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2
HM SAVPSO MicroPSO HDPSO IPSO
201 Best -14.788 6 -15.000 0 -15.000 1 -15.000 0 -15.000 0
Mean -14.708 2 -14.715 1 -13.273 4 -15.000 0 —-15.000 0
( —15.000 0)
Worst -14.615 4 -12.4500 -9.701 2 —15.000 0 -14.999 9
Best 0.999 70 1.004 80 1.000 40 1.000 0 0.998 68
203 Mean 0.998 90 1.003 40 0.993 60 1.000 0 0.987 52
(1.000 0) Worst 0.997 80 0.997 60 0.667 40 1.000 0 0.965 41
Best -30664.500 0 -30665.539 0 -30665.539 8 -30665.5390 -30 666.074 4
g04 Mean -30655.300 0 -30665.5300 -30665.5397 -30665.5300 -30 666.074 4
( —30665.539 0) Worst -30645.900 0 —-30 665.539 0 -30 665.533 8 -30665.5390 -30 666.074 4
Best NA 5126.484 2 5 126.646 7 5131.9320 5 126.567 2
205 Mean NA 5202.362 7 5495.2389 5 158.390 0 5129.329 4
(5126.498 1) Worst NA 5 520.146 7 6272.742 3 5202.173 0 5139.625 8
Best -6952.1000 -6961.8139 -6961.8371 -6961.8140 -6961.81338
206 Mean -6342.6000 -6961.8138 -6391.8370 -6961.8140 -6961.8139
(-6961.8139) Worst -5473.9000 -6961.8138 -6961.8355 -6961.8140 -6961.8139
Best -0.095 825 -0.095 825 -0.095 825 —-0.095 825 -0.095 825
208 Mean -0.089 157 -0.095 825 -0.095 825 -0.095 825 —-0.095 825
( -0.095 825) Worst -0.029 144 -0.095 825 -0.095 825 -0.095 825 -0.095 825
Best 680.910 0 680.632 0 680. 630 7 682.563 0 680. 656 1
209 Mean 681.160 0 680.653 0 680. 669 1 684.337 0 680. 656 9
(680.630 1) Worst 683.180 0 680.699 0 680. 637 1 683.193 0 680. 656 7
Best 7 174.900 0 7054.125 6 7 090.452 4 7 055.493 0 7077.074 4
210 Mean 8 163.600 0 7 173.266 1 7 747.629 8 7317.549 0 7 084.584 2
(7 049.25) Worst 9 659.300 0 7 335.240 0 10 533.665 8 7 583.923 0 7 120.979 0
Best 0.750 0 0.749 0 0.749 9 0.750 9 0.750 0
gll Mean 0.750 0 0.749 0 0.767 3 0.772 1 0.750 3
(0.750 0) Worst 0.750 0 0.749 0 0.992 5 0.8328 0.750 7
3w
5
Best -14.991 7 —-15.000 0
201 Mean -14.962 6 —-15.000 0
Worst -14.9355 -14.999 9
Best -6961.4411 -6961.813 8
206 Mean -6 960.6942 -6 961.813 9
Worst -6960.0369 -6 961.813 9
Best -0.095 825 -0.095 825
208 Mean -0.095799 -0.095 825
Worst -0.095 756 -0.095 825 ~
Best 0.750 0 0.750 0
gll Mean 0.750 6 0.750 3
Worst 0.7525 0.750 7
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The Improved Particle Swarm Optimization Algorithm for
Solving Constrained Optimization Problems

MI Yonggiang' GAO Yuelin' **
(1. School of Mathematics and Computer Science Ningxia University Yinchuan Ningxia 750021 China;

2. Research Institute of Information and System Science Beifang University of Nationalities Yinchuan Ningxia 750021 China)

Abstract: For constrained optimization problems an improved particle swarm optimization algorithm is proposed.

The algorithm uses the penalty function method to handle the problem of constrained optimization to unconstrained
optimization problems and the feasibility based rule is used to update individual optimal and global extremum it
makes the infeasible particles to fly to the feasible region as soon as possible the global search ability of the algo—
rithm is improved significantly. On the basis of the particle swarm algorithm research the velocity equation and iner—
tia weight is improved so that to improve the performance of particle swarm optimization algorithm to solve the com—
plicated and nonlinear optimization problem. Numerical experiments show that the proposed algorithm is a global op—
timization algorithm with higher efficiency for unconstrained optimization.

Key words: constrained optimization problems; particle swarm optimization; global optimization; penalty function;

feasibility based rule



