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Abstract—This study is devoted to the adaptation and application of a special multistage algorithm
based on machine learning methods, developed for the analysis of multidimensional time series in solving
problems of forecasting certain events and identifying their precursors—phenomena represented by an
unknown combination of parameter values describing an object. In addition to forecasting events, the
algorithm can be used to forecast the values of continuous quantities. In this study, we compare the results
of application of this algorithm in forecasting of three physical quantities characterizing the state of the
magnetosphere of the Earth—two geomagnetic indexes (Dst and Kp) and the flux of relativistic electrons
(E > 2 MeV) in geostationary orbit.
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1. INTRODUCTION

1.1. Space Weather

Forecasting the state of the Earth’s magneto-
sphere changing under the influence of space weather
is one of the most important applied tasks of modern
physics of solar-terrestrial relations of space weather
factors, the role of which will increase with the further
development of digitalization both on Earth and in
space [1–3].

By the state of the Earth’s magnetosphere we
understand primarily the radiation state of near-Earth
space (NES), as well as the level of geomagnetic
field perturbation, or geomagnetic disturbances. The
radiation state of the NES is largely determined by
the fluxes of relativistic and sub-relativistic electrons
of the Earth’s outer radiation belt (ERB), especially
in the absence of solar events. These fluxes are the
subject of forecasting. This task is extremely urgent
because, despite the fact that the radiation belts were
discovered at the dawn of the space age, and there are
numerous empirical and numerical models of electron
acceleration in the Earth’s magnetosphere, e.g., [4, 5]
and references therein, there is still no generally ac-
cepted theory explaining the formation and dynamics
of the outer ERB. It is known experimentally that the
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outer radiation belt can change strongly under the ac-
tion of changing factors of the space environment—
the interplanetary magnetic field (IMF) and its com-
ponents, as well as solar wind (SW). Therefore, in
order to ensure radiation safety, the task of predicting
the relativistic electron (RE) flux in the outer ERB
is set.

The task of predicting the RE flux in the outer
ERB is also very relevant because the flux of RE
(called “killer electrons” in the English-language sci-
entific literature), can negatively affect the opera-
tion of spacecraft, damaging onboard microcircuits
(e.g., [6]). Moreover, with further reduction of the size
of electronics onboard spacecraft, the negative impact
of RE fluxes will increase.

A parallel problem similar in solution methods is
the prediction of the amplitude of geomagnetic distur-
bances, which are usually characterized by geomag-
netic indices—Kp and Dst. It is also of great practical
interest because magnetic storms can cause mal-
functions in radio communications, pipelines, power
lines, and electric grids, and can also cause human
health problems [7–10]. In addition, geomagnetic
disturbances affect the radiation situation in the NES,
since it is known from experiments that after about
half of magnetic storms, the relativistic electron flux of
the Earth’s outer radiation belt increases by an order
of magnitude or more [11, 12].
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One of the most widespread geomagnetic indices
is the Dst-index (abbreviation from disturbance
storm-time), the forecasting of which is our task.
This index was introduced by M. Sugiura in 1964
in [13]. This index is considered as a measure of
the geomagnetic field change due to the influence
of the ring current, which occurs in the Earth’s
magnetosphere during magnetic storms and leads
to a decrease in the horizontal component of the
magnetic field, with a maximum decrease at low
latitudes. The Dst index is calculated as the average
value of the perturbation of the horizontal component
of the Earth’s magnetic field strength per hour,
counted from the quiet level, determined from the data
of four low-latitude observatories evenly distributed
along the geographic longitude. Dst is measured in
nanotesla.

Another geomagnetic index predicted by us is the
Kp index. It was officially introduced by Julius Bartels
in 1949 [14]. Kp is a planetary index characterizing
the global perturbation of the Earth’s magnetic field
in the three-hour time interval. The Kp index is
determined as the average value of the perturbation
levels of the two horizontal components of the geo-
magnetic field observed at 13 magnetic observatories
located in the subauroral zone between 48◦ and 63◦

of geomagnetic latitude in the southern and northern
hemispheres. The standardized values of the local
K-indices of these 13 observatories are used to de-
termine the planetary Kp index. Historically, the Kp
index is measured once every three hours, the units
are dimensionless, the minimum value of Kp is zero
(no perturbations), the maximum value is 9 (very
strong perturbations), each of the units is divided into
three—1, 1+ (one and one third), 2− (one and two
thirds), etc. [14].

