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A Global Optimization Evolutionary Algorithm and Its Convergence

Based on a Smooth Scheme and Line Search

WANG Yu-Ping” LIU Da-Lian?
U (School of Computer Science and Technology s Xidian University, Xi'an 710071)
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Abstract A common difficulty for the existing global optimization methods is that they are not
easy to escape from the local optimal solutions and therefore often not find the global optimal so-
lution. In order to make it escapes from the local optimal solutions and find the global optimal so-
lution easier, first, the authors construct a smoothing function. It can eliminate all such local op-
timal solutions worse than the best solution found so far. Moreover, it can keep the original func-
tion unchanged in the region in which the values of the original function are not worse than its
value at the best solution found so far. Thus, if optimizing this smoothing function instead of the
original objective function, the number of the local optimal solutions will be largely decreased
with progress of the iterations. As a result, it becomes much easier for an algorithm to find a
global optimal solution. Second, a new crossover operator is designed based on the properties of
the smoothing function. It can adaptively generate high quality offspring for any situation. Third,
by making use of the properties of the smoothing function, the line search technique is properly com-
bined into the algorithm design, which will make the proposed algorithm converge much faster.

Based on all these, a novel effective evolutionary algorithm for global optimization is proposed and its
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global convergence is proved. At last, the numerical simulations for several standard benchmark

problems are made and the simulation results show that the proposed algorithm is very effective.
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Background

Global optimization problem is a very important problem
and has a variety of applications in engineering, manage-
ment, mathematics and other fields. A common difficulty for
the existing global optimization methods is that they are not
easy to escape from the local optimal solutions, therefore of-
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function and design a new crossover operator based on the
properties of the smoothing function. By making use of the
properties of the smoothing function, the line search tech-
nique is properly combined into the algorithm design. Based
on all these, a novel effective evolutionary algorithm for
global optimization is proposed and its global convergence is
proved. The simulation results show that the proposed algo-

rithm is very effective.



