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ABSTRACT 
 
This study was carried out to achieve the prediction of the Disturbance storm 
time index variations based on one hour interplanetary data and solar wind 
parameters using artificial neural networks. We designed two neural networks 
with the same structure and different number of input parameters. The 
architecture of neural networks is time delay Feed-forward with one hidden 
layer. By using separate constitutes of the interplanetary data and the solar wind 
parameters, we tested two neural networks during the period from January 1996 
to May 2017. The first network had 7 input parameters, which are the 
interplanetary magnetic field, the south component of interplanetary magnetic 
field, and 5 solar wind parameters (temperature, density, velocity, pressure, and 
electric field). Meanwhile, we trained the second network using 3 parameters 
(the south component of interplanetary magnetic field, and 2 solar wind 
parameters (velocity, and pressure)). The study period was divided into four 
training short periods of 5 years and one predicted short period of 2 years. 
Thereafter, the neural networks were trained utilizing each data set. In addition, 
we explained the performance of the neural networks during the extreme storm 
in each set. The applied ANNs showed a good performance in predicting the Dst 
index during the initial and main phases. The initial phase was predicted 3 h 
ahead. Therefore, the ANN technique can provide real-time and accurate alerts 
even before the geomagnetic storm begins. Moreover, it was predicted the 
minimum expected Dst value during the main phase with relatively accurate 
amplitude. Also, it was detected the storm onset time with accurate timing. Its 
precision was two hour later or ahead, which represents one sample difference 
between the observed and the predicted Dst indices. The networks showed 
similar response, indicating the strong dependence of the Disturbance storm time 
index on the southward component of the interplanetary magnetic field, and the 
solar wind parameters (velocity, and pressure). These neural networks can be 
applied on longer or shorter samples intervals of the solar wind data. 
 
Key words: Disturbance storm time (Dst), geomagnetic storm, artificial neural 
network (ANN), and solar wind parameters. 

 
 
INTRODUCTION 
 
The abnormal disturbances in the Earth’s magnetic field 
caused by several solar phenomena is crucial in 
understanding the solar terrestrial dynamics, such as a 

geomagnetic storm (Akasofu, 1983; Joselyn et al., 1981). 
The geomagnetic storm is a magnetically disturbed period 
lasting   from   several  hours to several days, characterized 
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by a reduction of the Disturbance storm time (Dst) index 
(Chapman and Bartels, 1940). It can cause power outages, 
satellite damage, communication failure and navigational 
problems (Gonzalez et al., 1994). Numerous studies have 
investigated the causes geomagnetic activities since the 
last decades of the twentieth century (Akasofu, 1983). 
These studies proposed that geomagnetic activity is 
associated with the variation of the interplanetary 
magnetic field, the south component of interplanetary 
magnetic field and the solar wind parameters (Akasofu, 
1983). Moreover, the strong geomagnetic disturbance is 
related to the magnetic cloud (Lakhina, 1994;Gonzalez et 
al., 1994) which give rise to intense and super geomagnetic 
storms (Kaushik and Shriastava, 1999; 2000).  

The Dst index (Sugiura, 1964) is expressed in nano-tesla 
unit. It is based on the average value of the horizontal 
component of the Earth's magnetic field. It is calculated 
hourly at four near-equatorial geomagnetic observatories 
(Honolulu in USA, San Juan in Puerto Rico, Hermanus in 
South Africa, and Kakioka in Japanese). In a classical 
geomagnetic storm, the Dst shows a sudden rise, 
corresponding to the storm sudden commencement (SCC), 
and then decreases sharply due to intensification of the 
ring current which formed the storm main phase. 
Thereafter, the ring current begins to recover and the Dst 
slowly rises back to its quiet time level forming the storm 
recovery phase, (Rostoker, 1997). The more negative is the 
Dst value, the more intensity is the ring current. 

