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Key Points:
¢ A semi-empirical Dst model has been developed for the calculation of Dst index in a global MHD simulation of Earth’s magnetosphere.
e This model employs an empirical formula to evaluate the contribution from the ring current system.
e The numerical results indicate the successful application of the Dst model during the magnetic storm events.
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Abstract: The Dst index has been commonly used to measure the geomagnetic effectiveness of magnetic storm events for several
decades. Based on Burton’s empirical Dst model and the global magneto-hydrodynamic (MHD) simulation of Earth’s magnetosphere,
here we proposed a semi-empirical model to forecast the Dst index during geomagnetic storms. In this model, the ring current
contribution to the Dst index is derived from Burton’s model, while the contributions from other current systems are obtained from the
global MHD simulation. In order to verify the model accuracy, a number of recent magnetic storm events are tested and the simulated Dst
index is compared with the observation through the correlation coefficient (CC), prediction efficiency (PE), root mean square error (RMSE)
and central root mean square error (CRMSE). The results indicate that, in the context of moderate and intense geomagnetic storm events,
the semi-empirical model performs well in global MHD simulations, showing relatively higher CC and PE, and lower RMSE and CRMSE
compared to those from the empirical model. Compared with the physics-based ring current models, this model inherits the advantage
of fast processing from the empirical model, and easy implementation in a global MHD model of Earth’s magnetosphere. Therefore, it is

suitable for the Dst estimation under a context of a global MHD simulation.

Keywords: global MHD; Dst index; SYM-H index; semi-empirical model; Earth's magnetosphere

1. Introduction

The Dst index is the most widely used index to describe the inten-
sity of magnetic storm activity and is of great significance in the
study of geomagnetic disturbances and storms. The basic concept
of the Dst index was first proposed by Sugiura (1960). It is
obtained by subtracting the average variation during the calm
period from the horizontal components of the geomagnetic field
measured by the four low latitude observatories (Sugiura et al.,
1964). These observatories are chosen to minimize effects from
auroral and equatorial electric currents, and their longitudes are
roughly evenly distributed around the globe. However, the time
resolution of the Dst index is only one hour, which appears rela-
tively large to describe some geomagnetic events. As an alterna-
tive, the SYM-H index can be viewed as an upgraded Dst index
with one minute resolution and deviations typically less than
20 nT for moderate and intense storms (Wanliss and Showalter,
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2006). Different from the Dst index, the SYM-H index is calculated
using data from six ground magnetometer stations in low and
mid latitudes with uniformly distributed longitudes from the
global equatorial region (lyemori, 1990).

Physically, the magnitude of the Dst index is a measure of the
intensity of the equatorial ring current and can usually reflect the
intensity of a magnetic storm. Burton et al. (1975) classified
magnetic storms into four levels based on the minimum value of
the Dst index: minor storms with a minimum value of —30 to
—50 nT, moderate storms with a minimum value of —-50 to
—100 nT, intense storms with a minimum value of —-100 to
—200 nT, and super storms with a minimum value exceeding
—200 nT. Accurately predicting the Dst index is of great value for
magnetic storm and the related space weather forecasting
research.

Various methods have been developed for forecasting the Dst
index, by using observed solar wind parameters as inputs. Typi-
cally, they can be classified as three types, including empirical
formula, machine-learning methods, and physics-based models.
Among them, empirical formula models are most popularly used
for its relative simplicity for the numerical implementation. In
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early research, Burton et al. (1975) proposed an empirical formula
for calculating the Dst index, using the solar wind parameter
related terms as the coefficients in the differential equation,
factoring in particle injections from the plasma sheet into the
inner magnetosphere, and highlighting the crucial role of the
southward component of the interplanetary magnetic field (IMF)
in the calculation. Later, several extended versions of the empirical
model have been derived and applied in the relevant fields (Lund-
stedt et al., 2002; Park et al., 2021), and since Burton et al. (1975),
there have been many studies based on this empirical formula
(O'Brien and McPherron, 2000; Wang CB et al., 2003).

