-16 8.04E-20
01 std 1.11E-10 1.08E-10 1.90E-09 7.87E-01 4.34E-07 3.14E-15 2.74E-14 3.34E-18
Fuy Ave | 3.31E-06 3.24E-06 8.19E+00 5.74E-01 2.49E-05 2.29E-03 4.20E-05 4.23E-10
std 4.23E-05 4.11E-05 3.70E+00 1.12E-01 1.34E-04 5.24E-03 4.73E-04 5.11E-07
= Ave 9.16E-08 8.93E-08 2.65E-01 1.27E+00 1.34E-05 3.93E-02 5.09E-03 6.33E-05
121 std 4.88E-07 4.77E-07 3.14E-01 1.02E+00 6.23E-04 2.42E-02 3.75E-03 4.71E-04
Fis Ave 6.39E-02 6.26E-02 5.73E-32 6.60E-02 9.94E-08 4.75E-01 1.25E-08 0.00E+00
std 4.49E-02 4.39E-02 8.95E-32 4.33E-02 2.61E-07 2.38E-01 2.61E-07 0.00E+00
Table- VI: Multimodal test functions with low dimension result
BGA BPSO BGSA BDA BBA BMOA BGOA BOSA
F Ave | 4.39E+00 2.77E+00 3.61E+00 9.98E+01 1.26E+00 3.71E+00 1.08E+00 9.98E-01
Ylstd | 4.41E-02 2.32E+00 | 2.96E+00 9.14E-1 6.86E-01 | 3.86E+00 4.11E-02 7.64E-12
F Ave | 7.36E-02 9.09E-03 6.84E-02 7.15E-02 1.01E-02 3.66E-02 8.21E-03 3.3E-04
15 std 2.39E-03 2.38E-03 7.37E-02 1.26E-01 3.75E-03 7.60E-02 4.09E-03 1.25E-05
E Ave | -1.02E+00 | -1.02E+00 | -1.02E+00 | -1.02E+00 | -1.02E+00 | -1.02E+00 | -1.02E+00 | -1.03E+00
6 [“std 4.19E-07 0.00E+00 0.00E+00 4.74E-08 3.23E-05 7.02E-09 9.80E-07 5.12E-10
F Ave | 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01
Y1 std | 3.71E-17 9.03E-16 1.13E-16 1.15E-07 7.61E-04 7.00E-07 5.39E-05 4.56E-21
= Ave 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
8 1 std 6.33E-07 6.59E-05 3.24E-02 1.48E+01 2.25E-05 7.16E-06 1.15E-08 1.15E-18
E Ave | -3.81E+00 | -3.80E+00 | -3.86E+00 | -3.77E+00 | -3.75E+00 | -3.84E+00 | -3.86E+00 | -3.86E+00
¥ 1 std 4.37E-10 3.37E-15 4.15E-01 3.53E-07 2.55E-03 1.57E-03 6.50E-07 5.61E-10
E Ave | -2.39E+00 -3.32E+00 -1.47E+00 -3.23E+00 -2.84E+00 -3.27E+00 -2.81E+00 -3.31E+00
2 std 4.37E-01 2.66E-01 5.32E-01 5.37E-02 3.71E-01 7.27E-02 7.11E-01 4.29E-05
E Ave | -5.19E+00 | -7.54E+00 | -4.57E+00 | -7.38E+00 | -2.28E+00 | -9.65E+00 | -8.07E+00 | -10.15E+00
21 std | 2.34E+00 2.77E+00 1.30E+00 2.91E+00 1.80E+00 1.54E+00 2.29E+00 1.25E-02
= Ave | -2.97E+00 -8.55E+00 -6.58E+00 -8.50E+00 -3.99E+00 -1.04E+00 -10.01E+00 | -10.40E+00
2 ["std 1.37E-02 3.08E+00 2.64E+00 3.02E+00 1.99E+00 2.73E-04 3.97E-02 3.65E-07
= Ave | -3.10E+00 -9.19E+00 -9.37E+00 -8.41E+00 -4.49E+00 -1.05e+01 -3.41E+00 -10.53E+00
B 1 std | 2.37E+00 2.52E+00 2.75E+00 3.13E+00 1.96E+00 1.81E-04 1.11E-02 5.26E-06
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V. CONCLUSION

These days Random-based algorithms are applied for
optimization in different science widely. Most of these
algorithms are inspired by beings' behavior or physical
processes. In this paper, a binary model for Orientation
Search Algorithm named Binary Orientation Search
Algorithm (BOSA), based on the governing rules of a game,
is introduced. The players in this game try to find the
optimal response with the influence from each other and the
referee.

The performance of BOSA has been evaluated by twenty-
three benchmark test functions. The results indicates that
BOSA supply very competitive results as compared with
other optimization algorithm such as BGA, BPSO, BGSA,
BBA, BMOA, BDA, and BGOA. The results on tree types
of test functions shows that BOSA has acceptable results
compared to other algorithms.
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