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Abstract
A model to forecast one-hour lead Dst index is proposed. Our approach
is based on artificial neural networks (ANN) combined with an analytical
model of the solar wind-magnetosphere interaction. Previously, the hourly
solar wind parameters have been considered in the analytical model, all of
them provided by registration of the ACE satellite. They were the solar wind
magnetic field component Bz , velocity V , particle density n and temperature
T . The solar wind parameters have been used to compute analytically the
discontinuity in magnetic field across the magnetopause, denoted as [Bt ].
This quantity has been shown to be important in connection with ground
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A neural network Dst index model driven by input time
histories of the solar wind-magnetosphere interaction

sum of a sequence of [Bt ] was proposed to produce the value of Dst index.
The maximum term in the sum, possessing the maximum weight, is the one
denoting the contribution of the current state of the near-Earth solar wind.
The role of the older states is less important – the weights exponentially
decay. Moreover, the terms turn to zero if Bz ≥ 0. In this study, we set up
a more comprehensive model on the basis of the ANNs. The model is driven
by input time histories of the discontinuity in magnetic field [Bt ], which are
provided by the analytical model. At the output of such revised model, the
Dst index is obtained and compared with the real data records. In this way
we replaced those exponential weights in the published method with another
set of weights determined by the neural networks. We retrospectively tested
our models with real data from solar cycle 23. The ANN approach provided
better results than a simple method based on exponentially decaying weights.
Moreover, we have shown that our ANN model could be used to predict Dst
one hour ahead. We assessed the predictive capability of the model with a
set of independent events and found correlation coefficient CC = 0.74 ± 0.13
and prediction efficiency P E = 0.44 ± 0.15. We also compared our model
with the so called Dst-specification models. In those models, the Dst index was derived directly through an analytic or iterative formula or a neural
network-based algorithm. We showed that the performance of our model was
comparable to that of Dst-specification models.
Keywords: solar wind, magnetosphere, geomagnetic storm, Dst index,
artificial neural network
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magnetic field variations. The method was published, in which the weighted

Nowadays, there is an increasing demand to understand and predict conditions in the near-Earth space driven by the solar activity. Global magnetohydrodynamic (MHD) computational models based on first principles
(Baker et al., 2004; Gombosi et al., 2001; Goodrich et al., 2004; Odstrčil et
al., 2004; Siscoe et al., 2004; Tóth et al., 2012; Tsyganenko, 2013) are some
examples of major thrusts in this effort. On the other hand, the use of empirical models for the purposes of forecasting has the advantage of being less
computationally demanding than the MHD models. The goal is to develop
short-term models which can take into account the observed features of the
solar wind-magnetosphere interaction while being computationally simple
and possessing real-time forecasting capability.
In Alexeev and Feldstein (2001), the dynamic paraboloid magnetospheric
field model has been developed and applied for the evaluation of a variety of
magnetospheric current systems and their contribution to the ground magnetic field variations during magnetic storms. In later studies by Romashets
et al. (2005, 2008), a 3D paraboloid model of the solar-wind magnetospehere
interaction has been proposed to evaluate the magnetic field in the near-Earth
space environment. In Romashets et al. (2005), an attempt has been made
to describe the magnetosheath field as given by a scalar potential, which
implies a current-free approximation. In order to involve finite currents, in
Romashets et al. (2008), the magnetic field has been determined by a vector potential. The model studied in Romashets et al. (2008) has been also
shown to be useful for studying the solar wind-magnetosphere interaction.
As a result, a function measuring the discontinuity in magnetic field across
3
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1. Introduction

mashets et al. (2008), this quantity has been pointed out to be important in
connection with ground magnetic field variations.
Geomagnetic activity can be characterized by geomagnetic indices, the
most common being the Dst index. This index serves as a good measure
of the overall strength of the near-Earth global electric currents, especially
the ring current, thereby providing a good measure of geomagnetic storm
intensity. Correlations between the Dst index and possible external drivers
can provide the basis for empirical prediction (Burton et al., 1975; Siscoe et
al., 2005).
The use of advanced techniques such as ANNs is found to be effective
in predicting Dst. The modeling capability of an ANN lies in its ability to
learn the mappings of underlying input-output features.

