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Three dimensional path planning for unmanned aerial vehicles by adaptive hybrid
particle swarm algorithm
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Abstract: The article proposes an adaptive hybrid particle swarm optimization algorithm for the
three-dimensional path planning of unmanned aerial vehicles (UAV) to solve the problems by tra-
ditional heuristic algorithms prone to getting stuck in local optima, poor search ability, and low
convergence accuracy. Firstly, the algorithm balances its global and local search capabilities by a-
daptively adjusting inertia weights, while introducing mutation mechanisms for enhancing search
diversity. Secondly, after updating the particle position and velocity, the hiring bee strategy com-
bined with the artificial bee colony algorithm is used to enhance the algorithm’s local search capa-
bility. Finally, in the later stage of algorithm iteration, chaotic mapping is used to randomly in-
terfere with the population, helping the algorithm accelerate convergence speed and jump out of
local optima. The adaptive hybrid particle swarm algorithm was used in simulation experiments
by other heuristic algorithms for 3D path planning of unmanned aerial vehicles. The experimental
results showed that the algorithm performed excellently in search accuracy and convergence

speed, verifying its effectiveness and feasibility.
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Fig. 1 Schematic diagram of UAV path planning
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Fig. 2 Mountain terrain model
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Fig. 3 Dynamic variation diagram of inertia weight
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Fig.9 Comparison of va

rious algorithm paths in Map 1
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Fig. 10 Comparison of various algorithm paths in Map 2
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Tab. 4 Statistical indicators of various algorithms on Map 1
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Tab.5 Statistical indicators of various algorithms on Map 2
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Tab. 6 Relevant environmental parameters
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Tab. 7 Path planning results in dynamic

environment for multiple UAVs

T AL = B 1V R A/ %
1 0. 098E+05 100
UAVI 2 0.101E+05 100
3 0. 093E+05 100
1 1. 466E+05 100
UAV2 2 1. 120E+05 100
3 1. 540E+05 100
1 1. 276E+05 100
UAV3 2 1. 638E+05 100
3 1. 298E+05 100
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Fig. 13 Path planning visualization in dynamic environments for multiple UAV's
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