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Abstract 

The radiation belt, where the high-energy particles are predominant in near earth space from the low earth orbit (LEO) 

to the geostationary orbit (GEO), sometimes causes satellite malfunction. Therefore, the objective of this study is to 

predict the high-energy electron flux at GEO with the energy above 2 MeV after 24 hours with higher accuracy for 

the safety satellite operation in terms of the space weather science. In this study the various kinds of solar wind data 

from satellite observations and ground geomagnetic observation data in 1999 were used for the Recurrent Neural 

Network (RNN). Prediction results were evaluated by the prediction efficiency, which is derived from both predicted 

and actual variation data. As a result, the prediction using combined data of solar wind and geomagnetic data shows 

highest prediction efficiency of 0.72. 
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1. Introduction 

The region in space where high-energy particles are 

concentrated is called the radiation belt, and the electrons 

that exist there are called radiation belt electrons. The 

radiation belts consist of the inner and outer belts. In 

particular, the outer belt sometimes extends into 

geostationary orbit, where many satellites are operated 

[1], [2], [3]. High-energy electrons with energies above 

MeV are known to cause satellite malfunctions and 

failures [4], [5]. 

So far, several studies have been conducted to predict 

fluctuations in high-energy electron flux by using only 

ground-based observation data as input parameters or 

combining ground-based observation data with solar 

wind data observed in space [6]. Fukada et al. [7] used 

only ground-based AE index and Dst index data during 

magnetic storms as input data and made predictions using 

a neural network. In their study, predictions were made 

from 2 to 12 hours later, and the prediction efficiency was 

as high as 0.71. However, since only the case of magnetic 

storms was used as training data, it was not practical 

because it could not predict the starting point where the 

high-energy electron flux fluctuates significantly. 

Nakamura et al. [8] used seven solar wind data as input 

data: Vsw: solar wind velocity, Bx: solar direction 

component of solar wind magnetic field data, Bz: north-

south component of solar wind magnetic field data, E: 

electron flux with energy above 2 [MeV], and AE index, 

Dst index, and UT: universal standard time as ground 

observation data, The same neural network was used to 

make predictions. In their study, data from 1999 to 2006 

were used to predict the energetic electron flux 24 hours 

later by combining space-based and ground-based data, 

and the prediction efficiency was 0.61. There is room to 

further improve this prediction efficiency by the number 

of input data and the way they are combined. 

  In this study, with the aim of further improving the 

prediction accuracy, we use various combinations of 

ground-based observation data and solar wind data as 

input data to predict the energetic electron flux over the 

next 24 hours. The results are also evaluated using 

prediction efficiency (PE). 

2. Dataset 

In this study, solar wind velocity (Vsw), north-south 

component of the solar wind magnetic field (Bz), and 

high-energy (>2 MeV) electron flux (E), which are solar 

wind data, and AE index, AU index, AL index, Dst index, 

and Universal Time (UT), which are ground-based 

observation data, as input parameters. AE, AU and AL 

indices are used as a proxy of the Auroral activity, and 
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Dst index apparently represents the intensity of the 

Magnetic storms. We also used Akasofu ε parameter 

calculated by Eq. (1) [9], which efficiently represent a 

total energy transported from the solar wind into 

magnetosphere. Vsw and Bz were obtained from the solar 

wind probe ACE, which was acquired from Omni Web, 

and E was obtained from the geostationary satellite 

GOES10, which was acquired from the Space Weather 

Prediction Center (NOAA) of the U.S. National Oceanic 

and Atmospheric Administration. The AE, AU and AL 

indices, and Dst index, which are ground-based 

observation data, were obtained from the Kyoto 

University Geomagnetic World Data Analysis Center. 

In this study, one year of data in 1999 was used, of 

which 80% was for training data and 20% was for test 

data. The respective parameters are shown in Fig. 2-1. 

 
Akasofu 𝜀 =  𝑉𝑠𝑤 × |𝐵|2 × 𝑓(𝑡) × (7𝑅𝑒)2               (1) 

Re：Earth radius 

B：Solar wind magnetic field average 

where 𝑓(𝑡) = {sin (
𝑡

2
)}

4

, and the value of t is determined 

by Bz using the following equation. 

 Bz > 0 𝑡 = arctan |
𝐵𝑦

𝐵𝑧
| 

 Bz < 0 𝑡 = 𝜋 − arctan |
𝐵𝑦

𝐵𝑧
| 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.2-1 Data for each parameter in 1999 

 

Fig.2-1 shows that the temporal variations of solar 

wind parameters are basically correlated with that of 

the high-energy electron flux. However, in the short 

time-scales, the relationship is not necessarily a one-

to-one correspondence, but rather a mixture of 

correlated and uncorrelated portions, indicating a 

complex relationship among various parameters. 

 

3. Recurrent Neural Network (RNN) 

Neural networks are systems that mimic the 

mechanisms of the human brain in order to perform 

processes such as recognition, memory, and judgment on 

a computer. There are two main types of neural networks: 

supervised learning and unsupervised learning, and 

supervised learning is used in this study. Supervised 

learning is a learning method in which an input signal is 

given and the output signal is repeatedly compared with 

a teacher signal, and the coupling loadings of each neuron 

are modified to reduce the error and adapt to a given 

problem [10].  