In the last decades, different operational Dst index 
forecasting algorithms based on both interplanetary 
magnetic field and solar wind parameters have been 
developed by many researchers e.g. (Wu and Lundstedt, 
1996; 1997; Kugblenu et al., 1999; O'Brien and McPherron, 
2000; Temerin and Li, 2002; Jankovičová et al., 
2002;Drezet et al., 2002; Gonzalez et al., 2004; Vörös and  
Jankovičová, 2002; Anh et al., 2005;Stepanova et al., 2005;  
Pallocchia et al., 2006; Wei et al., 2007; Saiz et al., 2008; 
Mays et al., 2009; Ji et al., 2012; Kim et al., 2014; Qin and 
Nishii, 2015). 

Some researchers examined the prediction of the Dst 
index by utilizing the artificial neural network (ANN). For 
example, Stepanova et al. (2008) predicted the Dst index 
variation by utilizing the Feed-forward networks with one 
hidden layer. They used individual solar wind parameters, 
polar cap index, and auroral electrojet index as input 
parameters. Balasubramanian (2010) trained and tested 
an ANN over a complete solar cycle to predict Kp, Dst and 
AE indices. Gururajan et al. (2013) predicted the 
geomagnetic field components mean hour values by 
applying the ANN. Caswell (2014) found that a Bayesian 
regularization neural network algorithm may be the most 
accurate model of artificial neural network. Lazzús et al. 
(2016) enhanced the ANN with particle swarm algorithm 
and trained to forecast the Dst index one hour ahead using 
the past values of Dst and auroral electrojet indices. The 
present   study   designed  ANNs  to  predict  the  Dst  index  

based on the interplanetary data and the solar wind data.  
 
 
MATERIALS AND METHODS 
 
Data sets 
 
In this study, the hourly used data are the interplanetary 
magnetic field, the solar wind parameters, and the Dst 
index, during the period from 1st January 1996 to 31stMay 
2017. These hourly averages data are available on OMNI 
database of the National Space Science Data Center of 
NASA (King and Papitashvili, 2005). The used data are the 
interplanetary magnetic field (IMF B), the south 
component of interplanetary magnetic field (IMF Bz), the 
solar wind temperature (T), the solar wind density (D), the 
solar wind velocity (V), the solar wind pressure (P), and 
the solar wind electric field (Ey). The used data comprised 
187,728 observations which began from 00:30 UT on 1st 
January 1996 to 23:30 UT on 31st May 2017. 

To achieve the most optimum training performance, the 
ANN was utilized. The data were divided into 4 training 
short periods of 5 years and 1 predicted short period of 2 
years. The 4 training sets began from 00:30 UT on 1st 
January 1996 to 23:30 UT on 31st December 2000, from 
00:30 UT on 1st January 2001 to 23:30 UT on 31st 
December 2005, from 00:30 UT on 1st January 2006 to 
23:30 UT on 31st December 2010, and from 00:30 UT on 1st 
January 2011 to 23:30 UT on 31st December 2015. These 
trained data sets have about 43,824 observations except 
the first set because of the 29 days in the month of 
February. Finally, the predicted data set began from 00:30 
UT on 1st January 2016 to 23:30 UT on 31stMay 2017 
which comprised 12,408 observations points. 

The study period included hundreds of geomagnetic 
storms. There are 552 SSC available on German Research 
Centre for Geosciences (GFZ) which are collected by 
numerous geomagnetic observatories. We represented 
every data period by selecting the most extreme 
geomagnetic storm to illustrate the performance of the 
ANNs. Where, the severity of a geomagnetic storm was 
classified as moderate (–50 nT minimum of Dst > –100 
nT), intense (–100 nT > minimum Dst > –250 nT) and 
super storm (minimum of Dst < –250 nT) (Cander and 
Mihajlovic, 1998). Table 1 shows the data sets, the most 
bextreme geomagnetic storms with their minimum Dst 
index values, and their severity.  
 
 
Artificial neural network method 
 
The ANN method is one of the current prediction 
techniques. It is a successful tool and has been widely used 
in a large variety of applications in various fields. The ANN 
is setup to correlate the models of biological neural 
networks. The motivation came from the need to produce  
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Table 1: The data sets, the most extreme geomagnetic storms with their minimum Dst index values, and their severity. 
 

