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tion and positioning. Improving the prediction accuracy of ionospheric Total Electron Content (TEC) is
very important to improve the positioning accuracy of satellite navigation. In this paper, we combine
sliding window and Long-Short-Term Memory (LSTM) neural network, and use sliding window algo-
rithm to continuously update the input time series data set. We tested the accuracy of the models corre-
sponding to different input sequence lengths and recorded them, and found that the accuracy of the last
10% of the input data series was the best when the predicted value was updated. Finally, we used the
sliding window method to update the last 10% of the input data series with the predicted value to build
the TEC prediction model. The newly constructed model, traditional LSTM model and BP model are
used to predict the same TEC time series data, and Root Mean Square Error (RMSE), absolute residual
error and Mean Absolute Error (MAE) are used to evaluate the accuracy of the model prediction results,
and verify the prediction performance of the new model. The experimental results show that the propor-
tion of residual absolute value less than 5 TECU predicted by the newly constructed model SLSTM
(Sliding Window on Long-Short-Term Memory) in both the calm period and the magnetic storm period
exceeds 85%), and the proportion of predicted residual absolute value less than 5 TECU corresponding to
the traditional LSTM model increases by 49% and 71%. On the other hand, compared with the tradi-
tional LSTM model, the root-mean-square error of the new model is reduced by 31% and 35%, respec-
tively, and the average absolute error is reduced by 25% and 32%, respectively. In addition, we can also
see that the RMSE mean values and MAE mean values of SLSTM model are smaller than those of tradi-
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tional LSTM model and BP model.
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% 2 SLSTM/LSTM #ZZI%t 20 Mg M TN RE MAE (B{iz: TECU)
Table 2 MAE of SLSTM/LSTM model for prediction results of 20 grids (Unit: TECU)
LI /(°)E (F ] LI /() (RER]
FE/ON 95 100 o 105 : 110 95 10(/)( & 105) 110

30 2.9/2 1.0/1.8 1.4/2.4 2.0/2.4 2.7/3.4 3.5/3.8 2.1/2.6 2.8/2.8
27.5 1.6/2.1 1.4/3.3 1.6/2.4 3.3/2.8 2.7/3.4 1.6/2.9 1.6/2.6 3.5/2.9

25 2.6/3.2 3.4/2.3 2.2/3.2 1.6/4.6 3.3/3.6 3.2/3.4 2.1/2.8 2.4/3.9
22.5 1.6/3.1 1.5/2.5 2.1/1.9 3.4/2.6 1.1/4.1 1.7/2.3 2.2/2.7 2.1/3.3

20 1.1/4 1.5/3 2.8/3.0 2.2/4 2.2/5.7 2.0/3.8 2.9/3.3 1.2/4
¥ 2.1/2.8 2.3/3.4

%& 3 SLSTM/LSTM &3t 20 4~ & M il 45 R &Y RMSE (&#fi: TECU)
Table 3 RMSE of SLSTM/LSTM model for prediction results of 20 grids (Unit: TECU)
ZHE/(°)E (FH#H) ZRE/(°)E (HE#H0)
/(N 95 100 105 110 95 100 105 110

30 3.5/2.5 1.3/2.3 2.4/2.7 3.1/2.8 3.6/4.3 4.0/4.6 3.1/3.4 3.6/3.7
27.5 1.9/2.4 2.1/3.7 2.2/3.3 3.8/3.7 3.4/4.5 2.5/3.3 1.7/3.2 4.3/4.1
25 3.2/3.7 4.0/3.2 3.2/4 1.9/5.5 3.8/4.5 3.7/4.3 2.3/3.5 2.8/4.9
22.5 1.7/3.8 1.7/3.5 2.5/2.4 3.7/3.4 1.5/5.2 1.8/3.1 2.6/3.7 2.7/4.1
20 1.2/4.7 1.6/4.3 3.1/4 3.2/5.1 2.8/7.1 2.1/4.8 3.0/4.6 1.4/5.2
¥fH 2.5/3.6 2.8/4.3
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% 4 SLSTM, LSTM, BP #&I3¢ 4 M&MFNL R RMSE ¥9{EF1 MAE #391E (B4i: TECU)
Table 4 RMSE and MAE mean values by SLSTM, LSTM and BP models for
the prediction results of four grids (Unit: TECU)
- RMSE¥I{H MAEHJ{H
E 1,
- eS| TR Y rzzs il TR

SLSTM 2.7 2.8 2.7 2.0 2.2 2.1
LSTM 3.7 5.0 3.8 3.1 4.0 3.3

BP 3.7 5.1 4.0 3.3 4.2 3.6
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A TN AR AR R ) F B SRS X R K 12 h i A7 3
fit. BT =g LIRS ) TEC A TRIALE
IE, 15 LU R 458,

T Bl B 1 R AE — 2 B[] P ] A 00 AR A 784 30
w2, (H R [ HERS, R 22 il K.
LSTM BRA W shed 11, B st e 3l 20 b 4 st I i ik 2>
SRR, AR B TR R

XA 20 A4 R TEC Fm 4% 5 2 A & PR :
SLSTM H B FE-F-# 0 | 4 2 W109°F-3 MAE, RMSE
%22 B B /N TAESE LSTM K| 3 H A A s 4 v,
HORS BB B HAE 48 LSTM AR B g H A B4 1)
FoRE PRI AT S8 RS TR 7 P 5 0 TR 2 22 L
Z& 17, SLSTM #EARY A% 48 LSTM ALY T A B2
1o, RS P ARG R, LIRS A L
AR (1) B T AF X S-S B

FJFH SLSTM £ &l | LSTM #i % | BP 5 AU %if
4 RS POE A | BRI AR AR TEC #E1T
T, 455 R SLSTM #5¥) MAE ¥4 . RMSE
PE I W LSTM #5581 | BP RERIER /)N, S H 15
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AW G 0] A 2 i S ) 0 M DX A v R 1)
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