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Abstract A 24h ahead forecasting model for ionospheric Total Electron Content (TEC) at Beijing

station is established based on the deep learning Recurrent Neural Network (RNN) for the first time.

The model implementation requires solar 10.7 cm flux index, geomagnetic index ap, grid map of TEC,

solar wind speed and the southward components of interplanetary magnetic field. The predicting

results for Beijing station (40◦N, 115◦E) show that the Root Mean Square Error (RMSE) of the
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disturbed ionosphere TEC predicted by RNN model is lower than that of BPNN (Back Propagation

Neural Network) model by 0.49∼1.46TECU. The forecasting accuracy of ionospheric positive storm

by RNN model is increased by 16.8% with solar wind parameters. Furthermore, the RMSE of RNN

model of 31 strong TEC storms in 2001 and 2015 are less than those of BPNN model by 0.2TECU,

and the RMSE of RNN model is decreased by 0.36∼0.47TECU as solar wind parameters are added.

The results indicate that RNN model is more reliable than BP model for short-term forecasting of

TEC. Moreover, the addition of interplanetary solar wind parameters are helpful for predicting TEC

positive storm.

Key words Ionospheric storm, TEC, Forecast, Recurrent neural network, Solar wind parameter
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Fig. 2 Unfolding RNN construction on time steps

G 1 ABHICDEJF
Table 1 Assignment of the training

and testing data

Phase Training data Testing data

Year 1999−2000 2001

Year 2002−2014, 2016 2015

G 2 GKHILJK
Table 2 Assignment of the input factors

Set 1 Set 2 Set 3

Factor TEC, F10.7, ap TEC, F10.7, vp, Bz TEC, F10.7, ap, vp, Bz

Dimension 120, 5, 40 120, 5, 120, 120 120, 5, 40, 120, 120

Number of training samples 5603 5315 5315

Number of testing samples 730 696 696
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� 3 2001 � 2015 � F10.7 ��Z ap ��X�
Fig. 3 Variation of F10.7 index and ap index in 2001 and 2015
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Table 3 Definition of confusion matrix on
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����a ��^a ��j�a
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� 4 ce��_���j������Æ���
Fig. 4 Hit rate of positive and negative storm and RMSE of models with different number of neurons
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� 5 ����	 TEC �� RMSE

Fig. 5 Forecasting RMSE of TEC in Beijing

� 6 RNN � BPNN ����de�
Fig. 6 Hit and false alarm rate of RNN and BPNN model
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$-81<@2 36.1%, 30.9%, 38.6%. BPNN *.
# TEC 45$-81<@2 52.0%, 61.7%, 52.3%,

#c5$-81<@2 45.6%, 48.1%, 48.7%. )-
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S BPNN *..
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G 5 L 31 de\fg]hiGK RMSE

