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Abstract: To improve the popul s ivxity and the quality of search solutions, this paper proposes a nonlinear Grey

Wolf Optimization algorithm basgd t Chaos function and reverse learning mechanism. Tent chaos function and reverse
learning mechanism are use ize the population individuals, enhancing the distribution and diversity. A nonlinear
convergence factor cont y is introduced to balance the global search ability and local search ability. A dynamic
weight strategy is introduced t®improve the convergence speed and convergence ability of Grey Wolf Optimization (GWO)
algorithm. To verify the effectiveness of the proposed algorithm, 8 benchmark mathematical functions are used to test its
convergence speed and convergence accuracy, and it is compared with three Grey Wolf algorithms: GWO, CGWO, and
I-GWO. The experimental results show that the convergence accuracy of the nonlinear Grey Wolf Optimization algorithm on
multiple test functions reaches more than 107, and the convergence accuracy and convergence speed are better than the other
three comparative algorithms.
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Fig.1 Hierarchy diagram of grey wolves
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Tab.2 Algorithms for comparison
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Tab.3 Comparison of algorithm operation results
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Fig.3 Objective function value curves of different algorithms
for different benchmark test functions
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