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that the basic Grey Wolf Optimizer (GWO) converges slowly and is easy to fall

Abstract: Aiming at t
into local search, this oSes an improved version ALGWO that incorporates arithmetic operations and lens
imaging learning stra d on the fundamental principles of GWO, this improved algorithm introduces multipli-
cation and division operators from the Arithmetic Optimization Algorithm (AOA) and utilizes a lens imaging-based op-
position learning strategy to enhance the diversity of the optimal individuals. These modifications aim to bolster the al-
gorithm's global exploration capabilities and improve its convergence speed. Comparative experimental results demon-
strate that the improved GWO exhibits faster convergence, a stronger ability to escape local optima, and achieves opti-
mal mean values in 28 out of 30 benchmark test functions. Furthermore, it outperforms several state-of-the-art algo-
rithms in terms of solution quality and generality.
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Fig. 1 The principle of opposition learning strategy based on

lens imaging
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CEC06 Shifted and Rotated Weierstrass Function 600
CEC07 Shifted and Rotated Griewank’s Function 700
CEC08 Shifted Rastrigin’s Function 800
CEC09 Shifted and Rotated Rastrigin's Function 900
CEC10 Lt Shifted Schwefel’s Function 1 000
CECIL g Shifted and Rotated Schwefel's Function 1100
CEC12 Shifted and Rotated Katsuura Function 1200
CEC13 Shifted and Rotated HappyCat Function 1 300
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Tab.3 Comparison of optimization results for CEC2014

benchmark functions
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