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Abstract Geomagnetic storms are large disruptions of the magnetosphere, which can impact satellites,
communications systems, and power grids, causing significant technological and economic impacts. Current
forecasting models utilize L1 satellite data, constraining lead time to a few hours, often insufficient for effective
mitigation. We investigate how to extend the lead times of these forecasts with solar data. Associated spatial and
propagation uncertainties of solar data are captured with a solar-wind ensemble, of the computationally efficient
one-dimensional HUXt numerical model. The solar-wind ensemble once propagated to Earth is processed
through logistic regressions, weighting ensemble members by comparison with historical observed velocities,
effectively filtering out high error ensemble members. Performance was evaluated across different storm
intensities and lead times, demonstrating the models predictive capabilities in a variety of circumstances.
Although not including transient phenomena such as Coronal Mass Ejections, our approach demonstrates strong
predictive capability, achieving a Brier Skill Score relative to climatology (BSS;,) of 0.595 and a Receiver
Operating Characteristic Area Under the Curve (ROC AUC) of 0.751 at 6-hr lead time for storms defined as
Hp30yax = 5 within a 24-hr forecast window. Overall, these results highlight the strong potential of the coupled
numerical model and machine learning framework to extend the forecast lead time for geomagnetic storms.

Plain Language Summary Geomagnetic storms can impact satellites, communication networks, and
power grids, but current forecasts rely on near-Earth solar wind data, providing only 30-90 min of warning.
Since the solar wind takes 1-3 days to travel from the Sun to Earth, we demonstrate a method to extend forecast
lead times using solar data instead. By processing this data as an ensemble, we model a range of possible future
solar wind conditions and combine it with machine learning to predict the probability of a geomagnetic storm
occurring within a given 24-hr window, and offering significantly more warning than existing methods.

1. Introduction

Geomagnetic storms are frequently occurring disturbances in the Earth's magnetosphere, driven by solar wind
interactions with the Earth's magnetic field (Gonzalez et al., 1994). Due to their utility in quantifying geomagnetic
activity and geomagnetic storms, many studies over the last decade have developed methods to forecast indices
such as Kp (Shprits et al., 2019; Wing et al., 2005; Wintoft et al., 2017), Dst (Gruet et al., 2018), and SymH
(Collado-Villaverde et al., 2023; Conde et al., 2023; Siciliano et al., 2021) using data from satellites located near
the Lagrangian L1 gravitational equilibrium. These satellites remain in approximately the same position relative
to Earth and the Sun, allowing us to use instruments that continuously monitor the solar wind between the Sun and
Earth. Geomagnetic storms are triggered by high-speed solar wind streams from coronal holes on the Sun
(Cranmer, 2009; Nitti et al., 2023; Richardson, 2018), as well as large eruptions of high energy plasma from the
solar surface called Coronal Mass Ejections (CMEs) (Dumbovi¢ et al., 2015; Kilpua et al., 2019). Sufficiently
intense geomagnetic storms can have impacts on infrastructure, including electrical grid disruptions caused by
Geomagnetically Induced Currents (Bolduc, 2002; Boteler, 2003; Marshall et al., 2012), radiation damage to
near-Earth satellites (Baker, 2001; Hands et al., 2018), and railway signaling misoperations (Patterson
etal., 2024). Aurora are also a result of geomagnetic storms, producing magnificent bright light displays at Earth's
magnetic poles.

Due to data availability, current forecasting models (Chakraborty & Morley, 2020; Tan et al., 2018) use data from
satellites stationed near L1 to make forecasts. The time between solar wind arriving at L1 satellites and arriving at
Earth is 30-90 min, based on solar wind speeds of 800 km/s to 300 km/s respectively with the travel time of solar
wind from the Sun to Earth ranging from 1 to 3 days. As a result, the lead time potential of forecasting models
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using only data collected at L1 is significantly less than that of models utilizing solar data. Longer lead times can
be achieved from model-derived Carrington maps of the solar wind at 21.5 solar radii (Rgy), produced from
magnetograms using the Magnetohydrodynamic Algorithm outside a Sphere (MAS) model (Riley et al., 2001).
At21.5R; (0.1AU) the solar wind is both super-Alfvénic and supersonic so information flows only away from the
Sun which simplifies the corona-solar wind coupling (M. Owens et al., 2020). Bernoux et al. (2022) moves in the
direction of using solar data, forecasting daily maximum of geomagnetic activity between 2 and 7 days in advance
using data from solar EUV imagers.

Planetary geomagnetic indices quantify the strength of storms, given as single value which describes the
geomagnetic disturbances across the Earth. The Kp (Bartels, 1949) index is calculated using 13 sub-auroral
magnetometers across Earth, by measuring the maximum horizontal deviation of the magnetic field with a
3 hr period, scaling these deviations to a quasi-logarithmic scale specific to each station, normalizing for
geographic differences, and averaging the results to produce a global measure of geomagnetic activity. Kp takes
values between 0 and 9 with O representing no activity, and 9 representing an extreme event which only occurs a
few times every solar cycle. In this study, storm periods are defined using thresholds of the Hp30 index
(Yamazaki et al., 2022), an open-ended (i.e., not capped at 9), higher resolution (30-min cadence) adaptation of
the Kp index. The target variable is defined as Hp30yax > 4.66, that is, exceeding an Hp30 index threshold of
4.66 within a 24-hr forecast window.

