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Abstract

The core objective of this paper is to evaluate the application effect of improved Dynamic Multi Swarm
Particle Swarm Optimization (DMPG) algorithm in UAV path planning, especially its performance in
dynamic environments. This algorithm aims to enhance its adaptability and optimization performance
in dynamic environments by introducing dynamic weight adjustment mechanisms and various
swarm strategies. In addition, this article also combines deep reinforcement learning (DRL) technol-
ogy to improve the autonomous decision-making ability of drones in complex environments. By
constructing a detailed simulation environment, we conducted a comprehensive performance eval-
uation of the DMPG algorithm, including its obstacle avoidance ability, path planning efficiency, and
response speed to dynamic changes. The simulation results show that the DMPG algorithm per-
forms well in dynamic environments, not only effectively avoiding obstacles, but also achieving sig-
nificant improvements in the global and robust aspects of path planning. Compared with existing
static and dynamic path planning algorithms, the DMPG algorithm has demonstrated excellent per-
formance in key performance indicators such as average path length, obstacle avoidance success
rate, and task completion time. These findings provide new insights for the study of drone path plan-
ning and valuable references for future research and applications in related fields.
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Figure 1. Two dimensional diagram of Levy flight
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Figure 2. Mixed particle diagram
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Figure 3. Flowchart of multi swarm particle swarm optimization algorithm
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Figure 4. Diagram of UAV threat cost
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Figure 5. Path diagram of improved particle swarm algorithm for unmanned aerial vehicles
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Figure 6. Top view of the improved particle swarm algorithm path for unmanned aerial vehicles
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Figure 7. Particle fitness of improved particle swarm algorithm for unmanned aerial vehicles
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