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Abstract With the rapid development of modern spaceindustry,the structure of communication satellites is becoming more and
more complex, while its faults are gradually increasing,and fault detection of communication satellites has become a key issue in
the current aerospace field. At present,the detection of faults by major space agencies is still based on simple upper and lower
threshold’s detection. The method is too simple and can only detect a small number of specific faults. Early studies using tradi-
tional machine learning for detection can only detect faults in quantitative characteristics. Aiming at the problem that traditional
machine learning algorithms are difficult to effectively learn the trend of telemetry data,this paper proposed a thresholding method
based on long-short-time memory network. LSTM prediction model is used to learn the trend change of the satellite telemetry da-
ta,and at the same time to maximize the correlation coefficient and the F1 score,to determine the appropriate threshold for the
fault determination of the multi-dimensional telemetry data. This method can effectively judge the fault by the trend of the satel-
lite telemetry data. The experimental data is based on the 24D communication satellite telemetry data provided by a space agency
for 2 years. The core model LSTM network is trained on NVIDIA GTX TITAN X. The final model accuracy is 99. 34 % , the pre-
cision is 81. 93% ,and the recall rate was 94. 62%. At the same time,compared with the traditional machine learning algorithm
and the LSTM-based non-threshold method, the accuracy of the model is significantly higher. The experimental results show that
the LSTM network can efficiently learn the trend characteristics of satellite telemetry data. At the same time,using the appropri-
ate method to select the threshold value,it can effectively detect the faultsof the communication satellite which successfully solve

the problem of communication satellite fault detection in the aerospace field.
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