If the network

is designed and trained properly, it can perform generalisation rather than
simple fitting of the function, see Gurney (1997); Hertz et al. (1991). This
approach is rather useful when information and understanding of a physical
system are lacking.
The ANN can be fed with the data on solar wind or solar activity (input data) and it can be trained to provide the caused geomagnetic activity
(output). The ANNs are thus usable for the forecasting of the geomagnetic activity (e.g. Andrejková et al., 1997; Valach et al., 2007, 2009). This
method has been widely used for the real-time modeling of the geomagnetic
responses to solar wind disturbances, e.g. Boberg et al. (2000), Lundstedt
(1992), Lundstedt et al. (2002), and Wu and Lundstedt (1996). For instance,
the model developed by Lundstedt et al. (2002) consists of a recurrent neural
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the magnetopause, denoted as [Bt ], has been expressed analytically. In Ro-

inputs and predicts the Dst index in almost real-time.
The underlying study is a contribution towards the Dst index modeling
on the basis of the model proposed in Romashets et al. (2008). We employ
the method of ANN to develop a revised version of the model, hereafter referred to as the revised RPV model. Unlike the approach by Lundstedt et al.
(2002), where the solar wind parameters are used directly as the ANN input,
here we feed the ANN with past hourly means of the function [Bt ] known
from Romashets et al. (2008). As such, the presented ANN model can be
thought as driven by input time histories of the solar wind-magnetosphere
interaction. We obtain the Dst index series as the ANN output and compare
it with the real data records. We evaluate the model for the set of intense geomagnetic storms of the 23-rd solar activity cycle. This study concerns strong
geomagnetic storms because the intense events and their impacts on the terrestrial environment interest the space weather community (e.g. Echer et al.
(2010), Gopalswamy et al. (2005), Siscoe et al. (2006), Srivastava (2005b),
Srivastava and Venkatakrishnan (2004), Szajko et al. (2013) and Zhang et
al. (2003)). Nevertheless, we must also admit a disadvantage of such a treatment: The downside of focusing on extreme storms is the limited number
of the observed events, which partly reduces the potency of our arguments
when drawing conclusions.
The paper is organised as follows. In Section 2, the data resources are
specified. Development of the revised model for the Dst index and the results
are presented in Section 3. The main findings are summarized in Section 4.
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network that requires the hourly averages of the solar wind parameters as

In Romashets et al. (2008), the Dst index for the so-called Bastille day
event, on 14-15 July 2000, has been computed using the hourly solar wind
parameters: the solar wind magnetic field component Bz , velocity V , particle
density n and temperature T ; all of them provided by registration of the ACE
satellite operating at the libration point L1.
In this study, 16 major geomagnetic storms from solar cycle 23 are considered, as listed in Tab. 1 (according to Table 1 in Tripathi and Mishra
(2006)). Note, that two successive storms of November 2004 are treated as
a single event.

For each of the events considered, the series of the model

Dst index is computed. The observed true Dst values, required to compare with the model values, were obtained from the World Data Center for
Geomagnetism, Kyoto.
3. Models and results
In what follows, the revised model for the Dst index will be developed by
combining the original analytical model by Romashets et al. (2008) with the
approach of ANN. First, the analytical expression for the jump in magnetic
field [Bt ] will be shown. The original model by Romashets et al. (2008) will
be referred to as the primal RPV model, with its output denoted as Dstp .
This model will be evaluated for the set of geomagnetic storms considered
and the need for its revision will be argued. As a preliminary step, a neural
network model without hidden neurons will be presented, referred to as the
preliminary revised RPV model, with its output denoted as Dstn . The final
revised version of this model will be constructed involving the neural network
6
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2. Data used

its output denoted as Dstnn . Hereafter, the notation Dst will stand for the
observational data record.
3.1. Analytical expression for the jump in magnetic field
Considering the magnetopause as paraboloidal in shape, Romashets et
al. (2008) constructed an analytical representation of magnetic fields in the
region where the solar wind interacts with the Earth’s magnetosphere. The
paraboloidal coordinates (σ, τ, ϕ) were adopted, defined by
1 2
(σ − τ 2 ) ,
2
y = στ cos ϕ ,

x =

z = στ sin ϕ ,

(1)
(2)
(3)

where x, y, z are solar ecliptic coordinates, with axis x pointing to the
Sun. The components of magnetic field have been expressed analytically
in paraboloidal coordinates. The full development of this analytical model
can be found in Romashets et al. (2008) and will therefore not be reproduced
here.
Magnetic field exhibits a discontinuity in tangential component when
moving across the magnetopause from the solar wind (the IMF) to the magnetosphere (the internal field). There is no normal component of the magnetic
field at the magnetopause. Romashets et al. (2008) used the notation [Bt ]
for the magnitude of the jump in magnetic field across the magnetopause
and argued for the relevance of this quantity for modeling the geomagnetic
activity. We refer to the final expression for [Bt ] (Section 5 in Romashets et
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possessing hidden layer and will be referred to as the revised RPV model, with

