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S-shaped Function Based Adaptive Particle Swarm Optimization Algorithm
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Abstract Aiming at the problems of low solution precision and slow convergence speed in the later stage of particle
swarm optimization algorithm, this paper presented an S-shaped function based adaptive particle swarm optimization al-
gorithm (SAPSO). This algorithm takes advantage of the characteristics of upside-down S-shaped function to adjust the
inertia weight nonlinearly, better balancing the global search ability and local search ability. In addition,an S-shape func-
tion is introduced into the position updating equation, and the ratio of the individual particle’s fitness value to the
swarm’s average fitness value is used to adaptively adjust the step size in the search, thus enhancing the efficiency of the
algorithm. Simulation results on a set of typical test functions show that SAPSO is superior to several existing improved
PSO algorithms significantly in terms of the convergence rate and solution accuracy.

Keywords S-shaped function,Inertia weight,Position updating,Particle swarm optimization algorithm
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Fig. 3 Decline curve of inertia weight
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Table 1  Nine benchmark test functions
BT B 4 % B &
f1 Sphere [—100,100] 0
f2 Schwefel P2. 21 [—100,100] 0
3 Schwefel P2. 22 [—10,10] 0
fi Rosenbrock [—10,10] 0
fs Quadric Noise [—1.28,1.28] 0
fs Schaffers [—100,100] 0
fr Rastrigin [—5.12,5.12] 0
fs Griewank [—600,600] 0
fo Ackley [—32,32] 0
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Table 2 Average optimal values of SAPSO algorithm under different
values of parameter a

a 0.1 0.2 0.3 0.4

N 0/452 0/370 0/407 0/440

/2 1.97E—241  5.63E—301 2.02E—286  4.51E—260
/3 6.00E—181 1.45E—180 3.27E—196 1.09E—188
f4 8.9454 8. 9409 8.9536 8.9186
fs 5.55E—05 7.55E—05 5.36E—05 6.35E—05
I6 0/452 0/454 0/423 0/436

fr 0/60 0/56 0/60 0/58

S8 0/56 0/58 0/60 0/59

/o 8.88E—16 8.88E—16 8.88E—16 8.88E—16
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Table 3 Performance test results of five algorithms
& % LWPSO YSPSO RandPSO 1EPSO SAPSO
F mean 0.6179 2.1925E+01 0.2241 1.5791E+01 0
! std 0.2347 1. 8041E+01 0.1083 8.6774E+00 0
’ mean 3.8389E—29 2.4958E—26 5.5068E—25 1.3691E—10 8.7710E—301
. std 1.6565E—28 5.7501E—26 3.2818E—24 1.3542E—10 0
P mean 3.812 11.5068 4.3946 3.7073 1. 1156 E— 180
. std 1.5587 2.4167 1.7982 1. 1504 0
F mean 8.8522E+01 6.4030E+02 9.3154E+01 8.3264E+01 8.9494
! std 5.5335E+01 4.1075E+02 4.5555E+01 5.0079E+01 0.0330
’ mean 0.1698 0. 7387 0. 2549 0.0884 4.8460E— 005
o std 0. 3877 0.7174 0.1191 0.0487 5.0276E—005
/ mean 9.1822E+01 9.7070E+01 9.2791E+01 9.6414E+01 0
0 std 1. 6433E+01 1.1262E+01 1. 0290E+01 9.3614E+00 0
F mean 4.8808E+01 8.4733E+01 1.5749E+01 4.2885E+01 0
! std 1. 2322E+01 1.5749E+01 1.2522E+01 1.1958E+01 0
/ mean 3.4069E+01 3.0512E+01 2. 7488E+01 1.7258E+02 0
e std 4.7708 4.2794 4.7931 1.3729E401 0
/ mean 4.2162 5.9271 5.3272 4.5519 8.8818E— 16
7 std 0.9958 0.9992 1. 1515 0. 8005 0
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Fig.4 Average fitness value curve of five algorithms on nine benchmark test functions
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Table 4 Comparison of test results of SAPSO under different improved strategies

% AR A M B K A BLE E R 4 4 g
URE mean std mean std mean std
i 4. 4207E4+02 2.920E+02 0. 0062 0. 0030 0 0
f2 7.8214 2.307 4.0387E—046  2.0304E—046  8.7710E—301 0
f3 0.2771 0. 2008 0.7394 0.1167 1. 1156 E— 180 0
fs 77.0938 17.1885 8.0917 0. 8604 0 0
f7 35.7593 6.0125 1.3904 0.8077 0 0
fs 5.4535 1.0292 2.2205E—004 1.4762E—004 8.8818E— 16 0
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Table 5 Experimental results of reference[ 26]”s algorithm

and SAPSO algorithm

N X k26 i 5 % SAPSO # i
i mean std mean std
Rosenbrock 14.6624 12. 3836 8.9172 0.0011
Rastrigin 6.1126 4.1532 0 0
Griewank 0.0561 0.0231 0 0

SCHRL26 17 Y el it B 5k A SAPSO Bk AR 2 4 M A &
FURLF (48 2R A5 K EA T 00, F BRI TS Y bR B30 AH OC
HE AT AR R 5 Y S 6 B0HE 25 SR L RT AN R A R R B 0 R
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MR RAE T, IS TR RECR ., (F LB 25 R
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