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Abstract: This paper proposed an Event-triggered Curriculum DDPG algorithm to improve the efficiency and accuracy
of dynamic target tracking for UAVs. The algorithm combined Deep Deterministic Policy Gradient (DDPG) and
YOLO object detection technology. It introduced an event-triggered mechanism to dynamically adjust the policy update
frequency. enhancing decision-making efficiency. Additionally, it incorporated curriculum learning to create a staged
training framework, gradually improving the UAV's adaptability to complex tasks. Experimental results showed that
the ETC-DDPG algorithm effectively improved the tracking efficiency of dynamic target tracking task and the stability
of training process, and reduced the demand for computing resources, achieving a success rate of 93. 357 %. Compared
with the original-DDPG algorithm and ETC-TD3 algorithm, the success rate is improved by 56.175% and 37.1%
respectively. The collaborative effect of the event-triggered mechanism and curriculum learning was verified by ablation
experiment, providing a reference for autonomous task execution in UAVs.
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Fig. 1 Schematic diagram of drone tracking task
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Fig. 2 Structure diagram of ETC-DDPG algorithm
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Table 2 Comparison of algorithm stability, tracking efficiency and computing resource consumption
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DDPG F'e 5 99. 410 63. 335 0.187 829 81 0.158 0.006 238 33
ET-DDPG F'e 10 99. 375 77.742 0.135 017 51 0.031 0.005 416 71
C-DDPG P S'e 98 99. 565 81. 364 0.123 047 78 0.153 0.007 608 95
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