Here, the subscript ∞ stands for the undisturbed solar wind parameters far
before the interaction with the magnetosphere, V∞ is the velocity measured
in km s−1 , n∞ is the particle density measured in cm−3 , T∞ is the temperature measured in K, Bz represents the z−component of the interplanetary
magnetic field (IMF) measured in nT and the model Dstp index is measured
in nT.
3.2. Primal RPV model
In Romashets et al. (2008), the time histories of the jump in magnetic
field [Bt ] have been related to the geomagnetic activity measured in terms of
the Dstp index as a weighted sum
p

Dst = ξ

12
X

xk exp(−k/12) .

(5)

k=0

Here, the entry functions xk are defined as
1
xk = [1 − sgn(Bzk )][Bt ]k
2

(6)

and ξ is the free parameter to be determined. The index k denotes the
contribution to the geomagnetic disturbance of flows that came in k hours
ago. In (6), the sign function is involved because the south orientation of
the IMF is known to be crucial for the development of strong geomagnetic
activity. The free parameter ξ in (5) can be computed to minimize the
normalized mean square error defined by
N M SE p =

M
1 X
(Dstps − Dsts )2 ,
M 2 s=1

8
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al. (2008)) which reads
"
#
  6 1/2

 n 1/2  V 
10
V∞
∞
∞
. (4)
[Bt ] = Bz 4.2629
− 1 − 34.2109
500
T∞
5
500

In Romashets et al. (2008), the model Dstp index given by (5) has been
compared with the real Dst index for the so-called Bastille day event. In
this study, we attempted to use the same technique for the set of intense
geomagnetic storms considered, i.e. the 15 events (Tab. 1). We evaluated
the primal RPV model, computed the common free parameter ξ using (7)
over all the event records and obtained the value ξ = 0.0058. With the single
free parameter ξ to be computed, poor agreement was achieved between the
primal RPV model output and the set of observational data, as shown in
Figs. 4a,b (green line). That is why, we intended to revise the model given
by (5) and suggested a more general approach based on the method of ANN.

3.3. Preliminary revised RPV model
In the primal RPV model given by (5), the consecutive hourly means of
[Bt ] given by (4) were multiplied by an exponential weighting function. In
subsequent analysis, the idea was to drop the exponential term exp (−k/12)
in (5) and thus leaving the weights unspecified. To determine the weights
corresponding to particular hourly means of [Bt ], we adopted the ANN
without hidden neurons. We designed the ANN to consist of 13 input neurons
and one output neuron; 13 values of the entry function xk given by (6) were
used to feed the ANN model, with the Dstn index obtained at the output.
Mathematically, the ANN model without hidden neurons can be expressed as
Dstn =

1
.
P12
1 + exp[−( j=0 wj xj − Θ)]

9
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where M is the length of the record (in hours).

entries given by (6) and wj (for j = 0 to 12) is the vector of weights to
be found. Function Θ characterizes the sensitivity threshold of the output
neuron. Note, that the model of ANN expressed by (8) resembles the logistic regression model adopted in Srivastava (2005a, 2006) for predicting the
occurrence of intense geomagnetic storms.
The vector of weights wj (for j = 0 to 12) can be determined by the
training process. We used the standard backward propagation algorithm
(e.g. Gurney, 1997; Hertz et al., 1991) to train the neural networks. The
algorithm is based on minimizing the normalized mean square error defined
as

M
1 X
N M SE = 2
(Dstns − Dsts )2 ,
M s=1
n

(9)

where M is the number of training patterns, i.e., the sets of data consisting
of 13 input and 1 output values. The training process is usually initiated
by random shooting of the components of the vector of weights, sensitivity
thresholds of the neurons and some other control parameters, with fixed
number of the iteration steps.
Here, the ANN was trained repeatedly with as many as 101 runs. We
performed such a high number of runs because the result of training, i.e.
the resulting vector of weights, slightly depended on the initial values of the
vector of weights, which were set as a vector of small random numbers. In
order to eliminate this inaccuracy, the median vector was computed from 101
resulting vectors1 .
1

