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A Hybrid Tabu Search and Particle Swarm Optimization Algorithm for
Mixed Discrete Optimization Problems

ZHANG Xing-hui BAI Fu-sheng
College of Mathematics Science Chongqing Normal University Chongging 400047 China

Abstract Particle swarm optimization PSO  algorithm is mainly used to find global solutions of continuous variables optimization prob-
lems. In this paper the penalty function approach to handle the discrete variables is employed in which mixed discrete optimization

eD, D= d;, d, d, j=12 n is

problem minf x s.t. g, 4 <O k=12 [ a<w<x i=12 m x o

m+j j1

handled as continuous one min F x  s.t. x' <x,<x' i=1 2 m d;, <x,,;<d y j=12 n. Standard PSO algorithm will
likely fall into local optimal solution and exist premature convergence. Tabu search TS algorithm has good hill-climbing ability and
can escape from the local optimal solution and turn to other parts of the solution space. A neighborhood structure is designed and a hy-
brid tabu search and particle swarm optimization TS-PSO algorithm is proposed which has memory ability and efficient hill-climbing
capability. Simulation results on Rosenbrocks function and pressure vessel design show that the disadvantage of getting in the local best
point of standard PSO is overcome effectively and the ability of global optimality is toned up.
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