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Table 4 Comparison of the running results of

six algorithms in three different scenarios

in static conditions
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Figure 7 Fitness curve results of six algorithms in three different scenarios in static conditions
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Figure 8 Path planning results of six algorithms in multi-aircraft and multi-target scenarios in dynamic environments
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Figure 9 Path planning results of six algorithms in a dynamic environment with multiple aircraft targeting the same scene
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Based on Butterfly Optimization Improvement Algorithm for UAVs 3D Path Planning

WANG Guoguo'?, BAI Yijie’, CHAI Mengjuan®, YU Daojie’, WANG Yicheng’

(1. School of Cyberspace Security, Zhengzhou University, Zhengzhou 450001, China; 2. School of Information System Engineering,
Information Engineering University, Zhengzhou 450001, China)

Abstract: Aiming at the problem of high complexity of path planning and difficulty in generating high-quality paths
in effective time for UAVs in complex threat environments, a multi-strategy fusion particle swarm-butterfly optimiza-
tion improvement algorithm (IPSOBOA) was proposed. The initial population was optimized through tent chaotic
mapping combined with inverse learning strategy to enhance the diversity of the population; nonlinear parameter ad-
justment and dynamic conversion probability mechanism were introduced to balance the global search and local ex-
ploitation ; combined with the particle swarm algorithm, the velocity term was introduced in the local search phase,
and the position update equation with dynamic change of velocity was proposed to improve the search efficiency.
Based on four benchmark test functions and three different threat scenarios respectively, IPSOBOA was compared
with the butterfly optimization algorithm and various other optimization algorithms. The experimental results showed
that, compared with the butterfly optimization algorithm in three scenarios of the static environment, IPSOBOA opti-
mized the optimal fitness value by 1. 8%, 17% , and 44% respectively, and optimized the path length by 1. 8%,
42.4% , and 61. 3% respectively; in the dynamic environment, it combined global path tracking and real-time ob-
stacle avoidance to generate smoother and safer paths.

Keywords: butterfly optimization algorithm; dynamic window approach; tent chaotic mapping; inverse learning;

path planning





