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Research on the sorting problem of cargo location operations
based on improved bottle sea sheath group algorithm
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Abstract

This article proposes an improved bottle sea sheath group algorithm to solve the problem of cargo location allocation. Firstly, a single
objective optimization mathematical model is constructed with the goal of minimizing the total transportation distance. Based on the
tunica swarm algorithm, an improved tunica swarm algorithm is proposed. This algorithm uses the best point set method to initialize
the population, making the initial population more evenly distributed in the solution space, and optimizes the population fitness
value through differential evolution algorithm to improve local development ability. Finally, the Cauchy reverse learning strategy
is applied to expand the search range and increase convergence accuracy. Experiments have shown that compared with the tunica
swarm algorithm and other optimization algorithms, the improved tunica swarm algorithm has stronger global search capabilities and
significantly reduces the total transportation distance of the cargo sorting scheme.
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