Both the Dst and, in particular, the Kp index have
a long-term observation history, which makes it pos-
sible to carry out statistical studies of the connec-
tion between geomagnetic activity and processes in
the solar wind, interplanetary space, and the Earth’s
magnetosphere [15–20], most of which are based on
the Burton formula [21], e.g., [22, 23].

A review of scientific foundations of magne-
tospheric space weather forecasting can be found
in [24].

As for the prediction of the electron flux of the
outer ERB, this is a separate task, solved by various
methods in many countries.

A widely used forecast of the total flux per day
(fluence) of the RE in the outer ERB is the fore-
cast presented at the portal of the Space Weather
Forecasting Center (Space Weather Prediction Cen-
ter, http://www.swpc.noaa.gov/). This model is
REFM—Relativistic Electron Forecast Model—
http://www.swpc.noaa.gov/refm/ [25]. This forecast

is based on the fact that the daily fluence values of
electrons with an energy of >2 MeV, measured in
a geosynchronous orbit, can be predicted a day in
advance using a linear filter using the solar wind
velocity as an input.

There are also a large number of other pre-
dictive models of the Earth’s outer radiation belt
created in other scientific groups, e.g. [26–29].
Separately mentioned should be NARMAX models
[30], BAS Global Dynamic Radiation Belt Model
(http://www.antarctica.ac.uk/bas_research/models/
gdrbm/) [31], and the Salammb++ model, developed
at the Aerospace Research Laboratory in Toulouse
[32].

1.2. Use of Machine Learning
for Space Weather Forecasting

Using machine learning (ML) methods allows one
to establish relationships between the analyzed vari-
ables by approximating empirical dependencies.

The prediction of all the three above-mentioned
physical quantities characterizing the state of the
Earth’s magnetosphere, carried out by ML meth-
ods, has a large number of similar features, such as,
for example, the use of data on the solar wind and
the interplanetary magnetic field as input parame-
ters. Therefore, they are often considered together, as
in [33].

In many countries, space weather portals
operate, where neural network forecasting is
used to predict Dst and Kp indices, for example—
https://www.spaceweather.se/forecast/ in Sweden,
https://eng.sepc.ac.cn/ in China [34].

At the same time, each of the predicted values has
its own characteristics, for example, the three-hour
step of the Kp index. So the current research on
predicting each of the indices and the electron flux in
the external ERB should be mentioned separately.

Dst index forecasting by ML methods has been
studied in [35–43]. The prediction of the Kp index,
taking into account its specifics, was considered in
the following studies [44–50]. In the forecasting, var-
ious types of neural networks and adaptive methods
are used. ML methods are used to predict the state of
RE flux in the outer ERB in different orbits in [51–59].

The authors of this paper from the Laboratory of
Adaptive Data Processing Methods at the Skobelt-
syn Institute of Nuclear Physics of the Lomonosov
Moscow State University, have also been working on
the prediction of geomagnetic disturbances for quite
a long time [60]. In relatively recent studies of the
laboratory on forecasting of Dst index [61–63], Kp
index within classification approach [64, 65], and RE
flux on geostationary orbit [66–68], each pattern also
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contained hourly averages of several main SW and
IMF parameters and the predicted parameter itself for
the last 24 h. This improved the quality of the forecast,
but posed a new problem—the problem of selecting
essential input features, giving rise to the study [69]
and also to the current study.

2. PROBLEM STATEMENT

The Earth’s magnetosphere is a complex dynamic
system. This means that its state at each moment of
time depends both on the current external influence
from the Sun and on the prehistory of the magne-
tosphere itself. Therefore, forecasting requires the
values of the parameters determining the state of
the system at the previous moments of time (at the
previous steps of the time series). This approach to
forecasting leads to a strong increase in the dimen-
sion of input data, which complicates the work of
machine learning algorithms and the analysis of the
obtained results. In addition, the results become less
interpretable.