Knowing the vector of weights enables us to determine

Each element of the final vector was computed as the median from the corresponding
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In the above formula, the input vector xj (for j = 0 to 12) consists of the

for each of the 13 time intervals. In Fig. 1, the weights at particular onehour intervals are shown. We observe that the components of the weighting
vector decrease with backward time intervals. However, for the current time
interval, when the Dstn index is evaluated, the contribution to the weight is
negligible. This is in contrast to the primal RPV model, where the current
solar wind input is considered with maximum weight. This finding is the
main reason why the preliminary revised RPV model is presented in this
paper.
3.4. Revised RPV model
Consequently, we included a hidden layer of neurons into the ANN model
thereby setting up a more general model. In the case of ANN possessing
hidden layer, there were more variables to be adjusted and therefore we
expected to achieve more accuracy with observational data.
In Section 3.3 we found that the contribution of the current state of the
near-Earth solar wind was small in the ANN model (see the value of the
weight for step 0 in Fig. 1), hence it could be omitted.

We considered

contributions of only past time intervals as the ANN entries. The values
of [Bt ] and sgn(Bz ), appearing in the entry function defined by (6), were
taken as the ANN inputs. Leaving out the components for the current time
interval, the input vector consisted of 24 components, with 2 components for
each time interval. The model values of index Dstnn were expected as the
ANN output.
elements of 101 vectors of weights.
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the importance of particular contributions of the ANN input given by (6)

can be expressed as
Dstnn =

1
1 + exp[−

PH

i=1 (Wi 1+exp[−(

P241

j=1

Wi,j Xj

)]
−Θ )]

.

(10)

i

In the above formula, for i = 1 to H and j = 1 to 24, Xj is the input
vector consisitng of 12 values of [Bt ] and 12 values of sgn(Bz ), Wi,j is the
weighting matrix characterizing the strength of the connection between the
j-th input and the i-th hidden neuron, Wj stands for the weight between
the i-th hidden neuron and the output neuron and vector Θi characterizes
the sensitivity threshold of the hidden neurons. For the ouput neuron, the
sensitivity threshold is set to 0. The number of the hidden neurons H is a
free parameter to be determined.
According to the conventional routine, the 15 events considered (Tab. 1)
were divided into three sets; each of them intended to be employed for a different purpose: 7 storms as training patterns, 4 storms as validation patterns
and 4 storms for independent test. Random selection was used to assign the
events to the three categories. The training patterns were used for running
several ANNs with different number of hidden neurons. Then, we employed
validation tests to search for the proper ANN architecture. The value of H
has been varied from H = 1 to 36. The validation patterns were used for
performance tests of each type of the ANN. We used quantitative measures to
compare the performance in terms of the correlation coefficient CCAN N and
the root mean square error RM SEAN N , see Figs. 2,3. We plotted the results
of all independently accomplished trainings as well as the medians. For the
neural networks with small number of hidden neurons, which showed better
12
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Mathematically, the ANN with a hidden layer consisting of H neurons

several times.

We did so because the results of the training of a neural

network depended slightly on the initialization of the inter-neuron connections (weights) and the sensitivity thresholds - the initial values were set to
small random numbers. The dispersion of the data visible in the graphs was
caused by this effect. We have found the ANNs possessing the least number of hidden neurons to provide best results, namely for H = 1 to 4, we
evaluated CCAN N = 64.9 ± 8.6 and RM SEAN N = (301 ± 13) nT. We fixed
H = 3 for the optimum ANN with hidden neurons. By common practice, the
learning rate and the momentum term were set to 0.1 and 0.6, respectively.
We checked that varying these values within a reasonable range caused practically no change in the result of the training. The maximum number of the
learning epochs was set to 100. However, the trainings were mostly terminated before reaching 100 epochs under the following rule: After achieving
the local maximum of the correlation between the ANN outputs and the desired outputs, ten more learning epochs were performed. The training was
stopped when the results of the local maximum remained unsurpassed.
3.5. Results and skill scores
The series of the Dstnn index as the revised RPV model output are shown
in Figs. 4a,b (red line). Much closer agreement with the observational Dst
index is now obtained. Motivated by the study of Rastätter et al. (2013),
we employed two types of skill scores, the correlation coefficient CC and
the prediction efficiency P E, to quantitatively asses the revised RPV model
performance. The correlation coefficient CC between the series of Dstnn and
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results than those with more hidden neurons, the trainings were repeated

