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Abstract

Purpose: In recent years, meta-heuristic algorithms and their application in solving complicated, nonlinear, and high
dimensions problems have increased dramatically and the fact that meta-heuristic algorithms are used to solve complex
and changing problems of real life, has caused the algorithms world and their design to be very dynamic and alive; that's
why new algorithms are constantly being created. Hence, the purpose of this research is to introduce a novel meta-
heuristic algorithm called Military Optimization Algorithm (MOA).

Methodology: Inspired by military operations, the proposed algorithm was designed and presented. After coding,
Standard test functions and benchmark algorithms were determined to evaluate the performance of the algorithm.

Findings: The performance of new algorithm is analyzed by 23 standard test functions and compared to 8 benchmark
meta-heuristic algorithms including: Genetic Algorithm, Particle Swarm Optimization, Artificial Bee Colony, Shuffled
Frog Leaping Algorithm, and Imperialist Competitive Algorithm, Grey Wolf Optimizer, Whale Optimization Algorithm,
and Grasshopper Optimization Algorithm, by considering three indices of "average answers", "time complexity of
algorithm (speed)" and "Convetgence speed/ time". The results show the excellent performance of the proposed

algorithm.

Originality/Value: In this paper, inspited by militaty operations, a novel meta-heuristic algotithm called MOA is
introduced. It is population-based and stable with "random search", "dividing solution space into several regions and

allocating a part of the population to each region", "cavalry search", and "infantry search".

Keywords: Optimization, Meta-Heuristic algorithms, Military optimization algorithm, Evolutionary algorithms, Swarm
algorithms.
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Figure 1- The place of meta-heuristic algorithms in artificial intelligence.
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! Heuristic

2 Meta-heuristic

3 Alam Tabriz et al.

4 Ghahramani Nahr

5 Yaghini and Akhavan Kazemzadeh
¢ Mohammad Pour Zarandi

7 Single-solution

8 Population-based

° Sharifzadeh and Amjady
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Table 1- List of meta-heuristic algorithms with their specifications and features
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! Genetic Algorithm (GA)

2 Holland

% Simulated Annealing (SA)
4 Kirkpatrick et al.

5 Particle Swarm Optimization (PSO)

¢ Kennedy and Eberhart

7 Ant Colony Optimization (ACO)

8 Dorigo et al.

% Shuffled Frog Leaping Algorithm (SFLA)
19 Eusuff and Lansey
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! Imperialist Competitive Algorithm (ICA)

2 Atashpaz-Gargari and Lucas

3 Artificial Bee Colony Algorithm (ABC)

4 Karaboga and Basturk

5 Biogeography Based Optimization (BBO)

% Simon

7 Human-Inspired Algorithm (HIA)

8 Zhang et al.

? Consultant-Guided Search (CGS)

19 Jordache

! Chemical Reaction Optimization (CRO)

12 Lam and Li

13 Galaxy based Search Algorithm (GbSA)

14 Shah-Hosseini
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12 Teaching-Learning Based Optimization (TLBO)

2Rao et al.

3 Anarchic Society Optimization (ASO)

4 Shayeghi and Dadashpour

5 Grey Wolf Optimizer (GWO)
¢ Mirjalili et al.

7 Golden Ball (GB)

8 Osaba et al.

° Exchange Market Algorithm (EMA)

19 Ghorbani and Babaei

'"lons Motion Algorithm (IMA)

12 Javidy et al.

13 Stochastic Fractal Search (SFS)

14 Fractal
15 Salimi

16 Brain Storm Optimization (BSO)

17 Shi
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Table 2- Standard test functions with their specifications.
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) «2 [-100, F1
Fxd =00 g = 2 ol 3% 00 (Sphere)
oo s F2
FX) =0  F(x)= It " 30 [1,1] (Sum of different
i=1 « power)
: F3
F(x) =- _ “4—21x2+xP3). x2 + by : .
10316 W= X Xy +(asax2) X2 ol 2 [3,3]  Six-hump Cargzlc?(
F)=-1  F(x)= 1+ cos(124/X,2 + X,2) = 5 [-5.12 F4
h h 0.5(X% + X,2)+2 sl ,5.12] (Drop wave)
n S5 [-5.12 F5
Fx)=0  F(x)= >i-x? 30 ' weighted sphere )
o Les ,5.12]
i=1 = (model
1+ (X, + X, +1)%-(19-14X, .
F =3 Fix) = +3XZ 14X, +6X,X, +3X2))- had 2 [2.2] F6
(30+(2X, —3X,)?- (18 - 32X, +12X 2 ol ' (Goldstein-Price)
+48X, —36 X, X, +27X2)) i
- - 8 Teos( X = [-600 , F7
F)=0  F(x)= 23000 L1eosp+1 ol 30" gooj (Griewangk)
F8
n S5 -
- - *iy2 [-5.12 Moved axis )
Fx)=0  Flx)= ;5 - X ol 30 517) parallel hyper-
(ellipsoid
ey
} U . [-5.12 F9
F(x)=0 F(x) = 10 n+§(xI +10c0s(2- 7 - %)) o 30 '512] (Rastrigin)
F=0  Fx)= $°100(x; 1~ ) + (- %) S) 30 2048, Rosenbro'i::IL(O
= o 2.048] ( )
-F(x) = R
= 4 _ 2 2 ['10 y F11
0_35232 F(x) = 1/4X¢ —1/2X2 +1/10X, +1/2XZ o 2 10] (Aluffi-Pentiny)
ey
- e . [-10, F12
Fx =0 F(x) = (ol =97+ (e[ -5) e 2 10] (Becker and Lago)
ey
) ) 0 Bcos(rX. ) O eostin s [-100, F13
F(x)=0 F(x) = X7 +2X% —0.3cos(37X,)—0.4c0s(47X,) +0.7 ol 2 100] (Bohachevsky1)
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- - 2, 2 - - + * ['50 f F14
Fx)=0  F(x)= X1 +2X5 —0.3c0s(3rX) (47X ;) +0.3 ol 2 50] (Bohachevsky?2)
ey
_ 72 _ey2 N ['10 y F15
F(x)=0 F(x) = (X1 +2X; =7)% +(2X; + X, —5) ol 2 10] (Booth)
Flx) = (X, — 5'12 x2+3 %, -6,)? +1o(1-8i)cos X, +10 i 2 [-5, F_16
0.39789  F(x) = ar 4 4 sl 15] (Branin)
F(x) =- N ? 01 d F17
04  Flx)= 200 o 4 P oosine mixture)
Fx)=0  F(x)= —exp(—0 SZn: X?) = 30 [1,1] Fi8
e ol ' (Exponential)
&
} ; 0L [-1.28 F19
FX)=0  F(x)= 2.(x)" + Random(0.1) e 30 108 (Quartic)
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Table 2- (Continued).

