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(1 College of Information Engineering, Hebei GEO University, Shijiazhuang 050031, China;
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Abstract: An elite opposition-based learning multi-stage mutated invasive weed optimization algorithm(EOMMIWO)
was proposed. First, the algorithm adaptively generated the initial value and the ending value of the standard
deviation of the normal distribution according to the search area of the problem; Second, the elite individuals
opposition-based learned which improved the exploration ability; Finally, different mutations were adopted in
different stages the algorithm, which enhanced the communication among the individuals and improves the ability in
exploitation. The test and comparison results of several complex Benchmark functions show that the proposed
algorithm not only improves the solution accuracy and convergence speed of IWO algorithm, but also strengthens
robustness.
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