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An Differential Evolution Algorithm Based on Opposition-Based
Learning and Bernstain Operator

XIONG Congcong, YANG Xiaoyi, WANG Dan, LI Junwei, GUAN Xiangshuo
(College of Atrtificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Differential evolution (DE) algorithm is a population random search algorithm. However, in the process of con-
vergence, it is easy to fall into local optimal value and the convergence accuracy is not high. In order to improve the perform-
ance of DE algorithm, a differential evolution algorithm based on opposition-based learning and Bernstain opera-
tor (BODE) is proposed in this article. Opposition-based learning is used to increase the diversity of the population, expand
the search range of the population, so as to alleviate falling into local optimal value and improve the convergence speed.
Bernstain polynomial randomly generates the structural parameter values of the algorithm, which controls the mutation and
crossover stages in the evolution process, changes the original evolution strategy of the differential evolution algorithm,
improves the convergence performance, and is a more rapid and efficient method without parameters. The experimental re-
sults of the international standard test function show that the improved differential evolution algorithm has stronger global
optimization ability. The overall convergence speed and accuracy have significantly improved.
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