The study Period The storm date Dstmin Storm Intensity 

Training data sets 

Jan 1996 – Dec 2000 July 15th, 2000 –301 Super 

Jan 2001– Dec 2005 March 31st , 2001 –387 Super 

Jan 2006 – Dec 2010 December 15th, 2006 –162 Intense 

Jan 2011– Dec 2015 March 17th, 2015 –223 Intense 

     

Predicted data set Jan 2016 – May 2017 May 28th, 2017 –125 Intense 

 
 

 
 

Figure 1: A simulation between the biological and artificial neuron design. 

 
 
artificial systems that are able to calculate and process 
complicated data. It can be used to extract patterns and 
detect trends that are too complex to be noticed by either 
humans or other computer techniques (Sehrawat et al., 
2015). The history of ANN probably began in the late 
1800s with scientific attempts to study the behavior of the 
human brain. In 1890, William James published his first 
work on brain performance. The first artificial neuron was 
produced in 1943 by the neuroscientist Warren McCulloch 
and the logician Walter Pits (McCulloch and Pitts, 1943). 

Artificial neuron observation comes into the main body 
of an artificial neuron via inputs that are weighted (each 
input can be separately multiplied with a weight). The 
body of an artificial neuron then sums the weighted inputs 
and bias, and analyzed the sum based on a transfer 
function. Finally, an artificial neuron delivers the 
processed information by outputs (Figure 1). The 
simplicity of artificial neuron model has a benefit observed 
in its mathematical formulation, given as (Krenker et al., 
2011): 

 

                 (1) 
 

Where, are  : input value in discrete time t where i 

goes from 0 to m, : weight value in discrete time t 

where i goes from 0 to m, : bias, F: a transfer function, 

and : output value in discrete time t.  
In dynamic nonlinear input-output ANN type (time delay 

feedforward network), two sets are involved. An input set 

is solar wind parameters x(t) and an output/target set is 
Dst index y(t). Here, we want to predict values of Dst index 
y(t) from previous values of solar wind parameters x(t), 
and d is the delay number. This input/output model can be 
written as follows (Equation 2): 
 

                          (2) 
 
The nodes number determination in the hidden layers is 
not easy. Although some techniques have been used by 
different researchers (Lundstedt and Wintoft, 1994; 
Gleisner et al., 1996), there is no specific method. The ANN 
can memorize the data it has been trained on. Therefore, 
three sets were used to check the ANN performance: 
training, test, and validation data sets. The validation set is 
not part of the data that has been used for training. The 
performance function of the applied neural network is a 
“Mean Square Error” (MSE) function. As each input set is 
applied to the network, the network output is compared 
with the target. The error is calculated as the difference 
between the target output and the network output. The 
goal is to minimize the average of the sum of these errors. 

To investigate the response of the neural network to 
different input parameters, two neural networks were 
constructed using different number of nodes in the input 
layer. The first ANN has 7 input parameters: (IMF B), (IMF 
Bz), (t), (D), (V), (P), and (Ey). Meanwhile, the second 
network was trained using 3 input parameters: (IMF Bz), 
(V), and (P). In order to determine the best performance, 
different network architectures with several number of 
hidden nodes and different times delay were applied. The 
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Figure 2: Observed and predicted Dst index during July 15th, 2000. 

 
 
best fit was found with 5 nodes for the hidden layer and 3 
times delay. We used one-layer feed forward network, 
with a sigmoid transfer function in the hidden layer and a 
linear transfer function in the output layer. The ANNs were 
trained using the Levenberg Marquardt training algorithm. 
 
 
RESULTS AND DISCUSSION 
 
The capability of the ANN to predict the Dst variation was 
examined through the most extreme geomagnetic storm 
during every data period. The test data were three days 
long with some quite hours preceding the storm time. The 
hours preceding the storm time represent quiet time data, 
while the rest of the three days represents the 
geomagnetic storm phases (initial, main, and recovery 
phase). We determined the start times and the end times 
of the 5 storm events using the observed Dst data which 
are marked by black solid circle. The start times are 
defined as the times when there were noticeable decrease 
of Dst values after the corresponding interplanetary 
shocks (SSC) by checking the variation of the solar wind 
data (velocity, density, and magnetic field) (Ji et al., 2012). 
 
