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Abstract : Dynamic optimization problems require an algorithm to continuoudy track a changing optimal solution over
time. In this paper , a self-organization univariate marginal distribution algorithm (SOUMDA) is proposed to solve
dynamic optimization problems. The self-organization schemeis used to increase the diversity of populationin a guided
fashion. The self-organization scheme consistsof two parts. One part uses the history information of optimal solution
to predict the change direction, and the other part uses the current information to diverge from the local optimum.
Finaly , an experiment on dynamic sphere function is carried out to compare the performances of several UMDASs.
The experimental results show that the SOUMDA is effective and can adapt to the dynamic environments rapidly.
Key words: Univariate margina distribution algorithm (UMDA) ; Dynamic optimization problems; Sdf-organization
scheme
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