The aims of this work on operational forecasting are to provide a longer lead time forecast, providing more time to
perform mitigating actions for damage to infrastructure (Oughton et al., 2019; Schrijver, 2015). Forecasting the
Hp30index (Yamazaki et al., 2022) allows us to better distinguish between storms of very high intensity compared
to the Kp index (Bartels, 1949). Instances of damage in the past have been observed and analyzed in a variety of high
risk countries: New Zealand (Marshall et al., 2012); South Africa (Gaunt & Coetzee, 2007); Sweden (Pulkkinen
et al., 2005); Canada (Bolduc, 2002; Boteler, 2003). These countries have been vulnerable in the past, likely as a
combination of latitude (Thomson et al., 2011), geology and power network configuration. Oughton et al. (2019)
calculates that for the United Kingdom, total loss in gross domestic product caused by a large Carrington size storm
without mitigation would be around £15.9 Billion, dropping to £2.9 Billion under current forecasting capabilities.
In optimal forecasting scenarios, we could bring this figure to as low as £900 Million.

Extending lead time using solar wind forecasts introduces both spatial uncertainties in the solar wind mapping and
propagation uncertainties in the numerical modeling. When data with large uncertainties are used as input to a
deterministic model, it could produce inaccurate results, since a model can only be as good as the quality of its
inputs. An effective way to capture spatial uncertainties in the solar wind is through the use of an ensemble, to
provide an array of solar wind inputs and initialize one numerical model for each input. The advantages of an
ensemble are that given a single model realization of solar wind conditions near the Sun, we can generate many
possible realizations of the evolution of solar wind at Earth, which in principle could capture all possible vari-
ability in the ambient solar wind for a better understanding of the dynamic solar wind environment and enhancing
forecasts of geomagnetic storms. Computationally intensive 3D magnetohydrodynamic (MHD) models are too
slow to run large ensembles, so we turn to one-dimensional models, which offer a more efficient approach by
reducing the complex physics of solar wind propagation, enabling faster simulations and larger ensemble sizes
compared to 3D MHD models. Examples of such one-dimensional models include the Heliospheric Upwind
eXtrapolation with time dependency (HUXt) model (M. Owens et al., 2020; Barnard & Owens, 2022), or a
ballistic solar wind propagation model (Issan & Kramer, 2023). The limitations of the these types of model are
that they often don't output magnetic field components of the interplanetary magnetic field (IMF), density of the
solar wind, nor solar wind dynamic pressure, all of which have been shown to be important parameters for
forecasting geomagnetic storms (A. W. Smith et al., 2020) and the consequences of geomagnetic storms (Ma
et al., 2024; A. Smith et al., 2024).

This study aims to extend the lead time of geomagnetic storm forecasting. We develop ensembles of computa-
tionally fast reduced-physics numerical modeling with machine learning to produce probabilistic forecasts for
storm occurrences within a 24 hr window. In Section 2 we discuss the types of data used, with Section 3
describing the two numerical models we leverage, and how the outputs of these are processed with machine
learning techniques. This includes how we create ensembles, how the data is prepared for input to numerical
models, and the setup for making a forecast. Section 4 explains the performance metrics we use to evaluate our
models predictive skill. In Section 5, we present an analysis of model performance and reliability, and the effect of
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lead time and storm strength on performance metrics. Section 6 presents a detailed discussion on the implications
of the model, where this study fits in the bigger picture of storm forecasting, and future work.

2. Data

This section presents the open source data used in this study. Section 2.1 discusses the choice of index, and the
subsequent storm definition used throughout, with Section 2.2 giving an overview of the OMNI data set, and its
use case for this study.

2.1. Planetary Geomagnetic Indices

We considered three different planetary geomagnetic indices to characterize geomagnetic storm times: Kp (Bar-
tels, 1949), and Hpo (both Hp60 and Hp30) (Yamazaki et al., 2022). These indices provide an overall measure of the
intensity of geomagnetic activity at Earth, given as a single value to represent intensity over a period of time
determined by the index. The two main considerations for choosing an index to forecast are cadence, and upper
limit. The cadences for Kp, Hp60, Hp30 are 3 hr, 1 hr, and 30 min respectively. The Kp index is also artificially
capped at a value of 9. The distributions of the Hpo indices are consistent with the distribution of the Kp index, but
are open-ended, that is, they don't have an artificial upper limit. The Kp index, limited at 9, does not differentiate
between geomagnetic storms where Kp =9, such as the 2003 Halloween Storms (Gopalswamy et al., 2005) and the
1859 Carrington Storm (Cliver & Svalgaard, 2004), which differ significantly in intensity. We therefore consider
that the open-ended Hpo indices offer a more useful representation of geomagnetic activity.

Between Hp30 and Hp60 the choice is largely arbitrary given that we are classifying 24-hr windows which are
long relative to the cadence of the indices. After evaluation, we chose to forecast Hp30 due to its higher cadence.
Hp30 should capture the necessary structures and aligns closely with the objectives of our study. Furthermore,
Hp30 provides more data points within the same period of time compared to Kp, allowing observation of large,
short-term disturbances not evident in Kp data. We provide a comparison of Hp30 and Kp in Figure 1, which
shows one of the 2003 Halloween storms (Pulkkinen et al., 2005): an extreme CME driven geomagnetic storm, in
which the Kp value reached the maximum value of 9.