The main idea is to solve the problem of time
series analysis and predicting. Various methods can
be employed to tackle the task of forecasting time
series. The suggested approach allows predicting
an event and determining of phenomena (a set of
characteristics) that act as precursors or causes of
the event. In this method we use machine learning
algorithms that can be trained on different parts of the
high dimensional dataset of variables. A key aspect
of this algorithm is its capability to detect nonlinear
relationships between the event and the phenomenon.
Additionally, it can function in scenarios where in-
tervention on the subject of study is not possible
(“passive observation”), and the delay between the
event and the phenomenon is not predetermined (only
a range of acceptable delays is known). This method
is universal and applicable to a lot of forecasting
challenges in fields such as space physics, medicine,
finance, and etc.

The purpose of this study is to adapt and apply the
original 4-stage algorithm based on machine learning
methods developed for analyzing multidimensional
time series when solving problems of predicting
certain events and identifying their precursors—
phenomena represented by an unknown combination
of parameter values describing the object.

In this research we apply this approach to forecast
the following quantities: geomagnetic indices Kp and
Dst, and the flux of relativistic electrons in the outer
radiation belt of the Earth. Then we compare the
results.

In addition, when forecasting time series, there is
a task of comparing the quality with some baseline.
Working with space weather forecasting, we use a

trivial model (inertial forecast), which returns a pre-
dicted value equal to the last known one. Forecasts
of such a model obviously do not have any practical
meaning, but they make it possible to draw conclu-
sions about the accuracy of the solution of the given
task, and also allow one to demonstrate the justifica-
tion for using more complex forecasting methods.

The solution of this problem helps us to improve
the quality of forecasting geomagnetic disturbances,
to decrease dimension of input data and to understand
the most importance features and its lags.

It should also be noted that the specificity of space
weather forecasting lies in the fact that statistical in-
dicators characterizing the results of forecasting de-
pend not only on the algorithms and techniques used,
but also on the time intervals during which training
and evaluation are performed. This is because the
dynamics of the Earth’s magnetosphere significantly
depend on the current phase and other characteristics
of the solar cycle. Therefore, it is difficult to compare
the results obtained by different authors.

Moreover, this study aims not to obtain the high-
est possible forecast accuracy, but to develop an opti-
mal forecasting methodology. For this reason, we do
not compare our results with those of other authors,
but rather compare the results of different forecasting
procedures.

3. THE INPUT DATA

3.1. Initial Data

The values of the following quantities were used as
input physical attributes (features):

1. Parameters of the interplanetary magnetic field
(IMF) vector at the L1 Lagrange point of the
system Sun–Earth in the GSM coordinate
system: IMF components Bx, By, Bz, IMF
modulus Bmagn (nT ).

2. Parameters of the solar wind (SW) at the same
L1 point: velocity (km/s), density (cm−3),
temperature (K).

3. Geomagnetic indices: equatorial geomagnetic
index Dst (nT ), planetary geomagnetic index
Kp (dimensionless).

4. Specially added random noise functions to test
whether the system recognizes them as irrele-
vant for predicting the target variable.

MOSCOW UNIVERSITY PHYSICS BULLETIN Vol. 79 Suppl. 2 2024



FORECASTING THE STATE OF THE EARTH’S MAGNETOSPHERE S801

The set also included four harmonic variables (two
with a daily period and two with an annual period) to
account for the Earth’s rotation around its axis and
around the Sun (time series embedding—taking into
account the preceding values—was not used for these
variables).

The SW and IMF data used in this paper were
obtained on board the Advanced Composition Ex-
plorer (ACE) spacecraft, which has been in a quasi-
stationary Lissajous orbit (so-called halo-orbit) near
the Lagrangian point L1 of the Sun–Earth system
since 1997. In the first approximation, ACE can
be considered stationary relative to the Sun–Earth
system, which minimizes the dependence of the data
used on the spacecraft location. The values of the
geomagnetic indexes were obtained from the site of
the World Geomagnetism Data Center in Kyoto.

