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Flight Delay Prediction Based on Distributed Hybrid Gray

Wolf Grasshopper Optimization Algorithm
TU Shenghong,CHEN Hongwei, YANG Weiwei, YANG Zhihui
(School of Com puter Science, Hubei Univ. of Tech., Wuhan 430068, China)

Abstract: Aiming at the problems of complicated flight delays, large amount of data and poor prediction
accuracy and low efficiency of traditional models, a hybrid algorithm based on gray wolf optimization algo-
rithm and grasshopper optimization algorithm is proposed to establish a flight delay prediction model. The
level mechanism of gray wolf optimization algorithm is introduced into the grasshopper optimization algo-
rithm to generate different levels of wolves to jointly guide the evolution of the population when the popu-
lation is iterated, so as to avoid the absolute control of the evolution of the population by a single body.
The Spark big data framework is used to design a distributed hybrid gray wolf grasshopper optimization al-
gorithm to improve model operation efficiency. The simulation experiment results show that the distribu-
ted hybrid gray wolf grasshopper algorithm can improve the accuracy of flight delay prediction and opera-
tional efficiency.

Keywords: grasshopper optimization algorithm; grey wolf optimization; distributed hybrid algorithm mod-

el; flight delay prediction
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