Observing the differences between Hp30 and Kbp, it is evident that the Hp30 index is capable of recognizing severe
storms beyond that of the Kp indices, indicated by the large differences between 2003 and 10-30 19:00 and 22:00
where the Hp30 index is more reflective of the extremely high geomagnetic activity, reaching a peak value of
11.66, as compared to the capped Kp of 9. Hpo data is available in near real-time (from https://www.gfz-potsdam.
de/en/hpo-index). The Hpo index is the limiting factor for data collection, available from 1995 to 01-01 to present,
providing us with approximately 30 years of data. With the Hp30 index, we define a geomagnetic storm using the
widely regarded threshold of Hp30y;4x >4.66 (or 57), where Hp30yax represents the maximum value of Hp30
observed within a given period. This is in alignment with the National Oceanic and Atmospheric Administration
(NOAA) Geomagnetic Storm (G Scale) which relates the Kp index to the severity of the storm. The G Scale
ranges from G1 (minor: Kp = 5) to G5 (extreme: Kp = 9).

2.2. OMNI

The OMNI data setis a processed collection of near-Earth solar wind properties, IMF data, and geomagnetic indices
(Papitashvili & King, 2020). In this study, we used the low-resolution (hourly) solar wind velocity data from the
OMNI data set, which is available from 1963 to the present (https://omniweb.gsfc.nasa.gov/html/ow_data.html);
however, we specifically use data starting from 1995 onwards due to availability of Hpo data. This hourly data
represents averaged values derived from higher resolution (1-min) data, rather than hourly measurements.

The data set is compiled from measurements by satellites in geocentric and L1 orbits, including missions such as
ISEE 3, Wind, and ACE. To ensure consistency across different sources, the data has been extensively cross-
compared and cross-normalized. Further processing includes time-shifting of higher resolution data for space-
craft at L1 to accurately reflect arrival times of solar wind streams.

In our study, OMNI data is not used directly as model input. Instead, we use it for comparison with a solar wind
velocity ensemble from the HUXt model (M. Owens et al., 2020; Barnard & Owens, 2022). This comparison is
incorporated both as a weighting method for the output of our machine learning models, and as a derived feature
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Figure 1. An example of the differences between Hp30 and Kp indices over a 13 hr period during the 2003 Halloween Solar
Storms. Top panel: Observed values for Hp30 (blue) and Kp (orange) indices over a 13 hr period. Bottom panel: Difference
between Hp30 and Kp indices.

defined as the difference between a solar wind ensemble (v) and OMNI, which we denote v — OMNI. Where data
gaps are present in OMNI, we apply linear interpolation to ensure consistency in v — OMNI values.

We note that solar wind speed from the OMNI data set is a measurement of both ambient solar wind and transients
(i.e., CMEs). For the purposes of this study, we do not filter out transient structures, leading to discrepancies
between the forecasted ambient solar wind, and OMNI when transients are present. As CMEs drive many of the
strongest geomagnetic disturbances, their exclusion reduces forecast performance during such events. Incorpo-
rating CME ensemble forecasts will be explored in future work.

3. Models

In order to make forecasts from Sun to Earth, we utilize a pipeline of models, with the aim of combining solar
wind forecasting with geomagnetic storm forecasting. For this study, we combine 3 models, described throughout
this section. A schematic of these models with their order in the model pipeline is illustrated in Figure 2. This
schematic shows the flow of information from model A-MAS (Section 3.1), to model B - HUXt (Section 3.2)
through the use of extracting an ensemble from the output of MAS. It then shows that separate classifiers are
trained for each member of the HUXt ensemble, as information is passed from HUXt to model C(i)—an ensemble
of logistic regression classifiers (Section 3.3.1.) Then model C(i) is aggregated into a final probabilistic forecast
through model C(ii)-weighted mean (Section 3.3.2).

3.1. Model A-MAS

Near-Sun data can be used to extend lead times due to the travel time of solar wind. Typically, we observe travel
times of the solar wind from 21.5 R, to Earth to be between 1 and 3 days. This study uses Carrington maps of solar
wind evolution at 21.5 R, as boundary conditions for a numerical model which will model the propagation of
solar wind properties from Sun to Earth. Typically, a Carrington map is constructed by solar images during one
Carrington Rotation, which are stitched together to form a map of the entire solar surface. This concept allows us
to represent the evolution of the Sun over the period of one Carrington rotation in a single two-dimensional plot.
The Carrington map we used in this study is produced from magnetograms which cover the full Carrington
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Figure 2. Schematic of the geomagnetic storm forecasting process, illustrating the propagation from the Sun to Earth through
a numerical model. Model (a) MAS. The plot in this segment is the output of MAS at 21.5 R, for Carrington rotation 1900.
Model (b) Heliospheric Upwind eXtrapolation with Time dependency (HUXt), initialized with boundary conditions from
Model (a) The plot in this segment shows the output of HUXt at 1AU during the period of Carrington rotation 1,900. Model
(c) Machine Learning models, split into two parts—C(i): Storm classifiers trained on Model B output and a target variable of
Hp30yax > storm threshold. C(ii): Returns a weighted average of the outputs from C(i) giving our final probabilistic forecast.
The flow chart shows the architecture of the full forecasting model for n ensemble members.

rotation, and outputs a map of the nascent solar wind at 21.5R, for that same Carrington rotation, calculated as the
solution to the 3D MHD equations.

For this work, we use numerical solutions to the MHD equations from the MAS model (Riley et al., 2001). MAS
models the Solar Corona (1R, to 21.5R) and the inner Heliosphere (21.5R, to 5 AU). In this study, we use only
the simulated Solar Corona to obtain the output at 21.5R,. The Solar Coronal modeling of MAS corresponds to
Model A in Figure 2 and represents a 3D MHD solution using observed photospheric magnetic fields as the inner
boundary condition. The magnetic field data are sourced from various observatories to ensure full temporal
coverage, consistent with the data set used by M. J. Owens et al. (2022). This setup allows MAS to simulate the
corona and inner heliosphere up to 21.5R,, producing a Carrington map of solar wind velocity at this radius.