3.2. Data Preparation
Data from October 1997 to July 2023 were used.

As mentioned above, apart from physical variables,
4 additional time parameters were introduced to take
into account the phase of the day and the phase of the
year.

• The training set was 1997–2015.

• The validation set was randomly generated as
20% of the training set. The validation set was
used to avoid overfitting using early stopping
option for gradient boosting.

• The test set was 2016–2023. This independent
data was used to select the models at steps 2
and 3 of the algorithm, as well as to estimate
final quality of solving our problem.

• The forecast horizon was selected as 3 h.

The study was performed on data with a time resolu-
tion of 1 h. Linear interpolation between two known
values was used to fill gaps of up to 12 h long, larger
gaps were removed from the dataset.

4. ALGORITHM DESCRIPTION
The algorithm lets us adaptively select both phys-

ical input features and specific delay values while tak-
ing into account the history of each physical feature
within the topological embedding of its corresponding
time series. Such selection can provide a better un-
derstanding of the processes occurring in the object
under study. In this study, to build the forecast-
ing models we used gradient boosting ML algorithm
(XGBoost implementation, https://xgboost.ai/). The
general scheme of the 4-stage algorithm includes the
following steps:

1. Selection of the most significant physical at-
tributes (variables) among those that, in the
opinion of the researcher, can affect the pre-
dicted target value. The current implementa-
tion uses an iterative approach for this pur-
pose. In this approach, the system estimates
the correlation (Pearson/Spearman) between
the input feature and its delays and the pre-
dicted variable on the training set. Then, based
on a given threshold, a fraction of variables is
selected to be used in the next steps.

2. Selection of the range of delays used. The
input feature sets under consideration were
created as follows. Set 0 consisted of the cur-
rently selected input variables. Set 1 contained
all input variables from set 0, as well as all
these variables with a delay of 1 time step.
Set 2 included all input variables from set 1
as well as all these variables with a delay of
2 time steps; and so on up to a limit defined
by the researcher. The machine learning model
is trained on each dataset created within this
loop and its quality is evaluated on the test
dataset. The cycle stops when, according to
a given criterion, increasing the delay range no
longer results in a significant improvement in
prediction accuracy.

3. Selection of the most important input features
from the obtained feature space limited at the
first two stages. For this stage, standard ap-
proaches to assessing the importance of input
features can be used. In this study, we used
permutation importance evaluated on the test
set.

4. Hyperparameter tuning and comparison with
reference models.

5. RESULTS

Let’s consider the results at every step of the algo-
rithm.

5.1. First Step

Here we present the main results we obtained at
the first stage.

1. Kp results.

The following physical variables were selected
in the first step:

(a) SW parameters (velocity, density, tem-
perature).
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(b) IMF parameters (Bz, Bmagn).

(c) Dst and Kp indices.

Figure 1 is an example of results of this step.
The plot shows that changing velocity of solar
wind has impact on changing the target vari-
able (Kp index) at least in the fifty hours range.

2. Dst results

In case of analysing Dst-index, the first-step
feature set looks the same.

(a) SW parameters (velocity, density, tem-
perature)).

(b) IMF parameters (Bz, Bmagn).

(c) Dst and Kp indices.

Here, in Fig. 2, we can see that z-component
of IMF has good correlation with the target
variable at small time lags.

3. E > 2 MeV results

Selected features for electron flux forecasting:

(a) SW parameters (velocity, density, tem-
perature).

(b) IMF parameters (Bz, Bmagn).

(c) Dst index.

(d) Electron flux E > 2 MeV.

In Fig. 3, a demonstration of a badly correlated
feature is shown.

5.2. Second Step

In the second step, the system made a search
for the optimal set consisting of the values of the
physical variables obtained at the first step at the
current moment in time and of their values at several
preceding hours. For each of the target variables, it
determined the number of delays that should be taken
into account (optimal embedding depth). The models
were trained on the training set, and the R2 score was
evaluated on the test set.

Figure 4 shows that the amount of lags to get
the best quality of forecasting for Kp index is 4 h.
According to Figs. 5 and 6, the amount of lags to
get the best quality of forecasting for Dst index and
electron flux is about 1 day.