In this study, a recurrent neural network (RNN) was 

employed to learn and predict the data. Here, RNN is a 

neural network that recursively repeats learning in each 

unit and is suitable for use on continuous data, as shown 

in Fig.3-1. 

 
Fig.3-1 Structure of RNN 

 

 

4. Results 

In this study, predictions were made for various 

combinations of parameters as shown in Table 4-1, and 

the results were evaluated using the prediction efficiency 

(PE) shown in Eq. (2), 

 

 𝑃𝐸 = 1 −
𝑀𝑆𝐸

𝑉𝐴𝑅
   (2) 

 𝑀𝑆𝐸 =  
1

𝑁
∑ (𝑓𝑖 − 𝑥𝑖)

2𝑁
𝑖=1  

 𝑉𝐴𝑅 =  
1

𝑁
∑ (𝑥𝑖 − 𝑥̅)2𝑁

𝑖=1  

 𝑥̅ =  
1

𝑁
∑ 𝑥𝑖

𝑁
𝑖=1  

 

where 𝑥𝑖  in each equation is the actual observed value 

and 𝑓𝑖 is the predicted value. 

Predictions were made five times for each epoch in 

each case. The results for each case are shown in Fig.4-1 

to Fig.4-5. The horizontal axis is the number of epochs, 

the vertical axis is PE, and the average value of the five 

predictions in each epoch is shown as a dot. 
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Table 4-1 Input data for each forecast 

Case 1 Vsw, E, Bz, Dst index, AE index 

Case 2 Vsw, E, Bz, Dst index, AE index, UT 

Case 3 Vsw, E, Dst index, AEindex, Akasofu 𝜀 

Case 4 Vsw, E, Bz, Dst index, AU index, AL 

index 

Case 5 Vsw, E, Bz, Dst index, AU index, 

 

 
Fig.4-1 PE for case 1 

 
Fig.4-2 PE for case 2 

 
Fig.4-3 PE for case 3 

 
Fig.4-4 PE for case 4 

 
Fig.4-5 PE for case 5 

 

From Fig.4-1 to Fig.4-5, it seems that there is no 

correlation between the number of epochs and prediction 

efficiency between epochs 50 and 100. 

Next, Table 4-2 shows the average prediction 

efficiencies obtained from the results for all epochs in 

each case. 

 

Table 4-2 Comparison of average PE in each case 

 

Case 1 2 3 4 5 

Average 

PE 

0.61  0.51 0.61 0.57 0.57 

 

Table 4-2 indicates that Case 2, in which UT (the 

proxy of the satellite position) was added as input data to 

Case 1, shows the worst PE, while the case 1 shows the 

highest PE. On the other hand, Case 3, in which Akasofu 

ε (the total energy inflow from the solar wind) was added, 

had the same PE as Case 1. 

Case 1 with an epoch number of 70, PE shows the 

highest value of 0.72. The prediction results for this case 

are shown in Fig.4-6 and Fig.4-7. 

 

 
Fig.4-6 Comparison of predicted and observed data at 

the highest PE 
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Fig.4-7 Comparison of predicted and observed data at 

the highest PE 

 

In Fig.4-6 and Fig.4-7 show the comparison of the 

temporal variations for both predicted and observed high-

energy electron flux. The horizontal axis shows the date 

and the vertical axis shows the energetic electron flux. 

The blue line shows the actual observed data, and the 

orange line shows the predicted data. The more the 

orange line, the predicted data, overlaps the blue line, the 

observed data, the higher the prediction efficiency and 

accuracy. 

 Fig.4-6 shows that the forecast results are largely 

consistent for large changes. Fig.4-7 shows that the 

predicted values are lower than the actual observed 

values in many areas where the value of E is small. 

5. Discussion 

In Case 2, in which UT (the positional information of 

the satellite) was added as input data to Case 1, resulted 

PE is lower than that in Case 1. On the other hand, PE in 

Case 3 is almost same as that in Case 1, while Case 3 is 

added one parameter (the Akasofu ε which is the total 

number of energy inflows from the solar wind) to Case 1 

same as Case 2. The difference of the added parameters 

causes significant difference in consequent result. This 

suggests that the spatial information might reduce the PE, 

rather than the increasing of number of input parameters. 

Especially, using one parameter that include the 

integrated several information can efficiently improve PE, 

rather than superposing several parameters that has 

individual information. On the other hand, the input 

parameters of solar wind data might have potential to 

improve the PE compared to that of ground data. 

6. Conclusion 

In each case, there is no correlation between the 

number of epochs and the PE, which means that the PE is 

not dependent on the number of epochs between 50 and 

100, and there is no need to set the number of epochs 

above 100. 

From the comparison of the average prediction 

efficiency for each case, the accuracy of prediction is 

higher when the parameters to be used as input data have 

integral information rather than when the number of input 

data is increased. 

From the prediction results, the trend of the change in 

high-energy electron flux is captured. In addition, in the 

short time scale, we find that the prediction shows a little 

underestimation at the time of decreasing of E, but during 

E has an energy of 104 or more (alert level for the satellite 

malfunction), the prediction is highly accurate. In 

conclusion, the current result suggests that the RNN 

method proposed in this study is able to predict the 

periods considered important for the safe operation of the 

satellite. 
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