It should be noted that using MAS here is chosen due to availability of data for the required periods, but this
choice contributes to the uncertainties in the solar wind ensemble. Different results could be achieved if we were
to use another method for estimating solar wind conditions at 21.5 R, such as the Wang-Sheeley-Arge (WSA)
model (Arge & Pizzo, 2000).

3.1.1. Ensemble Extraction From a Carrington Map

An illustration of the MAS output and the solar wind ensemble extraction is shown in Figure 3. For visual clarity,
we show a representative subset of 50 ensemble members in this figure. The full analysis throughout the paper
will use 100 ensemble members. The top panel shows the Carrington map for Carrington rotation 1,900 (1995-09-
02 to 1995-09-30), while the bottom panel shows the extracted velocities, which should be read from east to west
(right to left on the map) following the Sun's rotation relative to Earth.
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Figure 3. MAS output for Carrington rotation 1,900 (1995-09-02 to 1995-09-29). Top panel: Carrington map of solar wind
velocity (km/s) with latitude (deg) on the y-axis and Carrington longitude (deg) on the x-axis. White lines indicate 50
sinusoidal perturbations on Earth's latitude relative to the Sun's equator. The color bar indicates the velocities of the color
map. Bottom panel: presents the corresponding velocity profiles (km/s) for the extracted ensemble members.

As the Sun rotates, the Earth's orbital path traces an approximate straight line on the Carrington map. To account
for the uncertainty in the location of solar wind speed features on the map, and their later propagation, we perturb
this background map, which when rotated in latitude makes Earth's path appear as a sinusoid on the map. This
allows us to sample different profiles from the map and better estimate the range of velocity profiles. To ensure
our model captures the essential structures, we extract velocities from a large number (>50) of perturbations of
the Carrington map, an approach used by M. J. Owens and Riley (2017). The shapes of the sinusoidal pertur-
bations are determined by two constants, which are used to specify the distributions from which we generate the
parameters for each perturbation. We create these perturbations in the same manner as Edward-Inatimi
et al. (2024). In short, we create perturbations according to:

() = O + Oyax sin (¢ + ¢0) 1

where 0 is heliolatitude of the perturbed path, ¢ is Carrington longitude, 0 is the unperturbed Earth heliolatitude,
Opax 1s the maximum perturbation, and ¢ defines the phase. Values of 0,4y are drawn from a normal distribution
with mean of Earth's path over this Carrington rotation and o = 7.5°, sufficient to cover the spatial uncertainties
on the map. ¢, are selected from a uniform distribution in [0, 2x].

In general, we observe slower solar wind velocities around the Sun's equator compared to higher or lower lati-
tudes, however, high solar wind speeds can still be observed due to coronal holes, leading to the presence of high-
speed solar wind streams. From examining Figure 3, it is clear that variations in the sinusoidal path of the Earth
across the Sun can significantly impact the solar wind velocity.

In this study, we use many such profiles to create an ensemble of inner boundary conditions for the Heliospheric
Upwind Extrapolation with time dependency (HUXt) model (M. Owens et al., 2020; Barnard & Owens, 2022)
described in Section 3.2. Variations in the velocity profiles will affect the models input, and hence it's output. The
variability we observed in Figure 3 is one reason we employ a large number of ensembles in our model, to capture
the possible structures present in the solar wind accurately. In this way, each velocity profile provides an estimate
of conditions near Earth.
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3.2. Model B-HUXt

The Heliospheric Upwind Extrapolation with time dependency (HUXt) model (M. Owens et al., 2020; Barnard &
Owens, 2022) corresponds to Model B in Figure 2. HUXt is an open-source Python package that solves the time-
dependent 1D incompressible hydrodynamic equations to model the propagation of the solar wind. It is typically
initialized using boundary conditions at a fixed heliocentric distance; for this study, we use 21.5R,. From these
boundary conditions, the model extrapolates the solar wind flow speed to near-Earth distances. This method
enables us to quantify the uncertainty in the forecasted ambient solar wind which results from positional un-
certainties in the MAS estimation of near-Sun solar wind. This approach allows us to provide much more data to a
machine learning model than is usually available. Specifically, we utilize this method to “see the future,” where
we can use estimations of the future ambient solar wind conditions to forecast storms.

HUXt also has functionality for simulating the interaction between CMEs and the ambient solar wind, but we
don't use this in this study. Unlike full 3D MHD models (Mayank et al., 2025; Odstr¢il, 1999; Odstr¢il &
Pizzo, 1999; Pizzo et al., 2011; Pomoell & Poedts, 2018), HUXt uses a reduced-physics approach. The main
advantage of HUXt is the rapid computation times allowing us to run simulations for large ensembles - for
example, running 100 ensemble simulations over a full solar cycle (excluding CMEs) took only 9 min on a laptop
with an Apple M2 chip (8 cores), and 16 GB RAM. Disadvantages include the lack of magnetic field modeling
and the assumption of radial flow, which limits the model's ability to capture more complex heliospheric dy-
namics. HUXt is publicly available as an open-source Python package (M. J. Owens & Barnard, 2024), making it
accessible and easily integrable. In this study we do not initialize the model with CMEs, and simulate only en-
sembles of the ambient solar wind.