Fig. 1. Correlation coefficient between Kp index and solar
wind velocity vs time lag.

Fig. 2. Correlation coefficient between Dst index and
z-component of IMF vs time lag.

5.3. Third Step

In the third step, the selection of the most im-
portant input features was performed in the space
obtained in the first two steps. In this study, per-
mutation_importance from the sklearn library was
used as the selection algorithm. The permutation
importance is defined to be the difference between the
baseline metric and the metric from permutating the
feature columns, where the metric was the coefficient
of determination R2 calculated on test set.

The determined importance of the features is dis-
played in Fig. 7 for Kp, in Fig. 8 for Dst, and in Fig. 9
for the electron flux.

Table 1. Quality metrics of the forecasting 3 h ahead (R2

on the test set)

Kp Dst E

Gradient boosting 0.725 0.855 0.854

Linear regression 0.711 0.833 0.829

Trivial model 0.549 0.733 0.726
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Fig. 3. Correlation coefficient between E > 2 MeV elec-
tron flux and z-component of the IMF vs time lag.

Fig. 4. The dependence of the R2 test set score of the
forecast for Kp index on the number of lags.

Fig. 5. The dependence of the R2 test set score of the
forecast for Dst index on the number of lags.

5.4. Fourth Step

Finally, we fine-tuned the gradient boosting mod-
els applied to the set of input features selected at the
first three steps of the algorithm by grid search in
the space of the parameters, and compared it with
reference models. The grid search was based on the
training set with cross validation.

Fig. 6. The dependence of the R2 test set score of the
forecast for E > 2 MeV electron flux on the number of
lags.

Fig. 7. Feature importance for Kp-index (ΔR2 on the test
set).

Fig. 8. Feature importance for Dst-index (ΔR2 on the
test set).

As reference models, we used the trivial inertial
forecast (for which the predicted value is set equal
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Fig. 9. Feature importance for E > 2 MeV electron flux
(ΔR2 on the test set).

to the last known value of the target variable at the
forecasting moment) and the linear regression model
with L2 regularization. The results are set together in
Table 1.

It should be noted that as the test set was used to
select the models at steps 2 and 3 of the algorithm, the
test set is not completely and independent one, and
the statistics on the test set provided in Table 1 may be
somewhat overvalued. However, this does not affect
the main conclusions regarding comparison of the
algorithms and the selection of the most significant
input features.

6. CONCLUSIONS

1. The application of the 4-step algorithm for
predicting the Kp and Dst indices and for flux
of electrons with energies above 2 MeV, was
performed for prediction 3 h ahead.

2. From Table 1 we can see that the Gradient
Boosting algorithm deals with all the problems
better than linear regression with L2 regular-
ization. Machine learning algorithms were also
compared with the trivial model. Trivial model
(inertial forecast) returns the predicted value
that is equal to the last known value. The
experiment shows, that both tested machine
learning algorithms perform better than the
trivial model.

3. The algorithm resulted in the selection of the
following physical features with the following
most important delays (lags):

• Kp-index

(a) SW velocity (0, 1, 2, 4), density (0,
1, 2, 3, 4), temperature (0, 3).

(b) Kp-index (0, 1, 2, 3, 4), Dst-index
(0, 1, 2, 3, 4).

(c) IMF modulus Bmagn (0, 1, 3, 4),
IMF component Bz (0, 1, 2, 3, 4).

• Dst-index

(a) SW velocity (0, 1, 2, 4), density (0,
1).

(b) Kp-index (0, 3, 20), Dst-index (0, 1,
9, 20, 21).

(c) IMF component Bz (0, 1, 2, 3).

• E > 2 MeV

(a) SW velocity (25).
(b) IMF Modulus Bmagn (0).
(c) Electron flux (0–26).

4. Future study should include evaluation of the
models on yet another independent data set
(e.g., 2024–2025).
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Contrib. Geophys. Geod. 45, 53 (2015).
https://doi.org/10.1515/congeo-2015-0013

39. B. Xue and J. Gong, Chin. J. Space Sci. 26, 183
(2006).
https://doi.org/10.11728/cjss2006.03.183
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