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In the world of new optimization methods, there is a concern that various methods, despite having different names, are quite
similar. This raises a crucial question: Does the introduction of a new source of inspiration justify assigning a new name to an
optimization algorithm, especially when its functionality closely mirrors or simplifies an existing, well-known method? We took a
closer look at the Grasshopper Optimization Algorithm (GOA), investigating its concepts and comparing them to different versions of
Particle Swarm Optimization (PSO). Our findings lead to a noteworthy conclusion:

GOA, despite its branding as a novel algorithm, is not a new algorithm, but can be viewed as a derivative of PSO.
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How Does GOA Compare to PSO?

GOA equations!il:
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GOA has no velocity
term and falls in the
velocity-free category

Fully-informed

Sd)=f exp(_d/a) — exp(—d) [weighted]

gt The best solution found by the grasshoppers at iteration ¢t Uses information of
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Conclusion

We have presented one of the highly cited swarm intelligence algorithms in terms of PSO. We performed a @ Negin.Harandi@ugent.be
comparative analysis between GOA and PSO and its variants, which showed that GOA and BBFiPSO share a similar m https://www.linkedin.com/in/Negin17h

approach. We find that BBFiPSO has greater capabilities to converge to an optimal or near-optimal solution. https://GitHub.com/Negin17h

Future work will investigate the behavioral similarities between GOA and PSO variants by characterizing the search siey ) eceea bR e ey e et prmmeh G

behavior of these algorithms!4!.
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