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Resource Scheduling Method of Multi-sensor Cooperative Detection for Flying Targets

WANG Meng-Qian' LIANG Hao-Xing! GUO Mao-Yun' CHEN Xiao-Long' WU Yi

Abstract Aiming at the dynamic demand of multi-sensor cooperative detection resource scheduling brought by the
maneuverability of flying targets, a new multi-sensor cooperative detection resource scheduling algorithm based on
proximal policy optimization (PPO) and fully connected neural network is proposed. In this paper, we first build a
constraint index model that affects the scheduling of multi-sensor cooperative detection resources. Next, we intro-
duce the Markov decision process (MDP) to simulate the multi-sensor cooperative detection resource scheduling
process, and in order to improve the stability of the algorithm, the Adam algorithm is combined with the learning
rate attenuation algorithm to control the up-to-date step of learning rate. Finally, the optimal resource scheduling
strategy is solved based on the improved proximal policy optimization and fully connected neural network al-
gorithm, and the comparative experiment shows the superiority of the algorithm proposed in this paper.
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Table 2 Simulation parameters
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4.2 1. AT HARRE S TR A IRE S H
ELVE T W3R 3. %% 4.

®3 WUTHRRESH

Table 3  Parameters of flight target status
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R4 HISTHRNBEIRESH

Table 4  Status parameters of No. 1
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Bl Bl,
B, [1 1
7 =
Bl, |1 1
B2, B2,
(31)
o B2 [11
Z{M =
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Table 5  Hierarchical sorting summary for constraints of sensors
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Fig.8 Training effects of different algorithms for different sensor numbers
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Table 8 Comparison of convergence time amplitude of
improved PPO-FCNN for different sensor numbers (%)
s PPO-FCNN DQN WAL
T 10 ME RS 39.00 —68.90 -59.10
T 15 ME RS —0.06 ~72.30 ~62.90
T 20 MR 4.10 —54.15 ~56.30
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