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Abstract

Geomagnetic storms resulting from solar disturbances impact telecommunication and satel-
lite systems. Satellites are positioned at Lagrange point L1 to monitor these disturbances
and give warning 30 min to 1 h ahead. As propagation delay from L1 to Earth depends
on various factors, estimating the delay using the assumption of ballistic propagation can
result in greater uncertainty. In this study, we aim to reduce the uncertainty in the propaga-
tion delay by using machine-learning (ML) models. Solar-wind velocity components (V,
Vy, V), the position of Advanced Composition Explorer (ACE) at all three coordinates (ry,
ry, 1), and the Earth’s dipole tilt angle at the time of the disturbances are taken as input
parameters. The target is the time taken by the disturbances to reach from L1 to the magne-
tosphere. The study involves a comparison of eight ML models that are trained across three
different speed ranges of solar-wind disturbances. For low and very high-speed solar wind,
the vector-delay method fares better than the flat-plane propagation method and ML mod-
els. Ridge regression performs consistently better at all three speed ranges in ML models.
For high-speed solar wind, boosting models perform well with an error of around 3.8 min
better than the vector-delay model. Studying the best-performing models through variable-
importance measures, the velocity component Vj is identified as the most important feature
for the estimation and aligns well with the flat-plane propagation method. Additionally, for
slow solar-wind disturbances, the position of ACE is seen as the second most important fea-
ture in ridge regression, while high-speed disturbances emphasize the importance of other
vector components of solar-wind speed over the ACE position. This work improves our
understanding of the propagation delay of different solar-wind speed and showcases the po-
tential of ML in space weather prediction.
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1. Introduction

The solar wind is a continuous stream of plasma emanating from the Sun. Sudden eruptions
such as coronal mass ejections (CMEs) or corotating interaction regions (CIRs) can inter-
act with the Earth’s magnetosphere. Subsequently, the shock or the disturbances compress
the Earth’s magnetosphere, due to sudden changes in solar-wind dynamic pressure. Ground-
based magnetometer stations can detect these variations as sudden changes in the horizontal
component of the Earth’s magnetic field, and this phenomenon is termed as sudden com-
mencements (Nishida, Cahill, and Laurence 1964; Burlaga and Ogilvie 1969; Joselyn and
Tsurutani 1990; Fujita 2019). Sudden commencements may or may not be followed by geo-
magnetic storms, depending on the southward-oriented interplanetary magnetic field (IMF)
B, component (Gosling et al. 1967; Tsurutani and Baker 1979).

These storms pose risks to satellite systems, communication networks, and power grids,
thus emphasizing the importance of estimating the solar-wind parameters such as velocity,
magnetic-field strength, and orientation of the IMF B, component at the Earth’s bowshock.
Continuous monitoring of these disturbances by a single satellite at a fixed location near
the Earth’s bowshock can be challenging. Thus, satellites positioned at the relatively stable
Lagrangian L1 orbit, 1.5 million km ahead of Earth, help us to provide uninterrupted mon-
itoring of solar-wind disturbances and also have the advantage of producing sufficient time
ahead for the warnings (Crooker et al. 1982).

The large-scale solar-wind structures identified at L1 have a high probability that they
will hit Earth, thus giving us advanced time for the preparation. However, the timing with
which it reaches the Earth’s atmosphere varies from around 30 min to 120 min depending on
their speed of arrival and various other factors. Once the interplanetary shock is identified
by Advanced Composition Explorer (ACE), the onset time of the propagation delay at L1
is defined as when the solar-wind speed reaches its peak value. Thus, the propagation delay
is considered from the time taken for the disturbances from L1 to reach the magnetosphere,
which is observed as the sudden commencements using the ground-based magnetometer sta-
tions. The accurate arrival time of these disturbances is needed, as the solar-wind parameters
are provided as input for magnetosphere coupling models, ionospheric and thermospheric
variations, and substorm studies (Ridley et al. 1998; Lavraud et al. 2006). Timely data is
essential for safeguarding orbiting satellites and preventing ground-induced currents (GICs)
in power grids.

