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Abnormal Temperature Detection of Solar Array Based on an SE-TCN
Network Model
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Abstract: An SE-TCN network model is proposed to solve the problem that it is impossible to quickly determine
whether the temperature telemetry data of solar array is abnormal or not due to the delay of data for satellite passing
territory. First, the squeeze-and-excitation block is introduced into the temporal convolutional network (TCN) so as to
improve the feature extraction ability of the model. Second, the SE-TCN network is used to extract deep features of
the telemetry data. Finally, a medium and long-term prediction (about 4 tracks) is made for the temperature telemetry
data. Through the verification of the telemetry temperature data of an in-orbit satellite, it is shown that compared with
the results obtained by the traditional TCN, the mean absolute error (MAE) is reduced by 7.7%, the root mean
square error (RMSE) is reduced by 5.2%, and the correlation coefficient (R) is increased by 0.4% . When satellite
passes territory, the proposed detection model can quickly judge whether the real-time telemetry data is abnormal or
not according to the predicted value.
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Fig. 1 Data cleaning results
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