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Abstract: To solve the optimal power flow in power systems, new particle swarm optimization (PSO ) algorithm based on Q
learning and crisscross search is proposed.The improved algorithm introduces crossover operator into PSO mode to enhance
the global convergence ability.At the same time, introducing the exploration mode of () learning into the improved algorithm
makes the algorithm explore in the known solution space, so as to better balance the relationship between exploration and
utilization. In order to solve the dimension disaster of () learning algorithm, the method of state-action chain is used.
Simulation results of IEEES7 and IEEE118 node systems show that the proposed algorithm can enhance the global
convergence of the traditional PSO algorithm , and effectively solve large-scale optimal power flow problems.
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