The well-defined methods for estimating the propagation delay, still have significant un-
certainty in predicting their arrival. A simplified flat-plane delay model considers calculat-
ing the propagation delay with the solar-wind velocity, assuming that the disturbances travel
normal to the flat plane in the line connecting L1 to the Earth. However, the accuracy of the
flat-plane propagation model deviates from the actual observations arriving at the Earth, that
can go beyond 60 min which can be observed from the long tail from the Gaussian distri-
bution of the propagation delay (Collier et al. 1998). Thus, considering only distance along
the Sun—Earth line ignores the following factors:

i) The solar-wind properties are monitored by the satellite ACE, orbiting around La-
grangian L1 point around 1.5 million km from Earth (McComas et al. 1998). However,
the spacecraft orbits around L1 and varies about £40 Rg in the Y direction, adding ad-
ditional uncertainty about the arrival of the solar-wind disturbances, which needs to be
studied in detail (Ridley 2000; Milan et al. 2022).

ii) The solar-wind disturbances follow the parker spiral. Thus, the IMF plane fronts can
have tilted orientations that can vary up to 45 deg from the flat plane of the L1 to the
Earth line, increasing uncertainty in the propagation delay (Kelly et al. 1986).
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iii) Also, the interaction of the solar-wind plasma, when high-speed solar-wind speed com-
presses the slow solar-wind varies the arrival time of these disturbances.

Several studies have been carried out to improve the prediction of the propagation delay
by considering the tilt of the IMF plane front (Russell, Siscoe, and Smith 1980). Thus,
estimating the normal phase front along the parker spiral is essential. For scenarios involv-
ing multiple satellites, constructing a normal phase front is achievable through geometric
means (Blanchard and Bankston 2002). In the case of single-point observations, the normal
phase front is calculated using the minimum variance analysis (MVA) method by choos-
ing a normal vector, where the boundary magnetic-field structure variations are minimized
(Lepping and Behannon 1980; Sonnerup and Scheible 1998). The normal vector can be es-
timated either through the crossproduct of the average magnetic-field vectors upstream and
downstream of the discontinuities (Horbury et al. 2001) or by computing the eigenvector
associated with minimum eigenvalue that will be oriented perpendicular to the IMF mean
field vector, and considered as the plane of the IMF phase front (Weimer et al. 2003; Weimer
and King 2008). Despite these advancements, accuracy diminishes with increased spacecraft
distance when moving away from L1 to the Earth line (Collier et al. 1998; Ridley et al. 1998;
Weimer et al. 2002; Milan et al. 2022). Further, these models assume that the solar wind with
constant speed, neglecting interactions between high-speed and slow-speed solar winds. The
nature of the disturbances, the evolution of the solar wind from L1 to Earth, and the shocks
formed are well studied through magnetohydrodynamic (MHD) simulations, considering
the propagation of disturbances in 1-dimension through the MVA method from L1 to the
Earth (Pulkkinen and Rastitter 2009; Cameron and Jackel 2019). Munteanu et al. (2013)
performed wavelet denoising to eliminate small-scale fluctuations of the boundary normal
estimations of the magnetic-field structures and the disturbances are propagated through the
MVAB method to improve the accuracy of existing propagation delay-estimation methods.
In a comparative analysis conducted by Mailyan, Munteanu, and Haaland (2008), Cash et al.
(2016), and Cameron and Jackel (2016) on various propagation delay-estimation methods,
it was observed that techniques such as MVA and others prove effective in mitigating un-
certainty in propagation. However, the flat-plane propagation method seems more feasible
to implement for real-time applications.

Baumann and McCloskey (2021) proposed a machine-learning (ML) model to calculate
the propagation delay of the shock events of the solar disturbances with input parameters as
the position of ACE in all three coordinates (ry, ry, r,) and all three components of solar-
wind velocity vectors (Vx, Vy, V). The Gradient Boost regressor performs better than the
flat-plane propagation delay and vector-delay method with root mean square error (RMSE)
of around 4.5 min. O’Brien et al. (2023) introduced a probabilistic approach for regression
for estimation of the disturbances at the magnetosphere by including the past history of the
solar wind from L1 as input parameter. The model performs better than the MVA method
and can provide physically meaningful uncertainties.