Machine learning and neural network techniques have been
extensively applied to the modeling and prediction of the Dst
index (Lu JY et al., 2016; Camporeale, 2019; Xu WW et al., 2023). As
early as the 1990s, several attempts were made to utilize neural
networks for Dst index prediction (Lundstedt and Wintoft, 1994;
Gleisner et al., 1996; Wu JG and Lund-stedt, 1997; Kugblenu et al.,
1999). Jankovicova et al. (2002) employed a fully connected neural
network to forecast the Dst index, developing a model that could
predict the index two hours ahead using ACE data. Lundstedt et
al. (2002) studied the response characteristics and decay of solar
wind dynamic pressure alterations and ring current injections,
discovering that during reversals of the interplanetary magnetic
field to a southward orientation, the rate of ring current injection
is directly proportional to the solar wind dynamic pressure. They
applied this finding to the prediction of the Dst index, enhancing
the accuracy of forecasts. Caswell (2014) utilized components of
the IMF, solar wind proton density, plasma velocity, and plasma
flow pressure to predict the Dst index one hour in advance. Lazzus
et al. (2017) introduced an Artificial Neural Network (ANN) model
that achieved higher precision in Dst index predictions, with lead
times ranging from 1 to 6 hours. Similar work based on ANN
model has been carried out for a better prediction accuracy and
stability (Lethy et al., 2018; Xu SB et al., 2020; Park et al., 2021).

The physics-based model typically solves the first-principle equa-
tions to describe dynamics of ring current and forecast the
induced Dst index. Some models employ the Dessler—Parker—
Scopke equation to transform the total energy within the simulated
ring current into Dst*, and then calculate the anticipated Dst
index, incorporating corrections for magnetopause currents
based on the dynamic pressure exerted by the solar wind (Dessler
and Parker, 1959; Sckopke, 1966). The Rice Convection Model
(RCM) describes the electrodynamics of inner magnetospheric
plasma effectively (Wolf et al., 1991; Toffoletto et al, 2001). It
employs Hilmer and Voigt's magnetic field descriptions (Hilmer
and Voigt, 1995) in conjunction with either the Siscoe-Hill (Siscoe,
1982; Hill, 1984) or Weimer (Weimer, 2005) electric field models.
The model calculates the field-aligned current using the Vasyliunas
equation (Vasyliunas, 1970), based on the pressure gradient of the
magnetospheric plasma. This current then determines the iono-
spheric potential and electric field, which are subsequently
mapped back to the inner magnetosphere to complete the calcu-
lation loop. This process enables the calculation of the ring
current’s energy. Other inner magnetospheric models for simulat-
ing ring current dynamics include the RAM-SCB (Jordanova et al.,
2010), CRCM (Buzulukova et al., 2010), and WINDMI models
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(Horton and Doxas, 1998). The RAM-SCB is an open-source simula-
tion code that models the evolution of major ion species and elec-
trons across various parameters such as azimuth, radial distance,
energy, pitch angle, and the Dst index (Morley et al., 2023). On the
other hand, the CRCM model provides accurate predictions of the
Dst index for Coronal Mass Ejection (CME)-driven storms, yet it
underestimates this index for Co-rotating Interaction Region (CIR)-
driven storms, this discrepancy could result in a potential overesti-
mation of up to half of the total ring current energy due to limita-
tions in modeling the static magnetic field (Cramer et al., 2013).
Lastly, WINDMI is a low-order, nonlinear ring current model capable
of generating outputs for both the geomagnetic westward auroral
electrojet (AL) index and the Dst index (Spencer et al., 2018).

