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Adaptive fractional order particle swarm optimization using
swarm activity feedback and mutation operator
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(1. Jiangsu Key Laboratory of Data Science and Smart Software s Jinling Institute of Technology s Nanjing 211169, China ;
2. School of Com puter Science, Jiangsu University of Science and Technology . Zhenjiang 212003, China)

Abstract: The basic particle swarm optimizer with fractional-order (FOPSQ) is easy to fall into premature
convergence, because its overall performance depends on the fractional order a. To solve the problem. a
new adaptive fractional-order PSO algorithm, SFOPSO is proposed, by cooperating mutation operators
into swarm activity feedback with S-model. During the iteration of this new algorithm, the fractional-order
a of particles is adjusted adaptively according to the swarm activity with S-model and the activity value of
single particles. At the same time, to enhance the ability of the swarm to escape out of local optimum
during the process of exploitation or exploration, the hybrid model was designed by using mutation
operators. The convergence of the proposed algorithm SFOPSO is analyzed theoretically and the
experimental results show that the proposed algorithm is practicable and effective in improving
convergence accuracy and convergence speed.
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Tab.1 Test functions
Functions Formulations Dimensions Domain Optional
Sphere fiGa) = D)t 30 [—50,50] Fi0) =0
i=1
n—1
Rosenbrock fa(a) = >3 00Ca, 0 — 2D 4 (2, — D 30 [—10.10] f50) =0
i=1
DeJong Fi4 i) = D! 30 [—20,20] Fi(0) =0
i=1
X 15,
fi(x) = —20exp(—0.2 7217)
n
Ackley ! 30 [—32,32] fi =0
1
— exp(— 2 cos(2rx;) + 20 +e
no
N o — 1 N 2 n Li * —
Griewank f5(x) = 4000’:11, H,;mos(ﬁ)-’-l 30 [—600,600] f:0) =0
Rastrigin fe(x) = er — 10cos(2zx;) + 10 30 [5.12,5.12] fe (0) =0
i=1
F2 EWEESHEE
Tab.2 Parameters setting for experimental algorithms
Parameters DPSO/FOPSO /FODPSO SFOPSO/SFOPSO-N
Swarm size, M 30 30
Maximum iteration, T 1000 1000
Learning factors ¢ »c 1.49,1.49 1.49,1.49
Fractional ord Decrease linearly by Change nonlinearly in
ractionat order.a iterations in [ 0. 3,0. 8] [0.3,0.8] by Egs. (6)~(8)
Sub-swarm sizes 5 sub-swarms,4<C each sub-swarm size <8
3 IWIHEER
Tab.3 Experimental results
Algorithms
Functions
DPSO FOPSO FODPSO SFOPSO-N SFOPSO
Mean 3.110e-21 1. 643e-20 5.997e-21 2.884e-19 1.559e-21
Sphere
SD 4. 24e-11 4.444e-15 2.542e-19 6.232e-16 5.076e-25
Mean 3.0797 1. 2079 1.476e-7 0.1438 9.698e-12
Ackley
SD 6.4558 2.9197 0.559%e-5 1. 2886 4. 641e-11
Mean 1.587e-10 9.253e-39 3.786¢-39 8.475¢-38 8.969e-47
DeJong
SD 3.455e-7 4. 346e-37 5.453e-38 9.471e-36 9.4947e-46
Mean 52.2229 22.2231 20. 8119 19. 2138 15. 7907
Rosenbrock
SD 70. 5308 45,2337 40. 4556 43.1262 38.9209
Mean 5.2329 3.322e4 6.347e-6 1.239¢-5 1.768e-13
Rastrigin
SD 8.2339 0.1519 4. 261e-3 9.876e-3 1.465e-11
Mean 4.821e4 2.123e-8 8.756e-11 1.893e-7 9.756e-14
Griewank
SD 0.9237 2.783e4 4.562¢-8 3.235e4 8. 754e-14
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