3.3. Model C-Storm Classifiers

The storm forecasting component of our framework is implemented through a series of machine learning clas-
sifiers that process the outputs of the numerical ensemble independently. These classifiers, denoted as C(i) in our
schematic (Figure 2), function in parallel, each corresponding to a unique member of the HUXt ensemble,
resulting in a set of probabilistic predictions. The individual outputs of these classifiers are then aggregated as a
weighted mean (model C(ii)) using output of C(i) producing a final probabilistic forecast. This approach allows us
to use the unique insights of each ensemble member while combining their strengths to enhance the overall
predictions.

3.3.1. Model C(i)-Logistic Regression

Logistic regression was chosen for its simplicity and its ability to perform well on small data sets, like the one used
in this study, which includes 2345 storm times and 2345 non-storm times (after dropout—discussed in Section 3.4).
Logistic regression is a statistical model used for binary classification problems, where the goal is to estimate the
probability of an event (e.g., a geomagnetic storm) based on input variables. The logistic function used in
regression is given by:

1

P(Y=1|X) =
( | ) 1+ e_(/}l)+ﬂ]XI+/}2X2+"'+/}UX")

2

Here, P(Y = 1]X) represents the probability of the event occurring, 3, is the intercept, f,,5,,...,p, are the
coefficients for the predictor variables X;,X5, ..., X,. The coefficients for the logistic regression are calculated
using the default solver from the sci-kit learn Python package: Limited-memory Broyden—Fletcher—Goldfarb—
Shanno (LBFGS). This probabilistic output helps in classifying storm events with a clear decision boundary,
making logistic regression a strong choice of model.

Model C(i) consists of an ensemble of logistic regression classifiers, each corresponding to a member of the HUXt
numerical model ensemble. Each classifier uses the following time series input features: (a) predicted ambient
solar wind velocity (v), given from the start of the input window to 48 hr after the time the forecast is made, (b) the
gradient of v (calculated using finite differences) over the same interval as v, (c) the historical difference between
predicted v and OMNI data (v — OMNI), at all time steps within the input window, and (d) Hp30 data over the
input window. The output of each classifier is a probabilistic value between 0 and 1, representing the likelihood of
a geomagnetic storm occurring based on these inputs.
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Table 1 3.3.2. Model C(ii)-Weighted Mean

Availability of Input Data Relative to a Forecast Time, Ty. Ty — 24 h
Defines the Input Window, While T, + 48 h Represents the Period
Following the Forecast Time

The role of Model C(ii) is to process the forecasts made by individual
ensemble members into a single probabilistic forecast by aggregating their

outputs. To enhance model performance, we investigated how to use histor-

. Input window Post input window ical hourly OMNI observations to provide insight for potential ensemble
Variable (To — 241; To) To: To + 48h) member performance. Data gaps in OMNI were ignored for calculating Mean
HUXt (v) X Absolute Error (MAE). We evaluated several aggregation strategies,
HUXt (Av) X including logistic regression on Model C(i) outputs and filtering weak
Data (v — OMNI) x ensemble members, and found that a weighted average provided the most
Data (Hp30) . consistent performance across metrics. The weights for each output from

Model C(i) are proportional to the MAE of historical OMNI and the corre-
sponding HUXt solar wind velocity profile. The equation for calculating the
weighted average from the probabilities and MAE:s is as follows:

1

= 3
Y= AR 3)
Wi = S @
Wi
5=y wmp, (5)
i

where p is the array of probabilities from Model C(i), w; is the weight for each model based on its MAE (MAE,),
and ¥ is the final weighted probabilistic prediction.

3.4. Forecast Setup

The goal of this project is to forecast, as a probability, whether the Hp30 index will exceed a specified storm
threshold within a forecast window. We define the input window as the period preceding the time the forecast is
made (7)), fixed at 24 hr in length. All input parameters are available during the input window. The forecast
window starts at Ty + lead time (Lf) and is also fixed at 24 hr in length. Importantly, predicted solar wind ve-
locities from HUXt are used both during the input window and 48 hr after the input window, which covers the
forecast window and slightly beyond (for Lz <24 hours. When Lt < 24 hours, we increase the length of the solar
wind ensemble to fully cover the forecast window. This setup ensures a clear separation between the input data
and the forecast period. A stride (gap between successive forecast windows) of 24 hr is chosen to maximize the
number of forecast windows seen by the model, without overlap. This information is displayed in Table 1, to help
with understanding of data availability, and to highlight the nature of having a forecasted solar wind during the
forecast window.

Each period is labeled as either “Storm” if Hp30yax > 4.66 during the 24 hr forecast window or “Non-Storm,” if
Hp30yax <4.66. 4.66 is chosen in alignment with a G1 geomagnetic storm on the NOAA G-scale (https://www.
swpc.noaa.gov/noaa-scales-explanation). Additionally, we ensure that the storm to non-storm ratio remains
consistent across training and testing sets. The data set used in this study exhibits a significant class imbalance,
with a much higher prevalence of non-storm periods compared to storm periods. Specifically, of the 8739
windows between 1995-01-01 and 2024-01-18, only 2345 contain storms (27%). If we train models on the full
imbalanced data set, many metrics such as accuracy, and true negative rate (specificity), could be artificially high.
To counteract this, we dropout data such that we balance the number of storm and non-storm windows giving a
better representation of the models ability to identify storms.

For machine learning purposes, we split the data using the train:test ratio of 80:20. To split the data, we use a
systematic sampling approach based on Carrington rotations, rather than a random split. This was done to ensure
that both train and test sets for machine learning are representative of different phases of the solar cycle, and to
avoid the mixing of data within a given Carrington rotation. Additionally, this method ensures consistency in
testing sets when performing cross validation. Chronologically, we repeat the pattern of 1 Carrington rotation
worth of data in the test set, then 4 Carrington rotations worth of data in the training set, resulting in approximately
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20% of the data in the test set and 80% of data in the training set. Given the length of the forecast windows, a slight
gap of around 6 hr is introduced between successive Carrington rotations, allowing for extra separation between
the test and training data sets.