Global magneto-hydrodynamic (MHD) models of Earth’s magne-
tosphere can simulate the Dst index by combining current densities
at various locations in the magnetosphere with the Biot—Savart
formula to calculate the magnetic perturbation at Earth’s center.
However, these models can not simulate the ring current effec-
tively, as they cannot capture the drift motion of charged particles
in the inner magnetosphere. Therefore, an inner magnetosphere
model must be integrated into global MHD models to more accu-
rately simulate the Dst index. Examples of such global MHD
models include BATSRUS (Téth et al., 2005), OpenGGCM (Raeder
et al,, 2001), and LFM (Lyon et al., 2004). The BATSRUS model, for
instance, is available in versions coupled with both the RCM (De
Zeeuw et al., 2004) and the CRCM (Buzulukova et al.,, 2010). When
integrated with an inner magnetosphere model, BATSRUS signifi-
cantly improves its ability to replicate Dst values during magnetic
storms, as it has been unable to reach a Dst value below —30 nT
without this component (Liemohn et al., 2018). The European
Heliospheric Forecasting Information Asset, when coupled with
OpenGGCM, demonstrates effective predictions of geomagnetic
disturbance indices, thereby enhancing space weather forecasting
capabilities (Maharana et al., 2021). Rastdtter et al. (2013)
conducted a comprehensive review and analysis of the perfor-
mance of these statistical and physics-based models in calculating
the Dst index.

Instead of incorporating an inner magnetospheric model, here we
attempt to integrate an empirical formula into a global MHD
model of Earth’s magnetosphere to simulate the Dst index. The
structure of this paper is as follows: Section 2 introduces the
methodology for calculating the Dst index, which includes both
the global MHD model and the empirical formula. Section 3
outlines the specific events and datasets used in our analysis.
Section 4 presents the simulation results, followed by a discussion
of these events. Finally, Section 5 summarizes the conclusion.

2. Methodology

2.1 DstIndexin a Global MHD Model

The Dst index quantifies the intensity of general geomagnetic
activity on low-latitude ground, and is used to estimate the
energy density of the ring current near Earth. However, other
magnetospheric current systems, such as dayside magnetopause
currents and nightside tail currents can cause field perturbations
on ground as well, may secondly contribute to the Dst index as
the previous investigation reported (Turner et al., 2000). A revised
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version of the PPMLR-MHD model (Hu YQ et al., 2007) is applied in
this work, in which an extension of HLL-type Riemann solver
designed for the decomposition of intrinsic magnetic field is used
to update the numerical flux at cell interfaces in a MUSCL numerical
scheme (Guo XC, 2015; Guo XC et al., 2016). During the simulation,
the magnetic field B at any given grid point is numerically
updated at each time step through the time-dependent MHD
equations, the magnetospheric current systems are directly calcu-
lated from the distortion of geomagnetic field caused by the
continuous solar wind pressing from the upstream. The current
density j is then obtained through the normalized relation
j =V x B, containing the large-scale magnetopause, field-aligned,
and tail currents. However, the ring currents are not generated
because the gradient and curvature drift motions for charged
particles can not be reproduced in a single-fluid MHD approxima-
tion.

For Dst index, here we do not consider the exact locations of the
four major geomagnetic observatories; instead, the magnetic field
perturbations at Earth’s center are used to represent the averaged
geomagnetic disturbances in the equatorial plane on ground, and
the corresponding north—south axis component of the geomag-
netic perturbation is defined as the Dst index, following the similar
approach taken by the previous researchers in global MHD simu-
lations (Rastatter et al., 2013; Liemohn et al., 2018). Using Biot-
Savart’s Law, the estimated Dst index Dstyp is expressed as the z
component of the magnetic field perturbation in the center of
GSM coordinate system,

Dstyp = 6B, = 417: 2’:—3RAV, (1)
where R is the spatial position of the current density, AV is the grid
volume. All the perturbation contributions from individuals are
summed over all the grid volumes, and are accumulated to be the
Dst index Dstyyp- The temporal resolution of the index is deter-
mined by the current density j, which depends on the arbitrary
interval of the data outputs from the simulation. In this work, we
choose one minute resolution that is same as that of SYM-H index
but much smaller than one hour for the standard Dst index. For
simplicity, we keep the use of the term Dst index to represent the
simulated one minute resolution Dst index in the following
content.