PM

− Dst)(Dstnn
− Dstnn )
qP s
,
M
2
nn − Dstnn )2
Dst)
(Dst
−
(Dst
s
s
s=1
s=1

CC = qP
M

s=1 (Dsts

(11)

where Dstnn and Dst stand for the arithmetic means of the series of Dstnn
and Dst, respectively, and M is the length of the record. Using the same
notation, the prediction efficiency P E for a discrete time series is defined as
PM
2
(Dsts − Dstnn
s )
P E = 1 − Ps=1
.
(12)
M
2
(Dst
−
Dst)
s
s=1
The value P E = 1 indicates perfect model performance and P E = 0 indicates
performance comparable to predicting the arithmetic mean of the observed
signal. P E can reach unlimited negative values. The values P E < 0 occur
when the observed mean is a better predictor than the model. In contrast to
the correlation coefficient, P E includes the amplitude of the modeled signal
in addition to the shape of the time series. Signals with good correlation but
incorrect amplitudes may result in negative P E scores.
The skill scores for each particular event are shown in Tab. 1. We run the
revised RPV model with the set of independent test events listed in Tab. 1
in order to assess the model accuracy. For the event of May 1998, the model
run scored poorly; we obtained the skill scores as low as CC = 0.33 and
P E = −0.64. The event of May 1998 is a long duration storm with rather
complex Dst index record and therefore appears to be difficult to capture by
the model. As such, we excluded this particular test event from the statistics
and considered only the remaining independent test events, i.e. the events
of Oct 1999, Aug 2000 and Nov 2004. Similarly as in Table 3 in Rastätter
et al. (2013), we evaluated the averages and standard deviations for the skill
scores and found CC = 0.74 ± 0.13 and P E = 0.44 ± 0.15.
14
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Dst is defined as

subject to ranking. Among others, the class of so called Dst-specification
models was assessed, in which the Dst index was derived directly through
an analytic or iterative formula or a neural network based-algorithm. The
revised RPV model falls into the class of the Dst-specification models. As
shown in Table 3 in Rastätter et al. (2013), the skill scores for the Dstspecification models range from CC = 0.58 ± 0.35 and P E = 0.18 ± 0.56 to
CC = 0.92±0.07 and P E = 0.78±0.21. The performance of the revised RPV
model quantified in terms of the skill scores CC and P E can be compared
with the performance of the Dst-specification models.
4. Discussion and conclusions
In this study, the value of the discontinuity in magnetic field [Bt ] across
the magnetopause known from the model by Romashets et al. (2008) was
treated in connection with ground magnetic field variations. We have revised the model using the method of ANN in order to assess the weights
corresponding to time histories of the function [Bt ]. A new time prediction
model to represent the Dst index has come out of our study. We named the
new model the revised RPV model.
We have found, that the most relevant input to the revised RPV model
was the one which represented the value of [Bt ] one hour prior to the period in
which the Dst index was computed. On the other hand, we have shown that
the current contribution from the function [Bt ] to the Dst index value was
negligible (Fig. 1). As such, the model for producing the series of the Dst
index can be considered to be a one-step ahead forecast instead of nowcast.
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In Rastätter et al. (2013), various types of the Dst prediction models were

is a time delay of the order of one hour between the solar wind-magnetosphere
interaction and development of geomagnetic activity.
As regards the time lapse between solar wind parameters and geomagnetic
effect, in Borovsky and Funsten (2003) the solar wind-magnetosphere coupling has been investigated with the effect of MHD turbulence. In Borovsky
and Funsten (2003), the correlation between the amplitude of the MHD turbulence in the upstream solar wind and the amplitude of the Earth’s geomagnetic activity indices has been explored. The correlations have been
performed both with and without a one-hour time lag between the solar
wind parameters and the geomagnetic indices. As shown in Borovsky and
Funsten (2003), the correlations between the turbulence amplitudes and the
Dst index were weak. However, the correlations improved if a several-hour
time lag was introduced between the solar wind measurements and the measurement of the Dst index.
To measure the performance of models for the Dst index prediction,
various types of skill scores have been employed (Ji et al., 2012; Rastätter et
al., 2013). In Table 3 in Rastätter et al. (2013), three classes of the Dst index
prediction models were subject to ranking. They were the 3D magnetosphere
models, the ring current kinetic models and the Dst-specification models. As
pointed out in Rastätter et al. (2013), model ranking varied widely by skill
score used and none of the models consistently performed best for all events.
The revised RPV model developed in this study, falls into the class of
the Dst-specification models. We quantified its performance in terms of two
types of skill scores, the correlation coefficient CC and the prediction effi-
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On physical grounds, the revised RPV model responds to the fact that there

