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Abstract The ionosphere is an important component of the solar terrestrial space environment, and
the critical frequency fyF> parameter is one of the most important and complex ionospheric parameters.
The changes in fyFy parameters will have a certain degree of impact on communication, navigation, radar
and other technologies, so predicting f,F, parameters has important research significance and applica-
tion value. This article proposes a deep learning prediction method that integrates the characteristics of

foFs parameter changes. A model combining bidirectional long short-term memory neural network Bil-
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STM network and ionospheric parameter similarity features is used to predict the ionospheric critical fre-
quency foFy parameter 24 hours in advance. The results show that the average relative error of BiLSTM
combined with ionospheric parameter similarity model in predicting f,F> parameters is about 8% ~10%.
Compared with the Long Short-Term Memory (LSTM) model, the average relative error has decreased
by about 6% to 7%, while compared with the BiLSTM model, the average relative error has decreased
by about 4% to 5%. The prediction results of the fyF, parameter for different latitude detection stations
show that as the latitude decreases, the difficulty of predicting the fyF, parameter increases, the predic-
tion errors of the three models increase, and the prediction accuracy decreases. The analysis of the pre-
diction results of fyF, parameters during geomagnetic storms shows that the predictive performance of
the three models will be affected to varying degrees during the occurrence of geomagnetic storms, and
the prediction error will increase. Compared to the calm period, the average relative error of the three
models has increased by about 1% to 4%. During geomagnetic storms, compared with LSTM and BiL-
STM models, BiLSTM combined with ionospheric parameter similarity feature models has better predic-
tive performance for fyF, parameters and better predictive performance. This method can also be ap-
plied to the prediction research of other ionospheric parameters such as Total Electron Content (TEC),

hwFs, etc., and has a very broad application prospect.
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Table 2 Information of ionospheric detection stations
URSI Station Country Latitude (N)/(°) Longitude (W)/(°)
BVJ03 BOA Brazil 2.8 60.7
BC840 BOULDER America 40.0 105.3
RL052 CHILTON Canada 51.5 100.6
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Table 3 Errors between observed and predicted values of fyF, parameters for three models
LSTM BiLSTM BIiLSTM& A M BRI
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BOA 1.454 1.063 16.21 1.327 1.065 14.30 1.067 0.751 10.04
BOULDER 1.067 0.825 15.28 1.003 0.724 13.54 0.694 0.513 8.61
CHILTON 1.045 0.796 14.27 0.864 0.629 11.87 0.581 0.415 7.94
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Fig. 4  Prediction results of fyF, parameters for three detection stations from

00:00 LT to 23:00 LT on 4 October 2015
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