2.2 Empirical DstIndex from Ring Current

The absence of ring current model in the global MHD model will
cause inconsistent result for the estimation of Dst index. For
instance, the sudden drop of Dst index during magnetic storm can
not be reproduced in the simulation which mostly depends on
the enhancement of ring current in the inner magnetosphere
(Rastatter et al.,, 2013). Rae et al. (2010) demonstrated that the
physics of the inner magnetosphere plays a critical role in shaping
the boundary between open and closed field lines during periods
of southward interplanetary magnetic field in global simulations.
In order to overcome this discrepancy, a physics-based inner
magnetospheric model with embedded ring current needs be
integrated into an existing global MHD model of magnetosphere
(De Zeeuw, 2004). Here we try a different approach with an empir-
ical model. Burton et al. (1975) presented an algorithm to calculate

Dst index solely from a knowledge of the solar wind velocity,
density and IMF conditions. Their equations for Dst index (Dst in
the equation) are expressed as

dDst* *
T = F(Ey) — aDst P (2)
Dst* = Dst — by[Payn + ¢, 3)

where a =3.6 x 107° 5" is the coefficient related to the decay time

of the ring current particles; Py, stands for the dynamic pressure
of solar wind; b = 0.2 nT(eV/cm®)'/? and ¢ = 20 nT are coefficients
measuring the Dst response to solar wind dynamic pressure Py,
and the quiet-time ring current, respectively. F(E,) represents the
ring current injection rate as a function of a delayed and filtered
solar wind electric field £, is set to be

0 E, < 0.5 mV/m

FE) ={ dE,~05) E >05 mV/m )

where d=-15x10" (nT-m)/(mV-s) is a constant used to
measure the degree of response of injection rate to £, assuming
that this response is linear. The physical meaning of F(E,) is to
represent the injection of particles into the ring current, which is a
function of the rate at which the ring current is enhanced by the
solar wind electric field in the dawn—dusk direction.

In the global MHD model, the y component of solar wind electric
field is directly calculated from the undisturbed solar wind velocity
vand the magnetic field B at the x = 0 plane in the GSM coordinate
system:

E, = v,B, — v,B,. (5)

Once E, and the corresponding injection rate F are obtained,
Equations (2) and (3) are then discretized to achieve the empirical
Dst index (Dst; in the equation) in time as

Dste(t™"") = Dste(t") + AF'(E,) - g(Der(t") —b\Pan + )] (6)

Note that the effects of global magnetospheric current densities
on the Dst index have been simulated in the global MHD model,
we may consider the contribution solely from the ring currents, so
that the solar wind dynamic pressure component is neglected by
means of b = 0. Finally, we obtain the following equation

Dste(t"") = Dste(t") + A[F"(E,) - g(DstE(t") +0)] 7)

In this way, the ring current-dependent Dst index has been calcu-
lated by the above numerical implementation, and is added to the
Dst index from the MHD model as the final result.

Dst = Dstypp + Dste. (8)

Note that the empirical component Dst; cannot produce positive
values, nor does it accurately predict the sudden commencement
of the Dst index during the onset of geomagnetic storms.
However, the MHD component Dsty,p can effectively simulates
the Dst variations caused by the change of solar wind dynamical
pressure. Therefore, this semi-empirical model, combining the
two Dst contributions from the MHD-based magnetospheric
currents and the empirical ring current, is expected to enhance
the overall simulation performance during geomagnetic storm
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time. The detailed performance of the model compared with
observations will be presented in the following contents.

3. Events and Analysis Methods

There are totally fifteen magnetic storm events selected for analy-
sis: ten categorized as moderate magnetic storms and the remain-
ing five as intense magnetic storms. Table 1 provides the details
on all the moderate and intense magnetic storms, including their
initiation dates and the respective minimum values of the SYM-H
index.

