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Planning of Giant Constellation Satellite and Earth Tracking Mission Based on DGNN

TAN Feihong, LIU Lei

(The 15th Research Institute of China Electronics Technology Group Corporation, Beijing 100083, China)

Abstract; With the increasing scale of low-orbit constellation, the measurement and control tasks undertaken by ground
TR&.C stations increases accordingly. This tasks require not only the establishment of satellite-earth connection with satel-
lites, but also the accurate tracking of satellites. This paper studies how to design an efficient planning algorithm and formu-
late an effective satellite-earth connection strategy . Based on the analysis of giant constellation network features, a discrete
dynamic modeling strategy based on visible time window is proposed. Then, the key technology for dynamic graph neural
network (DGNN) is adopted to represent and deal with its complex spatial dynamic relationship. Through the simulation of
open OneWeb constellation data, it designs experiments to verify the feasibility of the scheme. Experimental results of multi-
ple DGNNs show that the dynamic changes of the giant constellation star-earth tracking data can be effectively captured and
learned by the DGNN, and the network has a high accuracy in predicting the future time of star-earth tracking.
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