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A Comprehensive Review on the Research Progress and Applications of
the Grey Wolf Optimizer

WANG Yueqi, SONG Jiazhi, ZHAO Haiyan, JIANG Jingqing
(School of Computer Science and Technology , Inner Mongolia Minzu University, Tongliao 028000, China)

Abstract: As a swarm intelligence algorithm derived from the social hierarchy and cooperative hunting behavior of gray wolves, gray wolf opti-
mization algorithm has received extensive attention and in—depth research in recent years due to its simple structure, few parameters, easy im-
plementation and other advantages. The analysis is carried out around the grey wolf optimization algorithm. First, we introduce the biological
background. Then, analyze the mathematical modeling process of the algorithm. Finally, summary the main improvement methods and applica-
tions of the algorithm systematically. These provide a reference frame for the advanced theoretical and application of the grey wolf optimizer.
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Fig. 1 Social hierarchy structure of grey wolves
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Fig.2 Schematic diagram of position update of grey wolves
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Fig.3 Exploration and development behavior
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