All these events occurred from the year of 2021 to 2023, with a
separation line of —100 nT between moderate and intense
magnetic storms. For these events, the one-minute resolution
time-varying solar wind data from OMNI database (https://omni-
web.gsfc.nasa.gov/), including density, velocity, magnetic field,
and temperature, are used to drive the global MHD simulation at
the front boundary at x = 30R;. The output data of the simulation
has same temporal resolution as the solar wind input, the simulated
one-minute Dst index will be compared with the observed SYM-H
index, which is also obtained from the same database. During the
simulation of a geomagnetic storm event, we pre-warm the
model one hour ahead of the event's onset. For example, for
Event 5, which simulates the entire geomagnetic storm on April
10, 2022, the input solar wind conditions start from 23:00 on April
9, 2022, and end at 00:00 on April 11, 2022. Specifically, the input
solar wind conditions are initiated one hour before the event and
conclude precisely at the event’s end time.

In order to evaluate the performance of the global MHD model,
we typically use the four parameters, namely, Prediction Efficiency
(PE), Correlation Coefficient (CC), Root Mean Square Error (RMSE)
and Central Root Mean Square Error (CRMSE), to assess the simu-
lated Dst indices. The PE for discrete time series is defined as a

Table 1. Start date of all moderate magnetic storm (1-10) and
intense storm (11-15) events and the corresponding minimum of
SYM-H index.

Event number Start date Minimum (nT)
1 2021-02-28 -80
2 2021-03-19 -60
3 2021-09-17 =73
4 2022-03-05 -60
5 2022-04-10 -67
6 2022-07-01 -67
7 2022-10-14 -78
8 2022-12-07 -68
9 2023-06-15 -84
10 2023-09-12 -84
1 2022-03-13 -114
12 2023-03-23 =170
13 2023-10-21 -108
14 2023-11-25 -109
15 2023-12-01 -136
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measure that compares the residual variance of the model predic-
tions against the variance of the observed data. It essentially eval-
uates how well the model can predict the observed values by
quantifying the reduction in error variance achieved by using the
model compared to simply using the mean of the observed
values. It is defined for discrete time series as follows

2
< (Xmod _Xobs) >

> ’
oobs

PE=1- (9)

where <--> represents the arithmetic mean, x. is the observed
value, and x,,,q the modeled signal, o, the standard deviation
(STD) of the observed values. A higher PE indicates better model
performance, a PE value of 1 signifies a perfectly accurate model,
whereas a PE of 0 indicates a model’s performance equivalent to
simply using the arithmetic mean of the observed signals. So that
PE less than or equal to zero does not provide useful predictions
of the time variation of the observations.

The CC serves as an indicator measuring the extent of linear corre-
lation between two variables. Here we have the expression as
follows:

< (Xobs B )?obs)(xmod - Xmod) >

cC=
OobsOmod

, (10)

where X is the average value, 6,,,4 represents the STD of the simu-
lated values. CC spans a range from —1 to 1. A CC of 1 signifies a
perfect positive linear relationship, while a CC of —1 indicates a
perfect negative one. A value near zero suggests no significant
linear relationship exists.

The RMSE represents the sample standard deviation of the residu-
als (prediction errors). Residuals are a measure of how far away
each observed data point is from the prediction made by the
model. Mathematically, RMSE is calculated as follows:

1
RMSE = V N z(xmod _Xobs)z- (1)

The size of RMSE provides insight into the accuracy of a model’s
predictions. Comparing RMSE values across different models
predicting the same outcome can help determine which model
performs better. A lower RMSE generally indicates superior perfor-
mance.

The CRMSE is a metric used to assess the accuracy of predictions
in a model, particularly when dealing with spatial or geostatistical
data. Unlike RMSE, which calculates the square root of the average
of squared differences between predicted and observed values
over all data points, the CRMSE focuses on evaluating the error at
a central or reference location. The formula for calculating CRMSE
is as follows:

1 _ _
CRMSE = \/N 2[(Xmod = Xmod) = (Xobs = Xobs)]z- (12)

The CRMSE is calculated after centering both the predictions and
observations around their respective means, which essentially
removes any constant difference between them. A smaller CRMSE
indicates that the model’s predictions are closer to the actual
values once the systematic bias has been accounted for. This
suggests better performance of the model in terms of precision
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around the mean of the data. Conversely, a larger CRMSE suggests
that there is more variability between the predictions and the true
values, indicating poorer performance. Through the model evalu-
ation parameters introduced above, we will conduct predictive
performance evaluations on all the listed events.