In this work, following the work of Baumann and McCloskey (2021), we predict the
propagation delay between the shock structures observed at L1 and disturbances observed
by ground-based magnetometers as sudden commencements using eight ML models. The
input of the models is the position of ACE in three coordinates, and solar-wind velocity
vectors of all three components. In addition, we have added the tilt angle of the Earth’s
magnetic axis as the input features. The dipole tilt angle affects the position and strength
of magnetic reconnection (Eggington et al. 2020). The magnetopause topology is highly
sensitive to dipole tilt angle, as seen by MHD simulations (Maynard et al. 2001). Thus, the
dipole tilt angle of the Earth can impact both the reconnection component and shift the first
point of contact of the solar wind with the magnetopause nose to northward or southward
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Figure 1 (a) Distribution of time taken for solar-wind disturbances to reach from L1 to Earth. (b) Distribution
of solar-wind velocity (V) as observed at L1.

(Liu et al. 2012; Lu et al. 2013; Zhu et al. 2015). In this work we have carried out the
following:

e We have added the additional variable, dipole tilt angle, presuming that the duration of the
solar-wind interaction with the magnetosphere may vary depending on the tilt of Earth’s
magnetic dipole. We try to use all these seven parameters as input to our ML models.

e Based on solar-wind velocity (Vy), we have divided the data into three velocity bins: less
than 400 km s~!, between 400 and 600 km s~', and more than 600 km s~'. We compare
the performance of the ML models on different solar-wind speeds, with conventional
methods such as flat-propagation delay and vector-based delay methods.

e We study the important features that contribute to the different solar-wind speed using
interpretable machine learning with permutation-based variable-importance measure.

This article is divided into the following sections. Section 2 explains the nature of the
data and its source, model overview, and the training process. Section 3 discusses the results
of the ML models and the interpretation of the relevant features from the training. Section 4
discusses the overall results, and the scope of future work.

2. Data Source and Methodology

The data source includes interplanetary shocks to estimate the propagation delay and spans
the period from 1998 to 2018, encompassing a total of 380 events (Baumann and McCloskey
2021). In this work, instead of continuous solar-wind parameters, only shock events caused
by CME disturbances and CIRs are considered. The solar-wind velocity of all three vector
components (Vx, Vy, V,) is obtained from ACE observed at the downstream of the shock
structures. The position of ACE in all three coordinates (7y, ry, r,) and the speed are given
as input parameters to the machine-learning models. Further, the Earth’s dipole tilt affects
the way the solar wind and magnetopause interact. Thus, an additional variable of Earth’s
dipole tilt angle corresponding to the shock-event date is added as the input feature using
the dipole Python package (Karl Laundal et al. 2020). As mentioned in the introduction, the
propagation delay is observed as the time difference between the shock arrival at L1 and the
onset of sudden commencements as observed by ground-based magnetometers. The distri-
bution of the propagation time is shown in Figure 1(a). It can be seen that the disturbances
take around 20 min, in the case of the high-speed solar wind, and up to 80 min in the case
of slow solar wind to reach the Earth from L1. The average time is around 40 to 50 min
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to reach the Earth. The distribution of the solar-wind speed for these disturbances is shown
in Figure 1(b), where the majority of solar-wind speed falls in the range of 400 km s~! to
600 km s~!.

2.1. Model Overview

We feed the input parameters and the propagation time into the eight various ML models
and compare their performance with base models such as the simple flat-plane propagation
model and the vector-based delay model. The flat-plane-based propagation-delay method is
based on the simple ballistic propagation of L1 to the Earth by considering only the velocity
Vx component (Collier et al. 1998). This is given by Equation 1:

p tion del Distance from L1 to the Earth )
ropagation delay = .
Pag y Solar-wind velocity (Vy)

The vector-based delay method considers the positions of ACE in all three coordinates,
thereby considering the orientation of the normal vector of the shock. The normal vector is
calculated by the crossproduct between the upstream and downstream discontinuities iden-
tified (Schwartz 1998; Horbury et al. 2001; Baumann and McCloskey 2021):

(Position of ACE at L1 — Earth’s location).7

Propagation delay = USY
sw) .1

(@)
The machine-learning models Ridge regression, Random Forest (RF), Decision Tree (DT),
adaboost, Support Vector Regression (SVR), XGBoost Regressor (XGBR), Gradient Boost
Regressor (GBR), and MultiLayer Perception (MLP) models are trained for the prediction
of solar-wind propagation delay.

