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2 4 CEC14
Table 2 Comparison of the experimental results of the 4 algorithms for the CEC14 test function
Si S S
Average Std. Dev Average Std. Dev Average Std. Dev
MFO 1. 52E+06 1. 24E+06 1. 40E+06 9. 17E+06 1. 46E+06 9. 13E+05
CMFO 3. 63E+05 3. 00E+05 3.20E+05 2.50E+05 3. 84E+05 3.39E+05
GCMFO 5.01E+03 1. 92E+01 5.01E+03 2.63E+01 5.01E+03 2.25E+01
CGMFO 9. 80E+01 2. 04E+00 9. 74E+01 2.21E+00 9. 84E+01 1. 32E+00
Ja Js Jo
Average Std. Dev Average Std. Dev Average Std. Dev
MFO 1. 23E+06 9. 12E+05 1. 39E+06 1. 15E+06 1. 37E+06 1. 00E+06
CMFO 3.36E+05 2. 85E+05 2. 74E+05 1. 85E+05 2. 00E+05 1. 50E+05
GCMFO 5.01E+03 2. 15E+01 5. 00E+03 2.55E+01 5. 00E+03 2. 15E+01
CGMFO 9. 82E+01 1. 70E+00 9. 83E+01 1. 96E+00 9. 80E+01 2. 05E+00
T=160
o T 160.
3.3.2 2
3 8 21 Benchmark (1) 3 21  Benchmark
30 Best 4 CGMFO
Worst Average  Std. Dev 7 o 14
1 . 3 fo=." (f1~18.f11~f13,
CGMFO N f18. £20.121) . 7
o CGMFO
CGMFO 7 1 0
8 Benchmark Ji~fisSo~ (2) 1
fu 30 o 21 Benchmark CGMFO
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Table 3 Comparisons of some experimental results of 8 algorithms for test functions f, to f,,
fi Ja S
Best Worst ~ Average  Std.Dev Best Worst ~ Average  Std.Dev Best Worst Average  Std.Dev
CGMFO 0 0 0 0 0 0 0 0 0 0 0 0
MFO 4.91E-36 3.63E-30 3. 24E-31 8. 06E-317 5.84E-67 1. 00E+00 1.34E+01 3.27E+01Ff 0 0 0 0
GA  3.58E-06 4. 32E-05 1. 79E-05 1. 00E-05+ 7. 51E-10 6. 44E-06 8. 00E-07 1. 52E-061 0 0 0 0
ABC  9.52E-17 5.85E-14 1. 97E~14 3. 36E-14+ 0 0 0 0 9. 12E-02 4. 73E-01 2. 50E-01 1. 99E-01+
PSO 2. 18E-18 1. 12E-05 3. 75E-07 2. 05E-06} 4. 96E-16 5.85E-08 3.97E-08 9.49E-081 0 1. 00E+00 3. 33E-02 1. 83E-01 =~
DE  6.97E-43 8. 89E-41 1.48E-41 1. 72E-417 5. 99E-92 2. 66E-85 2. 33E-86 6. 66E-861 0 0 0 0
FPA  2.31E-02 2.46E-01 8.22E-02 5. 64E-02F 4. 64E-09 8.41E-06 1. 11E-06 1. 77E-06% 0 0 0 0
BOA 2.16E-14 3.90E-14 2.91E-14 4. 69E-15t 5.93E-15 2. 69E-14 2. 07E-14 4. 66E-151 0 0 0 0
flU f]6 f]‘)

Best Worst ~ Average  Std.Dev Best Worst ~ Average  Std.Dev Best Worst Average  Std.Dev

CGMFO 4. 35E+00 6. 77E+00 6. 00E+00 5. 83E-04 2.30E-17 5.76E-09 2. 74E-10 1. 09E-09 3. 13E-34 1. 10E-32 7. 33E-33 2. 79E-52
MFO 3.43E-02 9.96E+02 1. 12E+02 3. 00E+027 4.71E-32 7. 75E+01 5. 08E+00 1. 43E+01+ 1.35E-31 1. 00E+01 3. 74E-01 1. 82E+007
GA  3.41E-02 7.39E+00 4. 68E+00 2. 57E+001 8. 69E-01 1. 09E+00 1. 06E+00 5. 61E-021 3.25E-05 5. 54E-03 1. 21E-03 1. 29E-037
ABC  7.40E-03 2.47E-02 1. 82E-02 9. 42E-031 4. 79E-13 3. 98E-10 1. 34E-10 2. 89E-09F 7. 83E-01 7. 54E+00 7. 21E-03 3. 91E-12%
PSO  6.70E-01 1. 01E+02 1. 38E+01 2. 32E+017 3.20E-06 2. 36E-00 2. 02E-01 4. 94E-017 3.69E-08 6. 62E-01 3. 38E-02 1. 22E-017
DE  1.43E+00 7. 02E+00 4. 59E+00 1. 56E+00 4. 71E-32 4. 71E-32 4. 7IE-32 1. 67E—47" 1.35E-31 1.35E-30 1. 34E-31 8.20E-43}
FPA  4.29E+00 1. 84E+01 9. 09E+00 2. 30E+007 1. 96E-01 1. 81E+00 7. S0E-01 4. 40E-017 2.16E-02 2. 56E-01 1. 11E-01 5. 76E-02+
BOA 8.97E+00 9. 00E+00 1. 00E+01 6.43E-03+ 1. 08E+00 2. 10E+01 5. 21E+00 5. 37E+001 5. 78E+00 1. 64E+01 1. 15E+01 2. 48E+007
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Moth-flame Optimization Algorithm Based on Chaotic Initialization and
Gaussian Mutation

LIU Qian' FENG Yanhong' > CHEN Yiying'

( 1.School of Information Engineering Hebei GEO University Shijiazhuang 050031 China; 2. Intelligent Sensor Network Engi—
neering Research Center of Hebei Province Hebei GEO University = Shijiazhuang 050031 China)

Abstract: Moth-lame optimization algorithm ( MFO) has some drawbacks in solving optimization problems
such as low precision and high possibility of being trapped in local optimum. A modified MFO algorithm based
on chaotic initialization and Gaussian mutation is proposed. Firstly the cube chaotic map is used to initialize
the moth population which makes the moth more evenly distributed in the search space. Then Gaussian mu-—
tation is adopted to disturb a few poor individuals to enhance the ability of escaping the local optimum. Final-
ly Archimedes curve is introduced to expand the search scope and strength the exploration ability in the un—
known field. A series of experiments are carried out on CEC14 test function set and 21 extensible Benchmark
functions. Compared with standard moth-flame optimization algorithm genetic algorithm artificial bee colony
algorithm particle swarm algorithm  differential evolution algorithm flower pollination algorithm and
butterfly optimization algorithm the results demonstrate that the proposed algorithm is strengthened in
obtaining solutions with better quality and convergence.

Key words: chaotic initialization; Gaussian mutation; Archimedes curve; moth-flame optimization algorithm;

swarm intelligence



