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Particle Swarm Optimization Algorithm with Dynamically Adjusting Inertia Weight
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Abstract In order to tackle the problems of slow convergence,low accuracy and parameter dependence of the standard
particle swarm optimization (PSO) algorithm, a nonlinear exponential inertia weight in particle swarm optimization
(EIW-PSO) was proposed. In cach iteration,the new algorithm improves its performance by adjusting inertia weight dy-
namically. The new weight is an exponential function of the minimal and maximal fitness of the particles, which is more
conducive for the algorithm being out of local optimization in optimization process. Random factors are introduced to en-
sure population diversity,so that the particles converge to the global optimal position faster. The standard PSO, linearly
decreasing inertia weigh (LDIW-PSO) ,mean adaptive inertia weigh (MAW-PSO) were tested and compared in different
dimensions and population sizes through eight benchmark test functions. Experimental results show that the proposed

EIW-PSO algorithm has faster convergence rate and higher solving precision.
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R & R B 3 BEREH b S
" n
Acley f1=20+e—20exp(—0.2 /%21? )*exp(%xcos(ZnJ‘,)) (—32,32) 0
noi=1 noi—1
Rastrigin fo=2 (.71‘:.Z —10cos(2nz;) +10) (—5.12,5.12) 0
i=1
. e LS 2 T eos( _
Girewank ]37/1000";111 Iylcos(ﬁ )+1 (—600,600) 0
Alpine fi= 2 |z;sin(z;) +0. 1z | (—10,10) 0
i=1
n
Sphere f5= EJ']Z (—100,100) 0
i=1
n—1 .
Rosenbrock fo= 2 [100(x; =22+ (z;— D? (—30,30) 0
i=1
" n
Schwefel P2. 22 fr=2 x; [+ 11 \.l‘l | (—10,10) 0
i=1 i=1

Sum of different power

n
f‘x: > ‘I;‘H»l
i=1

[—1.1] 0

4.2 EFEMA RS0

42 I EIW-PSO # 3% 5 47 i PSO, LDIW-PSO # 1%
FeSewk[8] v iy B 3 Ry A6t 1 A R (¥ 3 18 L B 50k (MAW-
PSO)FEATHF L 52 56, LB AIE BT 42 S0k bRk, S0 40 e
H R, REBUE AR D=10, FEERLEL N=20,%
TS BB RS D= 30, R REMLEE N=80. Rk
R EL T=1000, ¥ BB MEAE w BYIERIE N 0. 6,24 I H T
a=17,c,=1.7, B HAIIEEHNIT 50 K, LEFEEN.
Intel i3 CPU 2. 93GHz,RAM 4. 00GB, Windows 7 1k & 4 .
MATLAB 2014a, 52 % 48 3 45 B 6 30 10 b 45 B 1 3y 8
(Mean) FIARERE (Std. Dev) , FLREE WL R 2 Fisk 3, Hrbom
PR 22 7% XoF BL A 32 A6 AR I ok B 75 30 A SR R 45 2 .

F 2 R OB X e B AR 45 R (D =10, N =20)
Table 2 The optimization results of contrast algorithms on the test
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Table 3 Optimization results of contrast algorithms on
test functions(D=30,N=80)
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