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ABSTRACT: To address the problems of low computational efficiency and poor adaptability of
conventional unmanned aerial vehicle (UAV) trajectory planning algorithms, progress in domes—
tic and international research in this field was reviewed from the perspective of algorithm improve-
ment. First, the substantial advantages of intelligent algorithms for UAV trajectory planning were
elaborated based on global optimization capability, dynamic adaptability, computational efficiency,
and robustness. Subsequently, a detailed classification and summary of intelligent algorithms for
trajectory planning were presented. Furthermore, the advantages, disadvantages, application sce-
narios, and improvement directions of each typical intelligent algorithm were comparatively ana-
lyzed according to typical algorithm improvement strategies of intelligent optimization and ma-
chine learning algorithms. Finally, combined with the multiple challenges currently encountered in
UAV trajectory planning, future research trends and potential application directions of intelligent

algorithms for UAV trajectory planning were discussed. Additionally, the importance of intelli-
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gent algorithms for trajectory planning in improving algorithm performance, adapting to complex

environment, meeting diverse task requirements, and integrating intelligent algorithms were em-—

phasized. The review provides a reference for the research and development of intelligent algo-

rithms for UAV trajectory planning.
KEYWORDS: unmanned aerial vehicle;

trajectory planning;

intelligent optimization algo-

rithm; machine learning algorithm; reinforcement learning; neural network
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Fig. 1 Classification of intelligent algorithms for UAV

trajectory planning
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Fig.2 Flow chart of genetic algorithm
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Fig.3 Flow chart of differential evolution algorithm
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Tab.1 Summary of typical evolutionary algorithms
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optimization algorithm
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Fig. 7 Reinforcement learning model
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Fig. 8 Framework of Actor-Critic algorithm
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