with a more complex Dst index record, the runs of the revised RPV model
scored poorly. For these events low values of the correlation coefficient and
negative values of the prediction efficiency were obtained. On average, performance of the revised RPV model in terms of the skill scores is comparable
to that of the Dst-specification models, according to the model ranking chart
shown in Table 3 in Rastätter et al. (2013). However, exact comparison and
inclusion to the ranking chart in Rastätter et al. (2013) is not possible, due
to different selection of events and different lengths of data records.
In this study, we pointed out the relevance of the quantity [Bt ] as a
measure of the solar wind-magnetosphere interaction in connection with the
geomagnetic response modeling. We have also demonstrated, that relying
on the ANN approach it is possible to enhance modeling capability of the
primal model proposed by Romashets et al. (2008) and improve its response
to observational data. As we bounded our study to strong geomagnetic
storms, the restricted number of observed events has to be considered to be
a limiting factor to our conclusions. In future studies, it could be valuable
to modify the model to produce the so-called dynamic pressure corrected
Dst index (known as Dst∗ ), which takes into account the motion of the
magnetopause currents Burton et al. (1975).
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Tables

and Mishra (2006), their usage in the revised RPV model and the values of correlation
coefficient CC and prediction efficiency P E. The final values of Dstmin are listed, according to the Kyoto WDC. Note: In Table 1 in Tripathi and Mishra (2006) the provisional
values of Dstmin have been considered.

Event

Date

Onset

Dstmin

Usage

CC

PE

May 1998

04/05/1998

6 UT

-205

test

0.33

-0.64

Sep 1998

25/09/1998

10 UT

-207

validation

0.71

0.42

Oct 1999

22/10/1999

6 UT

-237

test

0.59

0.31

Apr 2000

07/04/2000

1 UT

-288

training

0.61

0.19

July 2000

15/07/2000

22 UT

-301

training

0.68

0.21

Aug 2000

12/08/2000

10 UT

-235

test

0.82

0.40

Mar 2001

31/03/2001

9 UT

-387

training

0.79

0.48

Apr 2001

11/04/2001

23 UT

-271

training

0.38

-0.01

Nov 2001a

06/11/2001

6 UT

-292

training

0.90

0.80

Nov 2001b

24/11/2001

15 UT

-221

training

0.34

-0.01

Oct 2003

30/10/2003

23 UT

-383

validation

0.76

0.54

Nov 2003

20/11/2003

20 UT

-422

validation

0.84

0.64

Nov 2004

08/11/2004

7 UT

-373

test∗

0.81

0.60

Nov 2004

10/11/2004

10 UT

-289

test∗

0.81

0.60

May 2005

15/05/2005

8 UT

-263

validation

0.58

0.28

Aug 2005

24/08/2005

11 UT

-216

training

0.80

0.31

Note ∗ : The two storms of November 2004 were treated as one test event.
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Table 1: Intense geomagnetic storms during solar cycle 23, according to Table 1 in Tripathi

Fig. 1. The plot of weighting vector wj components. For each backward
time interval, j = 0 to 12, whisker boxes are shown, with upper and lower
quartiles and medians (thick bars). In total, 101 values at each time interval
were considered, as a result of 101 runs of the preliminary revised RPV model
without hidden neurons.

Fig. 2. Correlation coefficient CCAN N for the ANN with hidden layer of
neurons in dependence on the number of hidden neurons.

Fig. 3. Root mean square error RM SEAN N for the ANN with hidden layer
of neurons in dependence on the number of hidden neurons.

Fig. 4a. Observational and modeled series of the Dst index for the sets of
training data.

Fig. 4b. Observational and modeled series of the Dst index for the sets of
validation data and independent test data. Legend explaining the meaning
of individual lines is shown in Fig. 4a.
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Figure 4a
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