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Shared-Parameter Proximal Policy Optimization-Based Approach for

Unmanned Aerial Vehicle Formation Transformation

QIAN Liying', XIAN Yong', LI Shaopeng'*", LIU Zhi'

(1. Rocket Force University of Engineering,Xi’an 710025, China;
2. Department of Automation. Tsinghua University, Beijing 100084, China)

ABSTRACT: To address the formation transformation problem in multi-unmanned aerial vehicle (UAV) systems
subject to kinematic constraints, an end-to-end cooperative planning approach that integrates auction-based target
assignment with shared-parameter proximal policy optimization was developed. First, to alleviate trajectory inter-
sections and imbalanced path allocation arising from irrational target matching during formation transformation, an
assignment cost matrix was constructed by comprehensively accounting for trajectory length balance and crossing
penalties, and target assignment was performed using an auction-based mechanism. Second, under a centralized
training and decentralized execution framework, a shared-parameter policy network was developed to facilitate coor-
dinated formation transformation planning based on the motion state of each UAV, relative target information, and
local neighbor observations. Simulation results demonstrate that the proposed method can effectively accomplish
formation transformation tasks across various formation scales. Compared with baseline methods, the final training
reward of the proposed approach is increased by about 67 %. Compared to the shared parameter PPO without refer-
encing auction allocation, the required nunber of iterations for convergence is reduced by about 19 %.
KEYWORDS: multi-UAV formation; trajectory planning; reinforcement learning; PPO; auction allocation
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