Ridge regression is a modified linear regression with a regularized method efficient for
the data exhibiting multicollinearity (McDonald 2009). Thus, it will be more robust and
efficient in generalization. SVR models are regression models that use a hyperplane to fit
the data, allowing support vectors at the same time within a certain margin of error (Awad
and Khanna 2015). Thus, it helps in the generalization of the unseen data. SVR is also
efficient in handling nonlinear relationship between features and the target through kernels.
DT tries to discriminate the classification, starting from the root node and descending down
to the leaf node by exhibiting certain decisions. Thus, it is robust against data with correlated
features but can be biased easily and leads to overfitting. To make it efficient, we can use
n decision trees in the form of boot strapping and take the average of the outcomes, thus
helping it to become a more generalizable method called random forest (Ho 1995).

Boosting models work on weighted averages in the sequential adjustments instead of av-
eraging the outcomes. Adaboost or adaptive boosting uses several weak learners and weights
are adjusted sequentially, thereby trying to reduce misclassification in each iteration. Thus,
it is very sensitive to outliers and easily prone to overfitting. GBR is another type of boosting
method, which uses weak learners in iterations to update the model parameters by fitting it to
the residuals in each step of iterations and thus trying to minimize the loss function (Fried-
man 2002). This model is robust against outliers. The XGBR model is similar to gradient
boosting, but fast and efficient method with regularization parameters and inbuilt optimiza-
tion methods.

MLP is a kind of feedforward neural network where it contains a few layers of neurons or
perceptrons that are fully interconnected to provide output (Popescu et al. 2009). The input
neuron is fed with input features, weights, and biases with nonlinear activation and passed
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Figure 2 Feature importance
using the Select Kbest method to
study the relevant features of the
propagation.

Input Features
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through a feedforward propagation method to other neurons till the output node or neuron is
reached. The weights and biases are adjusted through the subsequent iterations through the
backpropagation method and error is minimized using a loss function.

2.2. Feature Importance and Training Methodology

Before training, the individual features contributing to the estimation of propagation delay
are studied through feature scores from the Select Kbest method, thereby assessing the im-
portant features. Select Kbest computes the crosscorrelation between the features and the tar-
get value. The resultant correlation values are transformed into feature scores and P-values.
Subsequently, the values are reordered and sorted with the highest feature relevance at the
top. Figure 2 provides a visual representation of this ranking and shows that the solar-wind
velocity (Vx) component is identified as the most relevant feature, followed by the Earth’s
dipole tilt angle, which is seen as a significant predictor for the propagation delay. We aim
to assess the improvement in prediction performance by employing a combination of these
features as input for the ML models.

The dataset taken (Vx, Vy, V,, 1y, 1y, 1, tilt angle) are scaled using mean-based stan-
dardization separately to each column of input features, as mentioned in Equation 3. The
X; is the individual data point of a respective feature. X and o are the mean and standard
deviation of the data points for a respective feature, as shown in Equation 3:

X, — X

X; (standardized) = P . (3)

Once scaling of the input features is done, we employ a k-fold cross-validation method
to split the dataset randomly into k number of folds, train on k-1 folds, and test the trained
model on the remaining kth fold for each ML model. This process of training is carried
out iteratively till all the k folds are tested. Calculating the mean and standard deviation
of test results of k folds gives us the model uncertainty on unseen data. Further, results of
vector-based delay and flat-plane propagation delay are also considered for splitting into
folds along with train and test set, so as to compare the accuracy with both these methods
for those respective test dataset. Training and testing as a whole dataset is carried out for
3-fold cross-validation.

Slow solar wind undergoes many variations before reaching Earth, due to its interactions
with high-speed solar-wind disturbances and other factors, thus presenting higher uncer-
tainty. To check the performance of the models for different solar-wind speeds of various
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solar-wind disturbances, we partition the dataset into three bins based on the solar-wind ve-
locity Vi. The first bin comprises data of slow solar-wind speed, with speed below 400 km
s~!. The second bin has those data where the solar-wind speed lies between 400 km s~! and
600 km s~!. The third bin has those disturbances with speed greater than 600 km s~!. Among
the dataset of 380 data points, 107 data points belong to bin1, 233 data points belong to bin2,
and 40 data points belong to bin3. We treat each velocity bin as a separate dataset and train
the ML models separately. We employ 2-fold cross-validation for this training. The compar-
ative analysis is done further to study the propagation-delay error of the machine-learning
models and base models.