4. Simulation Results

In this section, we will present and analyze the simulation results
compared to observations for several specific geomagnetic storm
events listed in Table 1. Figure 1 shows the comparison results
among the simulations and observation for the three magnetic
storm events of Event 5, 11, and 15 listed in the table. The green,
blue, red lines indicate the results from the simulations of the
MHD, empirical, and semi-empirical models, respectively. The
black line depicts the observed SYM-H data sourced from the
OMNI database.

Figure 1a shows the results for the event occurred on April 10,

2022, with the minimum SYM-H value of —67 nT at round 6:45.
Compared with the observation, it is evident that the MHD model
effectively simulates the substantial pulse in the Dst index during
the sudden commencement of the magnetic storm at around
2:55, and followed by the similar small-scale fluctuations during
the subsequent decline phase, although the overall decreases of
the Dst index are not reproduced due to the absence of ring
current. This result confirms that the standalone MHD model is
not sufficient for the calculation of Dst index. Compared with the
MHD simulation, the overall trend of the empirical results coincide
with the observation much better, the valley of Dst variation is
well reproduced; however, the obtained values are less than the
observed before round 5:10, and after that, the former becomes
larger than the latter with a difference of around 5-20 nT. As a
comparison, the semi-empirical results seem more closely align
with observed data, demonstrating better performance through-
out both the sharp drop and recovery stages of the magnetic
storm. Details of the performance metrics for this event can be
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Figure 1. Panels a, b and c show the comparisons among the simulation and observation data, respectively correspond to Event 5,11, and 15 in
Table 1. The MHD-based, empirical and semi-empirical one-minute Dst indices are depicted by the green, blue, and red lines, respectively. The
black line shows the observed SYM-H index obtained from the OMNI database. The red dashed line indicates the zero value for SYM-H/Dst indices.
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found in Table 2, affirming the semi-empirical results globally
improve the simulation accuracy for the index concerning this
moderate magnetic storm event.

The comparison results for the intense geomagnetic storm that
occurred on March 13, 2022, corresponding to Event 11 in Table 1,
are presented in Figure 1b. This intense storm is more complicated
than the one in panel (c), showing that it has three steps with
decreasing minimum Dst values of -39 nT, —75 nT and
—114 nT at around 14:48, 18:09 and 23:37, respectively. Compared
with the observation, the MHD simulation captures the similar
tendency but much less amplitutde in the Dst index during the
whole period. Notice that the negative Dst indices appear during
the third main phase and the corresponding recovery phase,
which is not seen in panel (a). This phenomenon is caused by the
ring current from the MHD simulation, though the current density
is much less than expected due to the lack of gradient/curvature
drift mechansim in the MHD model. Around 11:00, observational
data revealed the sudden commencement of the magnetic storm,
a process that was, to some degree, mirrored by our MHD simula-
tion. Another ascent was evident in the observed data at approxi-
mately 16:00, which our simulations also managed to replicate. A
significant resurgence in the observed values was noted at
around 22:00, and this was accurately captured by our MHD simu-
lation. The empirical model adeptly portrays the overarching
trends in the Dst index fluctuations and succeeds in simulating
the observed index’s multiple downturns. As a comparison, the
semi-empirical data are less accurately predicted during the
sudden commencement of the geomagnetic storm around 12:00;
however, regarding the entire subsequent progression, the
performance of the empirical model is less satisfactory, the semi-
empirical model is more closely aligned with the observation. For
example, at the three critical time points at approximately 16:00,
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22:00, and 00:00, the semi-empirical model exhibits better perfor-
mance than the empirical one. In this event, the semi-empirical
model demonstrates a better forecasting capability, which will be
presented in Table 2 as well.

