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Prediction on the geomagnetic daily variation based on
the LSTM model with temporal information encoding

KANG Shiqi, HAN Qi

(Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China)

Abstract: In this paper,an LSTM prediction model based on the temporal information encoding is proposed to address the demand
for predicting geomagnetic daily variation in magnetic anomaly detection. A data pre—processing process suitable for the prediction
of geomagnetic daily variation data is designed, and the temporal information is encoded into a numerical representation that can be
recognized by the computer. This provides multiple dimensions of temporal features as important auxiliary information for the
prediction of geomagnetic daily variation. The experimental results show that the prediction error is significantly reduced after adding
the temporal information coding, and the LSTM model based on the temporal information encoding significantly affects the
improvement of geomagnetic daily variation prediction.
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Fig. 1 Structure of LSTM prediction model based on temporal information encoding
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Fig. 3 Effect of temporal information encoding on the prediction effect of LSTM networks with different input lengths
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Fig. 4 Effect of temporal information encoding on the prediction effect of the model when the input length is 144 and the prediction length is 72
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Fig. 5 Effect of temporal information encoding on the prediction effect of the model when the input length is 144 and the prediction length is 144
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