3. Results and Discussion

In this section, we discuss the results of the ML models and aim to comprehend the impor-
tant features of the best-performing models. Figure 3 represents the propagation-delay error
of each ML model trained and tested on the entire dataset. The results are compared with the
flat-delay model and vector-delay models. The final results are the mean of the propagation-
delay error and the error bars represent the standard deviation obtained across the 3-folds
that tells us the uncertainty of the ML model for the unseen data. As we can observe, the
flat-plane method has a propagational delay error of around 5.5 min. The vector-based prop-
agation method gives a better delay error of around 4 min. Boosting models such as XGBR
and GBR perform well only next to vector-based propagation method, but better than the
flat-propagation method.

In Figure 4, we analyze the variations in each model’s performance with the dataset that
was separated based on the velocity ranges. For each bin, the final results are the mean
values, and the error bars represent the standard deviation of the propagation-delay error
obtained across 2-fold cross-validation. Overall, we see that the propagation-delay error
decreases with increasing solar-wind speed. The Ridge regression model performs well with
less error than other ML models for slow solar-wind speed, but next to the performance of
the vector-based propagation-delay method. For the solar-wind speed that lies between 400
and 600 km s~', Adaboost, XGBR, and GBR models perform better than the base models
with the majority of the data points in this speed range. For very high-speed solar wind,
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Table 1 Comparison of propagation-delay error (min) of base models with machine-learning models.

Model Speed < 400 km s ! Speed of 400600 km s~ ! Speed > 600 km s~
Flat delay 6.09 5.73 4.49

Vector delay 4.46 3.90 3.54

Ridge 5.14 £0.57 3.90 + 0.86 3.81 +0.86
RF 8.09 = 0.07 5.95 & 0.59 5.35 4 0.30
DT 6.74 %+ 0.59 510 £ 0.21 5.58 £ 0.51
Adaboost 6.57 = 0.70 3.85+0.12 3.80 & 0.87
SVR 6.67 = 1.01 6.27 +0.17 416 +0.71
XGB 5.68 +£0.11 3.84 £ 0.019 4.08 £0.29
GBR 5.91 4 0.34 3.69 =+ 0.06 3.68 & 0.78
MLP 8.19 £0.17 7.86 & 0.48 6.28 & 0.58

Ridge regression, Adaboost, XGBR, and GBR models perform well compared to other ML
models and base models. As we had done cross-validation of 2-folds, the uncertainty of the
model comes from the results of 2-folds that tells us about the generalization of the model.
The detailed results are shown in Table 1.

Since we observe a good variation in the error between the slow solar-wind component
and the other higher solar-wind speed disturbances, we study the features that are rele-
vant to this variation using interpretable ML methods. This is done by variable-importance
measure, which involves dropping a feature, carrying out the model’s prediction and the
respective loss is calculated as dropout loss. Then, the variables are sorted in descending
order according to their dropout loss. The more loss a variable incurs, the more important
the feature is for the model’s performance. This can be used to study the underlying reason
for the model’s performance too. The work uses the dalex Python module to carry out this
variable-importance measure (Baniecki et al. 2021).

Here, we have chosen the ML models ridge, adaboost, XGBR, and GBR, which, when
compared to flat-plane propagation delay, and vector-based delay models, show relatively
better performance than other ML models. The important features are analyzed for these
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Figure 5 Feature importance for binl comprising data of solar-wind speed less than 400 km s~ L. The error
bar represents the standard deviation of the propagation-delay error obtained across 2-fold cross-validation
for the binl dataset.