 
July 15th, 2000 storm event: 
 
The storm began with sudden increase in the Dst index at 
15:30 UT on the 14th of July, 2000 when the Dst index 
reached +7 nT. The storm main phase occurred on the 15th 

of July 2000 where, the Dst index value reduced to about 
−301 nT. Figure 2 shows the results of the trained neural 
networks of on the 14th to 16th of July 2000. The 3-inputs 
predicted and 7-inputs predicted Dst index plots show 
similar sudden increase at the same time with different 

values −12.7 nT and −35.6 nT, respectively. Thereafter, the 
predicted Dst index declined to its minimum on the 15th of 
July, 2000 with minimum value of −294.8 nT at 23:30 for 
the 7-inputs predicted Dst index and at 00:30 UT with 
value of −280.9 nT for the 3-inputs predicted Dst index. 
There was a good conformity between the observed Dst 
index plot and the two predicted Dst index plots in the 
quiet, initial, and main phases. In contrast, the recovery 
phase had poor fitting. 
 
 
March 31st, 2001 storm event 
 
The storm event (Figure 3) began at 03:30UT on March 
31st, 2001. The Dst peaked at+26 nT, then decreased 
sharply to its minimum value of −387 nT at 08:30 UT. The 
Dst index then increased slightly and decreased again at 
16:30 UT showing some disturbance. The Dst index began 
slow recovery until 2nd March, 2001. A good agreement 
between measured and predicted Dst index were obtained 
in the quiet periods, initial and main phases. On the other 
hand, there was poor correlation in the recovery phases 
due to high disturbances. 
 
 
December 15th, 2006 storm event 
 
As shown in Figure 4, this storm event minimum value was 
−162nT for observed Dst index plot at 07:30 UT of 15th 
December 2006. Meanwhile, the two predicted Dst index 
plots reached its minimum value at 01:30 for 7-inputs 
predicted plot and 02:30 UT for 3-inputs predicted plot 
with values −161.7 and −156.8 nT, respectively. It was 
observed that, the 7-inputs predicted and observed Dst 
index plots showed  moderate  fitting  on the portion of the 
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Figure 3: Observed and predicted Dst index during March 31st, 2001. 
 
 

 
 

Figure 4: Observed and predicted Dst index during December 15th, 2006. 

 
 
recovery phases. This moderate fitting indicates another 
effective parameter which is temperature. 
 
 
March17th, 2015 storm event 
 
This magnetic storm commenced on March 17th, 2015 at 
05:30 UT with the coronal mass ejection arrival to Earth. 
The geomagnetic field responded at low latitudes with a 
relatively strong SSC of +56 nT, followed by the main 
phase and peak in Dst index of about –223 nT (Figure 5). 
The Kp index reached a value of +8, qualified as a severe 
magnetic storm. The two predicted Dst index plots could 
not reach to the minimum of the observed Dst index. The 
differences between them were 85.1 nT for 7-inputs 
predicted plot and 72.9 nT for 3-inputs predicted plot.  

Predicted storm event on May 28th, 2017 
 
This storm event is for prediction. Where, 7 parameters 
were used as inputs with no corresponding output 
parameters in the first network and 3 parameters as 
inputs for the second network. This included 3 preceding 
previous Dst index values and the solar wind parameters 
for each hour of the storm event. This event showed a 
relative fitting in the recovery phase in the 3 plots (Figure 
6). At this event, the observed Dst index decreased sharply 
to reach to its minimum value of –125 nT at 07:30 UT. 
Then, it increased again forming a recovery phase. In spite 
of a relative agreement between the observed and the two 
predicted Dst index plots, this agreement shows a high 
average errors as compared with the previous storm 
events. 
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Figure 5: Observed and predicted Dst index during March 17th, 2015. 
 
 

 
 

Figure 6: Observed and predicted Dst index during May 28th, 2017. 

 
 

Table 2: The summary of the storm events.  
 

The storm 
event date 

curves 
DstMin Δ Dstmin = obs. 