Figure 1c shows the intense geomagnetic storm event on Decem-
ber 1, 2023. In this case, the geomagnetic storm features two
rapid onset stages, occurring around 0:20 and 10:00, respectively.
Similarly, the MHD simulation captures the sudden commence-
ment at the onset stage, which is mainly caused by the solar wind
dynamic pressure changes; the index does not drop as the obser-
vation. The empirical model effectively demonstrates the overall
trend of Dst index and successfully simulates the two declines
observed on the panel. The empirical results show a close correla-
tion with the observation, however, the obtained indices are
much larger during the main and recovery phases of the storm.
The semi-empirical results show a closer match with the observed
data, with a much lower Dst value during both the main phase
and recover phase, indicating that the model performs better as a
comparison.

For all the listed 15 events, Table 2 presents the performance eval-
uation parameters, including PE, CC, RMSE, and CRMSE. Among all
the events, the lowest PE is 0.55 for Event 3, with most events
achieving a PE above 0.7. The lowest CC of 0.89 occurs for Event 8,
and the rest are above 0.9. Moreover, the RMSE and CRMSE
metrics also reflect strong predictive performance, with values
typically not surpassing 15, which is a favorable value for the
index prediction. In contrast, the empirical model quantitatively
shows the poorer performances, being with negative PE values in
Events 3, 8, and 14, and most PEs below 0.7; the CCs are less than
0.8 in Events 3, 10, and 13. The RMSE and CRMSE metrics are
generally much larger than those for the semi-empirical model.
The results indicate that the semi-empirical model performs
better than the empirical one in predicting the Dst index for both

Table 2. Summary of simulation performance evaluation parameters for the comparison of the empirical and semi-empirical models with SYM-H

observations in all moderate and intense magnetic storm events.

Semi-empirical Empirical
Event number Start date Minimum (nT)
PE cC RMSE CRMSE PE cc RMSE CRMSE
1 2021-02-28 -80 0.86 0.96 9.9 8.6 0.83 0.95 1 9.8
2 2021-03-19 -60 0.76 0.94 15 12 0.61 0.96 20 14
3 2021-09-17 =73 0.55 0.90 13 9.9 -0.95 0.71 27 14
4 2022-03-05 —60 0.63 0.94 12 9.2 0.86 0.94 7.1 6.3
5 2022-04-10 -67 0.84 0.93 7.8 7.6 0.72 0.91 10 8.9
6 2022-07-01 —67 0.72 0.97 15 7.5 0.76 0.97 14 1
7 2022-10-14 -78 0.83 0.92 8.0 8.0 0.76 0.87 9.5 9.5
8 2022-12-07 -68 0.62 0.89 10 10 -0.24 0.93 19 6.6
9 2023-06-15 -84 0.63 0.90 18 13 0.56 0.92 19 13
10 2023-09-12 -84 0.69 0.96 15 79 0.50 0.77 19 17
1 2022-03-13 -114 0.85 0.95 13 13 0.26 0.89 29 16
12 2023-03-23 =170 0.75 0.98 28 18 0.74 0.90 29 28
13 2023-10-21 -108 0.77 0.92 14 12 0.31 0.79 24 18
14 2023-11-25 -109 0.66 0.90 13 12 —-0.54 0.92 29 1
15 2023-12-01 -136 0.85 0.95 16 16 0.33 0.87 33 22
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moderate and intense geomagnetic storms. There is no significant
disparity in the predictive performance between moderate and
intense geomagnetic storms according to these evaluation
parameters. This consistency in forecasting performance extends
even to intense geomagnetic storm events with Dst values as low
as —170 nT, where the forecast remains robust.

