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Abstract: Fractional order particle swarm optimization (FOPSO) is an improved particle swarm
optimization algorithm with trajectories memory. In the multimodal constrained optimization problem, a
neighborhood adaptive constrained fractional order particle swarm optimization (NAFPSO) method was

proposed to solve the problem that FOPSO was easy to premature and sensitive to the initial parameters. In
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the algorithm, the positions and velocities of particles in the swarm were updated by the neighborhood
topologies adjusted dynamically according to the evolution state of particles, so as to improve the global
optimizing ability and convergence speed. Meanwhile, the penalty function with penalty factor was
employed to force the particles to approach the feasible area. The differential mutation strategy was
designed to increase the swarm diversity and enhance the particle ability to escape from local optimum. 9
constrained benchmarks were used to test the effectiveness and convergence performance of the proposed
algorithm, and then it was applied to 2 constrained engineering design problems. Comparison analysis
shows that the proposed algorithm has higher optimization ability, faster convergence, higher accuracy and
better stability, and can be applied to solve complex constrained engineering design optimization problems
effectively.

Keywords: neighborhood topology; fractional order particle swarm optimization (FOPSQO) ; self-adaptive;

constrained optimization; differential mutation
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NAFPSO algorithm

1: Function NAFPSOOQ).

2 29 =random(bound[ 0],bound[1]), v%» =0
3 x40 =0 20 =max(ax§ )

4. F=0.8, ¢3=0.7, N=population_size,t’ =0
5: fori=1—>N do

6 Calculate the neighbors by Eq.(12)

7

8

9

end for
do
fori=1—>N do

10 Calculate ES by Eq.(14)
11. Calculate ¢ ¢2 by Eq.(17) and Eq.(18)
12 Calculate @ by Eq.(16)
13: Update v“**> by Eq.(13)
14 if t9>T then
15; Update x“** by Eq.(19)
16 else
17 Update 2 “** by Eq.(2)
18: end if
19. if f(a@P)<f(x§*) then
20 2 = G
21, £$ =0
22 else
23: =19 +1
24 end if
25: if f(x@P)<f(xd) then
26 k=20
27 end if
28: end for
29:  while iteration=max_iterations
30:  return xf . f(xk)

B 1 NAFPSO WY E EHHR
Fig. 1 Pseudocode of the proposed algorithm
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Table 1 Test Results of NAFPSO on Constrained Benchmarks

NAFPSO 52 4%

1D Best
Best Worst Mean Std
Gl —15 —14.999 996 —14.999 921 —14.999 971 2.15E-05
G2 0.803 619 0.794 810 0.435 769 0.700 314 1.00E-01
G4 —30 665.538 672 —30 665.538 672 —30 665.538 672 —30 665.538 672 3.64E—12
G6 —6 961.813 876  —6 961.813 876 —6 961.813 876 —6 961.813 876 1.82E—12
G7 24.306 21 24.306 225 24.372 099 24.310 082 1.20E—02
G8 0.095 825 0.095 825 0.095 825 0.095 825 2.78E—17
G9 680.630 057 680.630 057 680.630 057 680.630 057 2.02E—13
G10 7 049.330 7 7 049.248 744 7 049.259 058 7 049.251 467 2.31E—03
G12 1 1.0 1.0 1.0 0.00E+00
F2 HtB@EEMBEERYMIRILRER
Table 2 Comparison Results of Other Five Algorithms on Constrained Benchmarks
function CRGA SAVPSO Micro-PSO RVPSO CDE
Best —14.997 70 —15.000 —15.000 1 —15.000 0 —15.000 000
. Worst —14.946 70 —12.453 1 —9.701 2 —12.453 1 —14.999 993
¢! Mean —14.985 00 —14.715 1 —13.273 4 —14.418 7 —14.999 996
Std 1.40E—02 7.4E—01 1.41E-+00 8.50E—01 2.0E—06
Best 0.802 959 0.803 443 0.803 620 0.664 028 0.803 619
) Worst 0.672 169 0.631 598 0.711 603 0.259 980 0.590 908
o2 Mean 0.755 332 0.740 577 0.777 143 0.413 257 0.724 886
Std 3.27TE—02 4.2E—02 1.91E—02 1.2E—01 7.01E—02
Best —30 665.53 —30 665.539 —30 665.539 8 —30 665.539 —30,665.538 672
. Worst —30 651.96 —30 665.539 —30 665.533 8 —30 665.539 —30,665.538 672
o Mean —30 663.36 —30 665.539 —30 665.539 7 —30 665.539 —30,665.538 672
Std 3.31E+00 0.00E+00 6.83E—04 0.00E+00 0.00E+00
Best —6 961.179 —6 961.813 88 —6 961.837 1 —6 961.813 88 —6 961.813 876
i Worst —6 954.319 —6 961.813 87 —6 961.835 5 —6 961.813 88 —6 961.813 876
o0 Mean —6 959.568 —6 961.813 88 —6 961.837 0 —6 961.813 88 —6 961.813 876
Std 1.27E400 1.3E—06 2.61E—04 0.00E+00 0.00E+00
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function CRGA SAVPSO Micro-PSO RVPSO CDE
Best 24.411 0 24.319 24.327 8 24.306 24.306 209
) Worst 35.882 0 26.194 25.296 2 24.385 24.306 210
o7 Mean 26.736 0 24.989 24.699 6 24.317 24.306 212
Std 2.61E+00 5.5E—0.1 2.52E—01 2.4E—02 1.0E—06
Best 0.095 825 0.095 825 0.095 825 0.095 825 0.095 825
) Worst 0.095 825 0.095 825 0.095 825 0.095 825 0.095 825
o8 Mean 0.095 825 0.095 825 0.095 825 0.095 825 0.095 825
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
Best 680.760 0 680.632 680.630 7 680.630 680.630 057
] Worst 684.130 0 680.655 680.667 1 680.630 680.630 057
“? Mean 681.710 0 680.699 680.637 8 680.630 680.630 057
Std 7.44E—01 1.8E—02 6.68E—03 0.00E+00 0.00E+00
Best 7 060.553 7 087.955 3 7 090.452 4 7049.248 0 7 049.248 058
‘ Worst 10 826.090 8 165.197 3 10 533.665 8 7049.596 9 7 049.248 480
e10 Mean 7 723.167 7 439.734 5 7 747.629 8 7049.270 1 7 049.248 266
Std 1.00E+03 2.46E+02 5.52E+02 7.9E—02 1.67E—04
Best 1.000 000 1.000 000 1.000 1.000 1.000
] Worst 1.000 000 1.000 000 1.000 1.000 1.000
el Mean 1.000 000 1.000 000 1.000 1.000 1.000
Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
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Fig. 2 Plots for both FOPSO and NAFPSO on 9 Constrained Benchmark Functions (a)~ (i)
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Table 3 Performances of Algorithms Tested on reducer design problem