We also assess the variability in model performance by performing cross validation by shifting the test fold,
providing 5 folds for calculating uncertainty estimates for the evaluation metrics across different train—test par-
titions. Additionally, we test over 5 random seeds (1,42, 100, 12345, 151201) which determine the random dropout
of non-storms, as well as the perturbations which generate ensembles on the Carrington map. Combined, we run the
model 25 times (5 X 5) corresponding to each combination of test fold and random seed in order to assess the
variability of performance metrics and verify performance.

4. Metrics

The metrics used in this study include both the probabilistic metric of Area Under the Receiver Operating
Characteristic Curve (ROC AUC Score) and Brier Skill Score (BSS), to compare our model to climatology. These
metrics are frequently paired together in Space Weather related studies (A. Smith et al., 2021; Forsyth et al., 2020;
Leka et al., 2019) since by combining these metrics, we provide a comprehensive evaluation of the models,
capturing both their discriminative skill (ROC AUC Score) and their probabilistic accuracy and reliability
(BSS,jim) - Given our balanced data set, the climatology forecast is simply the probability 0.5 for all forecast
windows. A contingency table categorizes the predictions into four groups: True Positives (TP), where the model
correctly identifies a positive event; False Positives (FP), where the model incorrectly predicts a positive event;
True Negatives (TN), where the model correctly identifies a negative event; and False Negatives (FN), where the
model fails to identify a positive event.

ROC AUC measures the model's ability to separate classes (discriminative skill) and is calculated by varying the
decision threshold, plotting the True Positive Rate (TPR) against the False Positive Rate (FPR), and computing
the area under the resulting curve. TPR and FPR are given by:

TP FP

TPR=—————, FPR=——
TP + FN FP+TN

(6)
A ROC AUC Score >0.5 indicates performance better than random guessing, and a score of 1 indicating perfect
discriminative skill.

Brier Skill Score (BSS) measures the comparative skill of a model against a reference. In this work, the reference
is a climatology forecast, which on our balanced test set corresponds to a constant probability of 0.5. We therefore
refer to this as the BSS (Climatology), denoted as BSS;,,. To calculate BSS;,,, we first compute the Brier
Score (BS):

Bs—li( —0) @)
_Ni=1 pz 1

where N is the number of forecasts, p; is the forecast probability, and o; € 0, 1 is the observed outcome. The BSS
relative to climatology is then given by:

BS

BSScjim =1— S
clim

®)

where BS is the BS of the model under evaluation, and BS,;;, is the BS of the climatology forecast. Positive values
of BSS.;, indicate improvement over climatology, and for this work we consider scores of 0.2 or above to
indicate clear added value over the comparative model. This value is often considered to show meaningful
reliability, as seen in Wilks (2011) and (A. Smith et al., 2021).

5. Results

The following section contains model performances over a variation of forecasting conditions, and events. We
present a comparison of the model proposed in this paper (listed as “weighted mean”) against baseline models
(Section 5.1), and investigate how the model performs, as a look into storm strengths and lead times (Section 5.2).
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Figure 4. Heat maps of median model performance metrics at different forecast lead times, with Hp30 storm threshold fixed
at Hp30yax > 5. Panel (a) shows Brier Skill Score (Climatology), and panel (b) shows ROC AUC Score. The x-axis
represents lead times ranging from 1 to 36 hr, while the y-axis represents the model used. The color map highlights better scores
in light colors, and worse scores in dark colors, indicated by the color bar to the right of each plot.

Beyond BSS,;,, we assess the models reliability, and look at the calibration of our forecasts in Section 5.3. All
models are trained with 100 ensemble members, which proved to be a sufficient number to capture the variability
in the ambient solar wind with more ensemble members showing little to no improvement.

5.1. Comparison to Baseline Models

The two baseline models we compare against are persistence, and 27-day recurrence. Persistence assumes current
conditions will continue unchanged. The prediction for persistence is whether Hp30 exceeded the storm threshold
in the time step immediately preceding the time the forecast is made (7). 27-day recurrence utilizes the repeating
patterns in the solar wind every roughly 27.28 days (1 solar rotation period). Calculating autocorrelation of the
Hp30 index at lags close to 1 solar rotation period, we observe a local maximum at a lag of 27.00 days, with
Pearson correlation coefficient of 0.25, shown in Appendix Figure Al. Therefore, the forecast for 27-day
recurrence is whether Hp30 exceeded the storm threshold in the equivalent period 27.00 days prior. This is
similar to M. J. Owens et al. (2013) which uses the same principle to forecast the solar wind.

Figure 4 shows heat maps of median performance for BSS;,, (Figure 4a) and ROC AUC (Figure 4b) for our
weighted mean model and the baseline approaches. The values shown are median metrics from the 25 runs
described in Section 3.4. The color of each square indicates the value of the metric, with light colors being a better
score and dark being worse, indicated by color bars on the right-hand side of each plot.
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Figure 5. Metrics for our model at a variety of lead times and storm strengths. Panels (a), (b) show Brier Skill Score (Climatology), and (c), (d) show ROC AUC Score.
Panels (a), (c) show heat maps of median model performance metrics as a function of forecast lead time and Hp30 storm threshold. The x-axis for all panels shows
forecast lead time in hours. The y-axis represents various storm test thresholds. Color intensity indicates the score for each metric, with brighter representing better
values, and darker representing worse values, indicated by the color bar to the right of each plot. Panels (b), (d) show the corresponding line plots of panels (a), (c), with
shaded area representing the 80th percentile spread in performance across test folds and random seeds. The y-axis shows the corresponding metric values. Each colored
line and associated shaded region corresponds to a different storm threshold (Hp3OM ax =5,6,7, 8).

