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Modeling of Fast Changing Telemetry Data of Satellite Based on Random Forest

ZHANG Xuehuan, SUN Jianwei, ZHAQO Daiyan

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

Abstract: Modern satellites have gradually become a major national infrastructure. In order to understand the satellite on orbit
working status, it is necessary to analyze the telemetry data. The fast changing telemetry data contains a large amount of satellite
service information. The analysis and modeling of the data based on machine learning algorithm can make better use of the fast chan-
ging telemetry data with high feature dimension and large amount data, and provide a possible scheme for artificial intelligence in sat-
ellite modeling, operation and maintenance. A method of modeling the fast changing telemetry data of on orbit satellite based on the
random forest algorithm is proposed, and an improved dual grid search method is introduced to optimize the model parameters. The
model is used to predict the power measurement value of certain frequency point. The results show that the R’ value is more than
0.98, 88% of the predicted values reaches an error of less than +2% , and all the predicted values have an error of less than +5%.

A fast changing telemetry data model with good effect is established, which provides the possible scheme for the analysis of fast chan-

ging telemetry data based on machine learning.
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