Syl e &bdsed  Shy ow asals &b
F=0 F(x)= >.(X;+05)? <l S5 30 [-100, 100] F20
io1 (Step)
(1.5 X, + X;X,)? F21
= = 25— 2)? Los S -
F(x)=0 F(x) :gggs 7x)1(:+x)1(>1<§§)2 = 2 [45,45] (Beale)

100(X 2 + X5)2 + (X, —1)? +
=0 F= X —1)2 +90(XZ + X)) + oles 4 [-10, 10] F22

10.1(X, —1)2 + X, — 1) + (Colville)
19.8(X5 — (X, —1)

F)=0 F(x)= 0.26(X{+X3)-0.48X,X s Ss2 [10,10] Fas
2B(Xi+X3)=0.48X,%, : ' (Matyas)
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Table 3- Adjustment of genetic algorithm parameters.

poo g podghaw sl el o bl e,
0.9 0.8 0.7  Crossover Percentage pc 1

0.3 0.2 0.1  Mutation Percentage pm 2

0.03 0.02 0.01 Mutation Rate mu 3

4 3 2 TournamentSize  TourSize 4

10 8 5 Selection Pressure SP 5
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Table 4- Results of implementation of algorithms for solving test functions.

PO
&y
MOA GOA WOA GWO GA ICA SFLA PSO ABC
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1 7 6 2 9 5 4 3 8 4, o
_n30 £
2.609 12.636 0.757 3.610 8.075 4.048 144 8 4.461 7 863 Ll oloj Sl 2
2 8 1 3 7 4 9 5 6 45,
0 4.947E-08 26.036 2.718E-186  2.920E-09 3.975E-16 1.970E-18 1.437E-39 .739E-07 ooy (Siles §
=
1 7 9 2 6 5 4 3 8 43, S
_ n=30 -
3.346 13.091 1.768 4.054 5.659 4.678 18.465 4.86 7.610 Ll ooy (eSSl S
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2 8 1 3 6 4 9 5 7 a3, Ez
l) o
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o
1 1 1 1 1 1 1 1 1 a3,
n=2
1.938 10.300 0.575 2.412 4.003 2.705 5.660 2.931 4.042 Ll by oSl §
=
2 9 1 3 6 4 8 5 7 a5, x5
v o
-1 -0.97663 -0.97235 -0.99363 -1 -1 -1 -1 -0.99979 ol Sl
1 4 5 3 1 1 1 1 2 %))
n=2
1.858 9.385 0.556 2.296 4.416 2.589 5.698 2.996 4.274 Ll oley (eSibee >
=
2 9 1 3 7 4 8 5 6 as, S
a
0 5. 26 0 3.318E-64 JE-01 1.236E-03 4.476E-08 4.925E-12 8.563E-02 ol (nSile g
=
1 8 1 2 7 5 4 3 6 43,
_ n=30
2.798 14.403 0.911 3.605 6.922 4.062 15.832 4.647 6.268 Ll ol (Sl .
o
- 0
2 8 1 3 7 4 9 5 6 45, £=
o @




3 3.00002 3 3 3 3 Lol ke
1 1 1 2 1 1 1 1 1 a5, 2
_ n=2 A
1.827 9.373 0.558 2.346 3.761 2.555 5.514 3.099 2 2l obes osSile £
z
2 9 1 3 6 4 8 5 7 43, S
(G
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O
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0 16. 695 0 2.T57E-63 _.468E-01 8.990E-03 3.120E-07 1.074E-11 3.371E-01 Slgz 5Sile 3
©
1 8 1 2 7 5 4 3 6 ) :
B n=30 ES
2.887 12.835 1.159 3.587 7.296 4.291 18.324 4.907 2 2zl olos 5eSila -
3 .
2 8 1 3 6 4 9 5 7 a3, g &
= =
0 81.659 0 7.070 38.743 58.769 35.09742 213.697 sz Sl
1 7 1 3 2 5 6 4 8 43,
B n=30
2.723 13.081 1.129 3.719 7.422 4.168 18.170 4.968 ) 2ok oSile =
=2
2 8 1 3 7 4 9 5 6 45, 2
o
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Table 5- Summary of analysis of variance.
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Table 6- Statistical summary of comparisons.
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Table 7- Convergence time of algorithms.
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