Our model (“weighted mean”) outperforms persistence at all lead times for both metrics. Looking at Figure 4b and
comparing with the 27-day recurrence model, the ROC AUC Score is higher for our model up to a lead time of
24 hr where we only slightly outperform 27-day recurrence. Based on ROC AUC Score alone, we would conclude
that 27-day recurrence is a better choice at long lead times (i.e., 36 hr), but BSS;,, shows the benefit of providing
a probability for more reliable risk estimates. The specific reliability of the probabilistic forecasts is discussed in
Section 5.3. We note that 27-day recurrence is deterministic, and though it has decent skill at longer lead times, the
reliability suffers since we have no indication of model confidence or uncertainty on the forecast.

5.2. Impact of Storm Strength and Lead Time on Model Performance

All models are trained on a storm threshold of Hp30yax > 4.66. Models are tested on incrementally increasing
thresholds to assess performance on more intense geomagnetic storms. For evaluating performance, we limit the
test set to only include geomagnetic storms of a specified intensity or greater. When we filter the test set, we only
take storms where Hp30y5x in the forecast window exceeds the specified threshold, and randomly drop out non-
storms to balance the storms and non-storms in the test set. We also vary the lead times between 1 and 36 hr
Figure 5 shows median results and confidence intervals for all combinations of test folds and random seeds
(discussed above), where the x-axis shows the varying lead times. For Figures 5a and Sc, the y-axis shows the
varying storm thresholds. The colors of each box represent the metric, indicated by color bars on the right hand
side, similar to Figure 4. For Figures 5b and 5d, the y-axis shows the metric for the corresponding lead time and
geomagnetic storm threshold, with the shaded area around each line showing the 80% confidence interval (i.e.,
10th and 90th percentiles).

In Figure 5, we observe strong performance, with BSS;,, consistently high, well above the threshold of 0.2 at
which we consider our model to have clear benefit beyond the comparison model - even at lead times of 36 hr.
Both metrics show a clear decrease in performance as the lead time increases. The biggest jump in skill is between
3 and 6 hr, and flattening out at the longer lead times of 24 and 36 hr. We expect that as the lead time increases, the
model becomes more reliant on the solar wind ensembles, rather than the current conditions of the magnetosphere
provided by observed Hp30. For very short lead times (1-3 hr), both metrics are comparatively high, which is
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Figure 6. Calibration plots for varying lead times (Lt) and Hp30 storm thresholds. Each panel plots the models forecasted
probabilities against the observed frequency (blue), along with the shaded region showing inter quartile range for the

associated lead time and geomagnetic storm threshold. The orange line y = x indicates the perfect calibration line.
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Figure 7. Four case studies of True Positive (TP), False Positive (FP), False Negative (FN), and True Negative (TN) are
shown. Each quadrant shows the ensemble of velocities (blue), observed velocities from OMNI (black), observed Hp30
(orange). The storm threshold of 4.66 is marked as a dashed red line, with Hp30,,,x indicated by a blue dot. T, (dashed
black), and the forecast window (gray) are also shown. A single shared legend is displayed at the bottom of the plot. Each
quadrant is titled with the weighted mean, persistence and 27-day recurrence forecasts for the given forecast window.

likely because the model is able to use the current state of the solar wind and magnetosphere effectively.
Figure A2 shows that the PACF of Hp30 drops below the statistically significant level at 21 hr indicating that
Hp30 is a less useful input for longer lead time forecasting.

From the metrics in Figures 5a and 5Sc, alone, we could conclude that the performance at longer lead times is equal
across all storm intensities, but we will discuss in Section 5.3 why this is not necessarily the case.

5.3. Forecast Uncertainty and Reliability

As discussed above, the model performance decreases according to both metrics as the lead time increases. In
Figures 5b and 5d, the uncertainty of model performance for geomagnetic storm threshold of Hp30>5 is
particularly low, indicating that our model is very consistently performing well. The variability is notably larger
for Hp30 > 7 and Hp30 > 8 thresholds. This is likely a reflection of the sample size for such large events, many of
which are CMEs. Taking the median values across test folds, there are 43 periods where Hp30 > 7, and 12 periods
where Hp30 > 8 in the test set. Given only 24 periods (12 storm and 12 non-storm) to test on, we expect the
confident intervals to widen substantially for higher Hp30 thresholds.

We now take a look at how well calibrated our model is. A calibration plot shows how well a model's predicted
probabilities match the observed outcomes. A probabilistic model is well-calibrated if, among all instances where
it predicts probability p, the empirical frequency of the event is equal to p. We can plot the observed frequency of a
geomagnetic storm for varied model forecasts. In Figure 6, the x-axis represents the models predicted probability
split into 10 equal bins, while the y-axis shows the actual observed frequency of events. A perfectly calibrated
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model will lie along the diagonal line y = x, where predicted probabilities match observed frequencies exactly.
Points above the diagonal indicate the model is under confident: events occur more frequently than predicted.
Points below the diagonal indicate the model is overconfident: events occur less frequently than predicted. Note
that the Hp30 > 8 threshold is omitted because the sample size is too small to generate any meaningful calibration
plot.

