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Abstract: Aiming comings of traditional Grey Wolf Optimization algorithm (GWO), such as low

solution precision, slgw’ rgence speed and being easy to fall into local optimum, this paper proposes a nonlinear
Grey Wolf Optimization rithm based on hybrid disturbance. Firstly, a new nonlinear control parameter strategy and
an inertial weight strategy based on cosine transform are used to achieve a balance between exploration and
development. Secondly, in order to increase the diversity of the population in the later stage of the algorithm, a
t-distribution probability perturbation strategy is used. Finally, the Grey Wolf optimal individual is perturbed to
enhance the ability of the algorithm to jump out of the local optimum. In order to verify the performance of the
improved GWO algorithm, it is tested on 10 benchmark functions and compared with four basic intelligent algorithms,
four single improved strategy GWO algorithms and four other improved algorithms, the results show that the improved
GWO algorithm is superior to the four basic intelligent algorithms on 90% of the test functions. It is better than four
single improvement strategies on 50% test function and better than four other improved algorithms on 50% test functions.
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Fig. 1 The gray wolf hierarchy
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