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ABSTRACT

The ranging error of the global navigation satellite system (GNSS) caused by the ionosphere significantly degrades GNSS

positioning accuracy. Correcting and predicting ionospheric delay is thus important for improving GNSS accuracy. The

ionospheric delay mainly depends on solar activity. Accurate prediction of the F10.7 index, an essential indicator of the

intensity of solar activity, is required to accurately predict the global ionospheric delay. Two time series forecasting algorithms
have been developed for the F10.7 prediction in this study: the auto-regressive moving average (ARMA) model and the long
short-term memory (LSTM) model. The predictions were performed for one-day and seven-days ahead data. The LSTM
model was trained with 45 years of data and the ARMA model was trained with 270 days of data. For the one-day prediction,
both the ARMA and LSTM methods yielded a low prediction error, less than 2.1% of the true F10.7 value. But for the seven-day
prediction, the LSTM method yielded a lower level of prediction error, 7.1%, than the ARMA method.
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Fig. 1. ARMA model structure (Igbal et al. 2019).
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2.1 Auto-Regressive Moving Average (ARMA)

ARMA B4l 217159 2dlQl AR Bdly} o] 5H o 2Egl
Moving Average (MA) R&l-& 35l Bello|n] A|A|GHo]E| S
ol &sh=t] Wo] AR} (Box & Jenkins 1970). A] (1) n]ef<]
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y(© =Xh_, Ayt —kT) + X1_, Bpu(t — kT) + u(®) (1)
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A5 9 Yule-Walker R 5 ok AAHb o] Ao £
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2.2 Long Short-Term Memory (LSTM)
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Fig. 2. LSTM network structure (Kim & Kim 2022).
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Fig. 3. Daily variation of F10.7 from 1965 to 2023.

Fig. 4. Daily variation of F10.7 in 2020: Raw and five-day moving average
data.
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Fig. 5. Train and prediction data period for the LSTM F10.7 prediction
model (1965-2020).
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Fig. 6. RMSE of ARMA prediction errors with different orders of p and g.

Fig. 7. AIC of ARMA prediction errors with different orders of p and g.
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Fig. 8. RMS of LSTM prediction errors with different hyper parameters by
Bayesian optimization.

Table 1. Optimized hyperparameters for the LSTM prediction.

Hyperparameter Value
Optimizer Adam
Epoch 598
Mini batch size 63
Learning rate 0.007

Learning rate drop period 54
Learning rate drop factor 0.6
Hidden unit 1 274
Hidden unit 2 250
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Fig.9. F10.7 prediction for 1 to 7 days ahead from April 12 to 18,2018.
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Fig. 10. One-day prediction values of F10.7 from 2010 to 2020.

Fig. 11. One-day prediction errors of F10.7 from 2010 to 2020.
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Fig. 12. Seven-day prediction values of F10.7 from 2010 to 2020.

Fig. 13. Seven-day prediction errors of F10.7 from 2010 to 2020.

Table 2. Prediction error statistics of F10.7 from 2010 to 2020.
Mean STD RMS RMS

Predictionday =~ Method (SFU) (SFU) (SFU) (%)
Polynomial 0.0 7.6 7.6 6.3

1 ARMA 0.0 1.2 1.2 0.9

LSTM 0.0 2.7 2.7 2.1
Polynomial 0.0 345 345 30.5

7 ARMA 0.0 11.9 11.9 10.1
LSTM -0.1 8.5 8.5 7.1
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Fig. 14. F10.7 prediction error per day from 2010 to 2020.
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