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Improved barnacles mating optimizer to solve high-dimensional
continuous optimization problems

ZHAO Shijiel’z, ZHANG Tianranl, MA Shilinl, WANG Mengchen1

(1. Institute of Intelligence Science and Optimization, Liaoning Technical University, Fuxin 123000, China; 2. Institute for Optimiza-
tion and Decision Analytics, Liaoning Technical University, Fuxin 123000, China)

Abstract: To strengthen the global exploration performance and local optimization accuracy of barnacles mating optim-
izer (BMO), an improved BMO (IBMO) is proposed based on the sedimentation adhesion behavior (SAB) of barnacle
larva and the forward-and-backward decreasing casting (FBDC) strategy, which is applied to solve high-dimensional
continuous optimization problems. Inspired by the behavior of barnacle larva floating with tide and spiraling sedimenta-
tion in nature, the SAB model is built to increase the population diversity and improve the global exploration capacity.
Meanwhile, in accordance with reverse learning, and by integrating into the decreasing control mechanism, FBDC modi-
fies the sperm casting process of traditional BMO to amplify the local search domain and improve the local exploitation
ability. Experimental results verify that these two strategies can effectively improve the global exploration and local op-
timization exploitation performance of BMO. Compared with other recent intelligence algorithms, the proposed IBMO
shows higher convergence accuracy, stronger robustness and good high-dimensionality applicability.

Keywords: intelligence optimization algorithm; barnacles mating optimizer; sedimentation adhesion behavior; forward-
and-backward decreasing casting strategy; local extremum avoidance; high dimensional optimization of function; global
optimization; convergence precision
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Fig. 1 Sedimentation adhesion behavior of barnacle larvae
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Table 1 Comparative statistical analysis of BMO optimization performance under different improvement strategies
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Table 2 Comparative statistical analysis of optimization performance of different algorithms in 500 dimensions

PRIZL ety GEO SOA AOA BMO IBMO
mean 2.46x10* 1.03x10° 1.40x10 2.48x10 " 3.82x10°"
std 1.47x10° 433x10 7.77x10 241x107 2.62x10°"%
i AT/ 1.83x10 ' 2.62x10 2.61x10 1.84x10’ 2.50x10"
t./s 1.83x10 '~ 3.33x10 '= 1.61x10"— 9.42x10 '+ _
mean 1.23x10° 1.25x10° 1.09x10 1.45x10 1.49x107'%
std 3.01x10° 5.22x10° 1.09x10™" 1.17x10™"° 1.49x107""
2 IEAT /s 1.13x10° 1.28x10° 1.29x10° 3.97x10’ 5.81x10°
t/s 3.68x10 '+ 3.68x10 '+ 2.34x10° 1.36x10%+ _
mean 5.18x10' 9.94x10' 4.60x10 4.08x10 1.88x10™"'
std 3.25x10’ 2.47x10" 3.17x10 3.48x10 7 1.81x10™"
e AT/ 1.74x10"' 2.64x10 2.57x10 " 2.17x10° 2.14x10°
t,/s 1.64x10 '+ 1.21x10 '+ 1.34x10°- 7.84x10 '+ —
mean 4.22x10° 3.78x10° 7.92x10°% 8.50x10" 5.85x107'%
std 4.08x10" 2.61x10° 5.60x10 * 8.50x10 0.00x10’
Fa AT/ 1.76x10 ' 2.12x10" 2.35%10 1.79x10’ 2.16x10’
t./s 1.08x10 '+ 2.45%10 '~ 1.28x10"— 7.53x10 '+ _
mean -3.58x10" -1.91x10" -1.27x10" -2.87x10" -7.00x10*
std 3.90x10° 2.42x10° 2.61x10° 7.38x10° 3.05x10°
Fs IEAT ]/ 2.05x10" 3.24x10" 3.12x10" 1.85x10° 2.67x10°
tJs 534x10 '~ 1.42x10 '+ 6.23x10 *+ 7.68x10 + _
mean 1.22x10° 1.23x10° 1.23x10° 9.67x10' 2.52x10'
Fot std 4.60x10"' 5.80x10 " 7.39x10 " 4.86x10' 4.69x10'
BT A/ 2.54x10" 2.63x10" 2.84x10" 1.87x10° 2.26x10°
tJs 1.58x10 '+ 8.28x10 “+ 1.05x10 '+ 5.76x10 + —
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Fig. 4 Convergence comparison curves of mean fitness values of five algorithms
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Table 3 Comparative statistical analysis of optimization performance of BMO and IBMO in different dimensions

4 Bk fEhR Fi(®) F(x) F3(x) Fa(x) Fs(x) Fe (%) F7(x) Fg (%)
mean  44x107" 24x10%  11x107?  51x10% -12x10"  1.6x10°  4.0x10°  1.7x10 "
BMO std  25x10° 24x10”  88x107  5.1x10 29x10°  1.0x10'  4.0x10 " 1.4x10°®
100 mean 1.8x107%  7.7x107%  7.0x107  7.0x1077"  —22x10'  5.2x10"  4.9x107°  3.5x107'%
1BMO std  1.8x10°*  0.0x10° 58x10>  0.0x10’ 1.3x10°  8.9x10° 4.9x10°  0.0x10°
mean 111077 99x10™°  22x1077  1.7x10*  -1.8x10"  33x10'  1.7x10°  2.7x10 %
BMO std  93x10° 7.1x10”"  2.ax10°" 17x10” 44x10°  2.1x10'  13x10* 2510
200 mean 1.5x107°  2.7x107'7  1.5x10™"  6.8x107°°  -3.8x10"° 9.8x10" 8.2x107°  3.1x107'"
1BMO std  15x107°  0.0x10° 15107 6.8x10"%°  1.9x10°  1.9x10'  6.7x10"  0.0x10°
mean  94x107°  9.0x10°  6.8x10°°  86x10”  —22x10"  52x10'  1L1x10°  2.9x10 %
BMO std  5.9x10°"  9.0x10°"  54x10°"  8.6x10 " 51x10°  32x100  1.1x107*  22x107
300 mean  2.0x10°%  63x107""  51x10™  3.0x10"7"  —5.0x10°  1.9x10'  9.6x107°  5.1x107%
1BMO std  1.8x10°  63x107"  51x10%°  0.0x10° 2.5x10°  3.0x10'  9.6x10 " 5.1x10 "
mean  3.6<10°°  1.0x10°  44x1077  33x10°°  -2.5x10"  7.2x10"  14x10"”  1.1x10 %
BMO std  34x107 1.0x10°  2.6x10°"  33x10 7 6.7%<10°  42x10"  14x10"  1.1x10"
100 mean  8.8x107%  15x107%  1.4x10™  8.6x1077"  —6.1x10"° 2.5x10'  54x10™  1.7x107'7
1BMO std  8.8x10°°  0.0x10° 1.4x10°%  0.0x10° 2.7x10°  4.0x10'  5.4x10°  0.0x10’
mean  2.5<10°°  1.5x10%°  41x10°  85x10°  —2.9x10"  9.7x10'  4.5x10°  53x10°°
BMO std  24x107 12x10” 3.5x107  85x10 74x10°  49x10°  3.7x10°*  53x10 7
20 mean  3.8x10°%  15x107%  1.9x10™"  59x107®  —7.0x10'  2.5x10"  2.0x107*  1.6x107'"
1BMO std 2.6x10°%°  1.5x107"  1.8x10%"  0.0x10° 3.1x10°  4.7x10'  2.0x10°  0.0x10°
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Fig.5 Comparison curves of average fitness values and average running time of BMO and IBMO in different dimensions
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