Table 5 Forecasting RMSE of 31 TEC storms

Sample set 1 Sample set 2 Sample set 3

�–j–a RNN BPNN RNN BPNN RNN BPNN

�a fa �a fa �a fa �a fa �a fa �a fa
�� �� �� �� �� �� �� �� �� �� �� ��

�g 2001-01-21 2.74 2.41 3.06 2.01 3.24 2.69 2.22 2.96 3.03 2.44 2.57 2.34

2001-01-29 1.56 3.32 1.41 2.43 1.04 3.63 2.03 3.35 1.39 3.71 2.69 3.07

2001-02-05 3.28 2.45 2.76 2.19 1.84 2.13 3.69 3.16 2.51 2.45 2.70 2.60

2001-02-12 4.94 3.33 4.82 4.11 4.86 3.50 3.63 3.26 3.80 2.92 4.67 3.95

2001-02-22 3.10 2.49 3.28 2.30 2.54 2.93 2.90 2.93 2.89 2.70 3.16 2.39

2001-03-12 3.60 3.09 2.95 3.03 1.75 3.21 3.61 3.49 2.98 3.46 2.69 3.07

2001-03-27 6.43 8.73 5.96 8.30 8.36 7.82 6.76 7.74 7.98 7.78 6.17 7.77

2001-09-25 5.07 4.34 13.92 8.07 4.26 4.46 5.41 5.29 6.12 5.00 6.89 5.39

2001-11-24 5.36 3.84 4.41 4.83 3.92 3.92 3.55 3.55 4.44 4.44 5.67 5.67

2001-12-04 5.26 4.76 3.77 3.39 3.66 3.62 2.71 3.75 4.04 3.37 3.89 3.48

2015-01-19 2.14 1.89 2.09 1.56 2.22 2.42 2.31 2.15 2.40 2.35 2.46 2.04

2015-01-28 2.64 2.28 3.25 2.59 2.40 2.20 2.90 2.29 2.26 2.09 2.63 2.06

2015-03-01 5.26 4.50 3.77 4.29 3.91 4.41 4.99 3.56 3.93 4.12 4.36 4.48

2015-03-26 2.48 2.98 2.51 3.53 1.81 2.69 2.47 2.97 1.93 2.99 1.26 2.98

2015-04-19 5.57 3.16 4.31 3.10 3.94 2.95 6.58 4.10 5.09 3.18 6.10 3.96

2015-06-08 5.48 3.53 6.17 4.87 4.14 2.74 5.60 4.13 4.75 3.16 3.65 3.45

2015-07-04 3.80 3.21 2.97 2.29 2.76 2.83 3.25 2.53 3.07 2.99 3.34 3.21

2015-07-11 3.81 3.30 4.10 3.50 2.93 3.38 3.51 4.02 3.32 3.29 3.06 3.75

2015-09-15 2.43 1.80 2.16 1.99 2.26 1.89 2.61 2.21 2.43 1.78 2.67 1.99

2015-10-14 2.38 2.39 2.60 2.44 2.20 1.84 2.11 2.66 2.31 1.90 2.24 2.41

2015-10-19 1.91 1.90 1.44 1.53 2.00 2.05 1.73 2.15 1.47 1.50 1.99 1.83

2015-12-20 7.81 4.12 5.09 2.60 6.63 3.98 3.50 2.39 7.00 4.09 3.89 2.60

jg 2001-01-12 3.57 2.06 3.70 2.19 3.75 2.67 4.05 2.32 3.36 2.61 3.76 2.06

2001-04-12 2.41 4.44 6.03 7.29 3.77 5.36 2.96 5.96 3.58 4.67 1.84 10.04

2001-05-10 3.22 3.13 3.21 3.59 5.42 4.21 5.29 4.21 4.28 3.70 4.67 4.35

2001-12-27 9.16 6.72 7.99 6.40 6.54 6.28 9.80 6.36 5.99 5.82 6.71 5.39

2015-06-23 7.61 4.78 6.88 7.01 7.16 4.66 7.89 5.58 7.79 4.96 8.52 6.32

2015-10-07 1.60 2.19 3.68 2.34 5.00 2.92 1.99 2.54 3.68 2.56 4.22 3.30

jg 2001-11-05 18.18 9.44 16.95 9.78 16.01 11.58 15.24 10.86 15.55 11.14 16.03 11.52

2001-03-20 11.03 9.61 12.44 9.33 9.00 9.95 9.56 8.61 9.03 8.74 8.36 6.96

2015-03-17 5.58 4.93 5.82 5.31 5.59 4.93 5.45 4.22 5.82 4.80 5.09 4.12

�� e 4.82 3.91 4.95 4.14 4.35 4.00 4.53 4.04 4.46 3.89 4.45 4.15
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? 8(a) (b) JN$ 2015 J 3 l 17 5 2015

J 6 l 7 5Id!�"5ik$),&*. I9*
.V),N$ik 1 Om*$!�"c:�&. )
-@$@ 2, 3 $*.),B50,BFn@f, "
+H@ 1$Fh. @ 2, 3 $ BPNN *.), 3l 18

5$ TEC Fn8:, 4#!`o2>$ TEC ),
B"+US RNN *.$),"+. 7ik 2 &,

@ 1 $ BP *.FOR*"-2c:�&, @ 2, 3

$ BPNN *.),"+6&pm. RNN  BPNN

*.6i9),N 3 l 17 5 6 l 8 5$45.

4 nl

#S8"'%!�"$),, RNN  BPN-

N *.V9JN%)$),&*, RNN # TEC

$),&*mXS BPNN. #S!�"5$),,

RNN  BPNN *.V9F)/),!�"45,

RNN *.#!�"45$-81mhS BPNN *
., I BPNN *.#c5$-81hS RNN *..

Nakamura * [10] +/ BPNN *.+'$!�"#
m#A)-*., 4*.,K�.&�& 690 5!
�"45 514 5!�"c5, 8:)-N 216 5
45 165 5c5, 45'c5-81<@2 31.3%

 32.1%. 5;>H, RNN *.#!�" TEC 4'
c5$-816Fh, <@<f 69.2%, 38.6% 1�.

+fcD-)#0,./a/S!�" TEC )-
�<;$. )#0,*.81nq!�" TEC 45
 c5-81, ,K&*$4'c5-812c`c
>=<b. +Nc!�"45 c5$4243g
7CU+j,Ikog$0,&+%8<T *o+
9+j. >B RNN *.#!�"c5$),"+H
45"+],5 BPNN*.>H,4),8::7;

� 7 RNN Z BPNN ������ (a) �j���� (b) Zp����. nopl RMSE, �mqÆ�,

nopl��� T rate, �mrs ∗
Fig. 7 Hit rate and RMSE of RNN and BPNN model for positive (a) and negative (b) storm. The left vertical

axis is root-mean-square error, which corresponds to the histogram. The right vertical

axis is the success rate of prediction, which corresponds to the signal ∗
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� 8 �� RNN � BPNN ��� TEC ��t����p
Fig. 8 Comparison of predicted TEC by RNN and BPNN model with the observations
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$!�"c5. +<9��S!�"5$4243
1S21, jp!;'&%7 UQh<$0(V�
!�"5oh$s@,#kqh4<DE$./C8
F+#439;6<, &'�b-!�"c5, l$
%U$!�"c5),"+. !�"c5$),q
r98BX(*.,- &+.
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