Figure 2 illustrates scatter plots of the SYM-H indices against the
simulated Dst values after following the integration of multiple
events. In panel (a), data points from ten moderate geomagnetic
storm events are plotted on the same plane. The red dashed line
indicate the positions where the observation and simulation coin-
cide with each other. It is evident that the simulation results from
the semi-empirical model exhibit a robust linear correlation with
the observed data, with the points being evenly distributed
around the red dashed line, showing good agreements between
the two kinds of values. For panel (b), the simulation data are
produced from the standalone MHD model for all moderate
geomagnetic storms. Without the embedded empirical ring
current model, the simulation results mainly vary between —10 nT
and 20 nT. This off-red dashed line distribution reconfirm that the
MHD simulations are unable to accurately replicate the ring
current, resulting in an inability to simulate a significantly
decreased SYM-H index. In panel (c), the integrated data points
from five intense geomagnetic storm events are presented. The
simulation results from the semi-empirical model maintain a
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strong linear relationship with the observed data during these
intenser events. Notably, once the observed SYM-H index reaches
approximately —120 nT, the simulated values from the semi-
empirical model tend to underestimate the observed data, show-
ing some inefficiency in producing the Dst indices for intense
magnetic storms. Lastly, panel (d) displays the MHD model’s simu-
lation results for intense geomagnetic storms. Similar to the
moderate storms, the simulated values are mostly confined within
the range, showing the limitation of MHD model in capturing the
dynamics of the ring current during intense geomagnetic distur-
bances.

In order to test the accuracy performance of the semi-empirical
model under extremely intense geomagnetic conditions, we
present the model result for the super geomagnetic storm event
that occurred on May 10, 2024. The results are shown in Figure 3,
where the lowest observed SYM-H index reached =518 nT at 2:14
on the next day. Both the empirical and semi-empirical models
successfully reproduced the occurrence of the super geomagnetic
storm, being with only minor differences in specific details. For
the period of rapid decline in data from 18:00 on May 10th to 2:00
on May 11th, the predictions made by the semi-empirical model
were more closely aligned with the observed data, indicating that
the semi-empirical model performs more accurately during the
main phase of magnetic storms. In the subsequent recovery
phase, however, there are significant discrepancies between the

(b) 60 Moderate storms
40

20

0

-20

OMNI SYM-H value (nT)

-80 7

-100 & ‘
-100 -80 —60 —40 -20 O 20 40 60

Only MHD model value (nT)

60 Intense storms

—
o
=

-120

OMNI SYM-H value (nT)

-180

—240 £ ‘
-240 -180 -120 -60 0 60
Only MHD model value (nT)

Figure 2. Scatter plots of the observed SYM-H indices from the OMNI database versus the simulated values from (a) the semi-empirical model for
10 moderate magnetic storm events, (b) the standalone MHD model for 10 moderate magnetic storm events, (c) the semi-empirical model for 5
intense magnetic storm events, and (d) the standalone MHD model for 5 intense magnetic storm events.
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Figure 3. Comparison between the observation and the simulations for the super geomagnetic storm on May 10, 2024.

modelings and observation, both models do not recover in phase
with the observation after around 7:00 until at round 5:00 on the
next day. This late-recovery result may be caused the choice of
coefficient a in Equation (2), which measures the decay time of
the ring current particles. This highlights an area for potential
improvement in our models, aiming to enhance its ability to
predict the recovery phase of super geomagnetic storms. Never-
theless, the fact that the semi-empirical model could successfully
and closely predict the lowest value of the SYM-H index suggests
it has considerable potential for simulating super geomagnetic
storms.

5. Summary

In this study, we have developed a semi-empirical model for the
Dst index prediction based on the global MHD simulation of
Earth’s magnetosphere. In this model, the contribution of the ring
current to Dst index is estimated using an existing empirical
formula, while the effects of other current systems are still derived
from the MHD simulations. The performance of the semi-empirical
model was evaluated against the observation and that of Burton’s
empirical model, through a comprehensive analysis involving
multiple performance assessment metrics. It has been demon-
strated that, in the context of moderate and intense geomagnetic
storm events, the semi-empirical model significantly outperforms
the original empirical methods. Furthermore, it compensates, to
some extent, for the shortcomings of the global MHD model of
Earth’'s magnetosphere that does not include the ring current.
Moreover, compared with the physics-based ring current model,
this model is much less time-comsuming and easier to be imple-
mented in a global MHD model. Thus, it is suitable to utilize this
semi-empirical model in a global MHD model of Earth’s magneto-
sphere for the Dst index forecasting in the practical use of space
weather services.
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