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Study on Selecting SOR Optimal Relaxation Factor with
Particle Swarm Optimization

XUE Dan,YAO Ruo-xia
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Abstract; At present, the basic idea of selecting SOR optimal relaxation factor is as follows:in the interval (0,2) ,the value of a split
point is selected as the relaxation factor to calculate the corresponding SOR iteration number,and the relaxation factor less than the preset
SOR iteration threshold is returned as the optimal solution, such as dichotomous comparison method, golden section method, stepwise
search method, and so on. However, this strategy is hard to find the global optimal one and heavily depends on parameter setting. In
order to solve the problem above, inspired by the particle swarm optimization and its successful application in different scenes, we propose
to use the basic particle swarm optimization ( bPSO) , the simple particle swarm optimization ( sPSO) , the extremum disturbed particle
swarm optimization (tPSO) and the extremum disturbed and simple particle swarm optimization ( tsPSO) for finding SOR optimal
relaxation factor. By testing the two different linear equations, we verify the validity of four algorithms in selecting SOR optimal
relaxation factor.
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