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Bi-population Based on Evolutionary Algorithm for Solving
Nonlinear Constrained Programming

JIA Li-ping ZOU Guo-cheng
Dept. of Mathematics Leshan Normal University Leshan Sichuan 614000 China
Abstract It is difficult to handle constrained conditions in solving nonlinear constrained programming. In this paper a bi-population
based on evolutionary algorithm for solving nonlinear constrained programming is proposed. The algorithm is different from other algo-
rithms in that one defines the violation based on constrained conditions to measure the individuals and defines the optimal value based
on objective value to measure quality of individuals in population. Firstly we consider the standard constrained optimization problem
and state different methods to handle constraints then present a different method. For degree of violation we define two populations
feasible and infeasible population. Finally we present the detailed steps of bi-population evolutionary algorithm. The feasibility and ef-

fectiveness are verified by comparing other existed algorithms with the same five benchmark functions.

Key words nonlinear constrained programming evolutionary algorithm bi-population operator