Method Best Worst Mean Std FEs
HEA-ACT 2 994.499 107 2994.752 311 2 994.613 368 7.00 E-02 40,000
DELC 2994.471 066 2994.471 066 2 994.471 066 1.90 E-12 30,000
MDE 2 996.356 689 2 996.390 137 2 996.367 220 8.20 E-03 24,000
PSO-DE 2 996.348 167 2 996.348 204 2 996.348 174 6.40 E-06 54,350
BSAISA 2994.471 066 2994.471 067 2994.471 095 5.40 E-06 15,860
ABC 2 997.058 412 N/A 2 997.058 412 0 30,000
MBA 2 994.482 453 2 999.652 444 2 996.769 019 1.56 6,300
DSS-MDE 2994.471 066 2994.471 066 2 994.471 066 3.58 E-12 30,000
WSA 2 996.348 222 2 996.348 244 2 996.348 233 9.11 E-06 500,000
NAFPSO 2994.471 066 2994.471 066 2 994.471 066 1.34E-12 30,000

T,

T
|

Fig. 3 Diagram of Speed reducer design
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Fig. 5 Diagram of welded beam structure problem
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Table 4 Performances of Algorithms Tested on welded beam problem

Method Best Worst Mean Std FEs
CPSO 1.728 024 1.782 143 1.748 831 1.29 E-02 240,000
HPSO 1.724 852 1.814 295 1.749 040 4.00 E-02 81,000
PSO-DE 1.724 852 1.724 852 1.724 852 6.70 E-16 66,600
MBA 1.724 853 1.724 853 1.724 853 6.94E-19 47,340
BSAISA 1.724 852 1.724 854 1.724 852 2.35 E-07 29,000
BSA-SAe 1.724 852 1.724 852 1.724 852 8.11 E-10 80,000
CDE 1.733 461 1.768 158 1.824 105 2.22 E-02 240,000
GA-DT 1.728 226 1.993 408 1.792 654 7.47 E-02 80,000
WSA 1.724 852 3.823 218 2.125 751 6.53 E-01 500,000
DELC 1.724 852 1.724 852 1.724 852 4.10 E-13 20,000
CSA 1.724 852 1.724 852 1.724 852 1.19 E-15 100,000
TEO 1.725 284 1.931 161 1.768 040 5.82 E-02 15,000
ABC 1.724 852 N/A 1.741 913 3.10 E-02 30,000
FOPSO-m 1.724 852 1.724 852 1.724 852 1.81E-11 30,000
NAFPSO 1.724 852 1.724 852 1.724 852 5.11E-16 30,000
30
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28l — FOPSO
2.6
g 24+
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20 L
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Fig. 6 Plot for welded beam problem
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