machine-learning models. Figure 5 shows the important features of those ML models trained
with a dataset comprising slow solar-wind speed. The mean and standard deviation are ob-
tained across 2-fold cross-validation and represented as the absolute values and the uncer-
tainty of the ML models for the unseen data. The ridge model performs better than other
ML models and the flat-delay method with propagation-delay error of around 5.14 min. We
observe that Vy leads as the important feature for the prediction, agreeing with the flat-plane
propagation method. The next two important features were the position of ACE (r, ry) in
the Ridge regression model. Other ML models show other components of the speed vector
that may be the reason for their lower performance. In slow solar-wind speed, the tilt angle
also plays an important role in prediction next to the position of ACE, as seen in Figure 5.
Figure 6 shows the performance of the selected ML models for the speed range that lies
between 400 km s~! and 600 km s~'. In this speed range, ridge gives similar error as the
vector-delay method at around 3.9 min as the delay error. Adaboost and XGBR show lesser
error of around 3.85 min, whereas GBR shows the least error among all ML models in this
speed range of around 3.69 min when compared to the vector-delay method as shown in
Figure 4. Analyzing the feature importance, Vi remains as the dominant feature in all mod-
els, thus we discuss the remaining features that are next relevant. For bin2, ridge, adaboost,
XGBR and the GBR models show V, as the next important feature that incurs greater loss
next to V. The model GBR that fares better with lesser propagation-delay error, shows
that the first 3 important features are the velocity components of the solar-wind followed
by the position of ACE. Figure 7 shows the performance of selected models for a speed
range greater than 600 km s~!. In this speed bin, GBR performs similar to the vector-delay
method, while GBR has a delay error around 3.68 min and the vector-delay method has a
delay error of 3.54 min. Ridge and adaboost have delay errors of around 3.8 min and XGBR
has a delay error of 4.08 min. GBR shows a V, component incurring greater loss next to Vy
as similar to the speed bin2, and followed by the position of ACE (ry). As the dataset for
this bin is very small, the results need to be studied for consistency with larger datasets. For
high and very high-speed solar wind, other components of solar-wind velocity are observed
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Figure6 Feature importance for bin2 with solar-wind speed between 400 km s~ ! and 600 km s 1. The error
bar represents the standard deviation of the propagation-delay error obtained across 2-fold cross-validation
for the bin2 dataset.
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Figure 7 Feature importance for bin3 where solar-wind speed is greater than 600 km s~ L. The error bar
represents the standard deviation of the propagation-delay error obtained across 2-fold cross-validation for
the bin3 dataset.

to be more important than the position of ACE in estimating the propagation time. Also,
Earth’s dipole tilt feature seems to be least significant in boosting models for high and very
high-speed solar wind.
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4. Conclusion

Eight different ML models were analyzed for their efficacy in determining the propagation
delay of solar-wind disturbances upon their observation at Lagrangian point L1. The flat-
plane propagation method is operational in real time but exhibits a greater uncertainty. The
simplistic assumption of propagation delay is complicated by numerous factors such as the
varying position of ACE at L1 and the tilted orientation of the IMF’s plane of propagation.
Despite numerous empirical methods and MHD models accounting for the tilt of the IMF
plane along the parker spiral to minimize the uncertainty, real-time implementation of these
model presents challenges. This work attempts to estimate the propagation delay using ML
models that include the position of ACE in all three coordinates (rx, ry, 7,) and the three
vector components of the solar wind (Vy, Vy, V). In addition to those input parameters, this
work attempts to study the contributions of the Earth’s magnetic-axis tilt, which influences
the way the solar disturbances interact with the Earth’s magnetosphere. Further, we com-
pare each model’s accuracy in the estimation of the propagation delay for different ranges
of solar-wind speed. Overall, we observe that for slow solar-wind speed, Ridge regression
performs well among ML models with an error of 5 min, whereas vector-based delay gave
around 4.5 min. For high-speed solar wind, boosting models adaboost, XGBR, and GBR
perform better than the vector-based propagation-delay method. We observe that the un-
certainty in the propagation delay is greater in slow solar-wind speeds, as it is vulnerable
to compression by high-speed solar disturbances along with other factors. Thus, the posi-
tion of ACE and the plane-orientation angle are important for estimating the propagation
delay, whereas the uncertainty is less in high-speed solar disturbances. We assess the sig-
nificance of input parameters of the model’s estimation using an interpretable ML method
known as a variable-importance measure. We observe that V is the most relevant parameter
to the prediction as it aligns with the existing understanding of solar-wind propagation by
flat-plane propagation. We also observed that the position of ACE was next relevant in the
slow solar-wind speed for the ridge regression model. This relevance may be attributed to
the inclination of the propagation front within the (X, Y)-plane, introducing a dependency
on propagation time related to the spacecraft’s position (Ridley et al. 1998). In the case of
high-speed solar wind, components of the solar-wind vector have more contribution to the
estimation of the propagation delay than the position of ACE (Weimer et al. 2002). We ob-
serve that the impact of the dipole tilt can be seen only in the slow-speed solar wind, whereas
the features are not observed as significant in the high-speed solar wind. Once trained, these
models can be implemented in real-time forecasting and can be trained easily with past
data. Additional investigation of solar-wind parameters, including solar-wind pressure and
magnetic-field components at L1 can be done. Continuous time-series data of these addi-
tional solar-wind variables for a given shock event at L1 can be considered as input, which
can provide additional information on the nature of the disturbance.
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