Dstmin – pre. Dstmin 
The storm onset Correlation 

(R) Value (nT) Time (UT) Hours shift Time (UT) Hours shift 

July 15th, 2000  
Obs. -301 00:30 -- -- 15:30 -- -- 

7 input -294.8 23:30 -1h 6.2 15:30 0 0.91 
3 input -280.9 00:30 -- 20.1 15:30 0 0.86 

         

March 31st, 
2001  

Obs. -387 08:30 -- -- 03:30 -- -- 
7 input -290.5 08:30 -- 96.5 02:30 -1h 0.85 
3 input -341.9 08:30 -- 45.1 02:30 -1h 0.79 

         

December 
15th, 2006  

Obs. -162 07:30 -- -- 21:30 -- -- 
7 input -161.7 01:30 -6h 0.3 22:30 +1h 0.87 
3 input -156.8 02:30 -5h 5.2 20:30 -1h 0.84 

         

March 17th, 
2015  

Obs. -223 22:30 -- -- 05:30 -- -- 
7 input -137.9 19:30 -3h 85.1 06:30 +1h 0.92 
3 input -150.1 15:30 -7h 72.9 06:30 +1h 0.79 

         
Predicted 
storm on May 
28th, 2017 

Obs. -125 07:30 -- -- 21:30 -- -- 
7 input -68.7 02:30 -5h 56.3 23:30 +2h 0.83 
3 input -115.5 02:30 -5h 9.5 23:30 +2h 0.77 

 
 
The credibility of the ANN to predict the Dst index was 

examined based on the minimum value that the Dst can 
attain during the storm and the storm onset time. These 
events are summarized in Table 2 which shows the Dstmin, 
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Δ Dstmin (between the observed Dstmin and predicted 
Dstmin) and the storm onset time. The positive sign 
indicates that the time shift occurred after the observed 
Dst, and negative sign indicates that the time shift 
occurred prior the observed Dst. In this study, we focused 
on the lower values of the Dst index. In the first event, 
there was no time shift on the storm onset. While, in the 
second event, there was no time shift on the Dstmin 
occurrence. In the third event, lowest difference in values 
between the observed Dstmin and the two predicted Dstmin 

was observed. Moreover, the highest value of correlation 
coefficient (0.92) was observed in the fourth event by the 
predicted 7-inputs plot. In general, in the predicted storm, 
the correlation coefficients values are reasonable.  
 

 

Conclusion 
 

The aim of this research was to predict the Dst index for 
geomagnetic storm using the interplanetary data and the 
solar wind parameters. The feed forward time delay neural 
networks were employment to predict the Dst index based 
on the one hour interplanetary data and solar wind 
parameters during the period of Jan 1996 to May 2017. 
Where, the times delay of the dynamic nonlinear input-
output feed forward neural networks are 3 with 5 neurons 
in hidden layer. The performance was achieved using 
Levemberg training algorithm. The response of the neural 
networks to different input sets was investigated by 
training the neural networks using 7-input and 3-input 
parameters. Most of them showed a good fitting in quiet, 
initial, and main phases. But in the recovery phase, they 
showed poor correlation. This is as a result of the recovery 
phase being more dependent on the internal processes of 
the magnetosphere than the solar plasma condition 
(Kugblenu et al, 1999).  

The applied ANN showed a good performance in 
predicting the Dst index during the initial and main phases. 
The initial phase was predicted 3 h ahead. Therefore, the 
ANN technique can provide real-time and accurate alerts 
even before the geomagnetic storm begins. Moreover, it 
predicted the minimum expected Dst value during the 
main phase with relatively accurate amplitude. Also, it 
detected the storm onset time with accurate timing 
precisely two hour later or ahead, which represents one 
sample difference between the observed and the predicted 
Dst indices. Also, the two predicted Dst index plots were 
similar. This indicates that (Bz), (V), and (P) were the most 
effective parameters. Fortunately, in the present study, the 
ANNs showed a good results when applied on the storm 
event test. Therefore, the ANNs of the present study can be 
applied on a long time period data or short time period 
data.  
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