On our whole test set (i.e., Hp30 threshold >5), our model appears to be well calibrated across all lead times, with
the lines showing a smooth general trend and fair proximity to the perfect calibration line. The inter quartile range
of the calibration lines also stay consistently low, highlighting consistency in the probabilities across the test set.
Although the general trend follows the y = x reference line (of perfect calibration), the model is slightly over-
predicting. This over-prediction will be reflected in both the ROC AUC and BSS;,, metrics, and we would
expect a better calibrated model to perform better in terms of these metrics. We expect our model to provide a
useful probability of geomagnetic storms on a generic test set even at lead time of 24 hr. At a lead time of 36 hr,
predicted probabilities below 0.5 exhibit limited skill, as shown by the flat calibration curve at low predicted
probabilities in the bottom-left panel of Figure 6. We also see that at large lead times (e.g., 24 and 36 hr) the lowest
probabilities are the least well calibrated. This is likely due to CMEs driving geomagnetic storms, which are not
included in our current modeling framework. As we increase the storm threshold to Hp30yax =6 and
Hp30yax = 7, the calibration is worse. This is likely a combination of decreasing sample size, and that the model
is less effective on larger scale events due to the lack of transients in our numerical modeling. On these larger
events, our distribution of forecasts is more heavily peaked around 0.5, showing a lack of decisiveness of our
model on these types of geomagnetic storms.

6. Discussion
6.1. Ambient Solar Wind Forecasting

We pick a case study corresponding to each element in a contingency table: TP, FP, FN, and TN as described in
Section 4. This is useful to pick out what is likely contributing to both correct and incorrect forecasts for our
model, and we show each of the four cases in Figure 7. The chosen case studies are all for 12-hr lead time, and
were selected because the properties they exhibit are consistently present in our test set.

The true positive (TP) in Figure 7 is a standard example of a correctly forecasted storm, where our solar wind
profiles match the same general trend as OMNI up to the point of the storm. Every one of our solar wind ensemble
exhibits an increase in solar wind velocity occurring at the start of the forecast window, triggering the geomagnetic
storm, with the increase only differing in time and magnitude. This rise in solar wind velocity is likely a corotating
interaction region given that it’s present in the HUXt ensemble, and that the storm is correctly forecasted by the 27-
day recurrence model. The second rise in OMNI occurs after Hp30y;5x and is misaligned with the solar wind
ensemble where the majority of the ensemble members expect the increase approximately 12 hr later.

The false positive (FP) in Figure 7 is an incorrect forecast of a storm. Within the input window, there is low
discrepancy between ensemble members, leading to similar weighting for the final forecast. The solar wind
ensemble exhibits a similar downwards trend as seen in OMNI, but with 19 of the 100 ensemble members
incorrectly expecting a sharp rise in solar wind velocities. Infact, the three ensemble members with the lowest
MAE with OMNI in the input window (and hence highest weighting) all contain this sharp rise which is likely
contributing to the false positive.

The false negative (FN) in Figure 7 is a common situation. There is a CME arrival near the beginning of the forecast
window, and because of the exclusion of CMEs in the solar wind ensemble, we never expect to be able to forecast
this type of event. Notably here, the velocity of the CME is not particularly fast, peaking at just over 600 km/s,
indicating that there is likely some other feature of the solar wind triggering the storm. The north-south magnetic
field component of the solar wind (B,) when southward (negative) is linked to strong geomagnetic activity. At the
time of the CME, B, flipped from northward to southward (not shown), which contributed to the particularly high
Hp30 activity observed in this case, even though the solar wind velocity remains relatively low. IMF orientation can
be a useful parameter for storm forecasting, especially in cases like this, but providing a model with a reliable
forecast of B, is very challenging. B, can be forecasted through the use of a full 3D MHD model, but this is very
computationally expensive and it would likely require a large ensemble to capture B, effectively.
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The true negative (TN) in Figure 7 we observe that the majority of the solar wind ensemble shows the
same general decreasing solar wind trend as OMNI. Some of our ensemble members are notably low at 300 km/s.
27-day recurrence forecasts a storm here, but since the feature contributing to the fast solar wind is dissipating,
only some of the ensemble members expect a rise in the solar wind speed during the forecast window.

The tools used in this study give us an idea what the ambient solar wind velocity is going to look like in the near
future, to enable longer lead time forecasts. Shorter lead time Kp forecasting models for example, Tan
et al. (2018); Chakraborty and Morley (2020), which predict 3 hr ahead, don't include forecasted solar wind in
their input, and consequently don't have an indication of possible future solar wind conditions. Our approach is
fundamentally different to forecasting a single velocity profile for the solar wind, and is instead a model trained on
a range of potential solar wind conditions. We note that our “future” solar wind profiles are ambient solar wind
forecasts, and do not yet explicitly include CMEs. Additionally, 27-day recurrence correctly forecasts 3 out of 4
cases in Figure 7. 27-day recurrence is a good deterministic model, but the metrics shown in Figures 4 and 5
highlight our models probabilistic insight.

6.2. Ensemble Calibration

Significant work has been done to improve the quality of our solar wind ensemble using a data assimilative
approach (Barnard et al., 2023; Lang et al., 2021; Turner et al., 2023). Lang et al. (2021) uses comparisons with in
situ data from STEREO-A, STEREO-B, and ACE satellites to update the inner boundary conditions for HUXt,
and shows a 31.4% reduction in root mean squared error of solar wind forecasts compared to non data assimilative
methods. Data assimilations lies beyond the scope of this study, but we aim to incorporate this modeling tech-
nique in future work.

Finding the optimal number of ensemble members is complex and will be investigated in the future, since we have
sufficient ensembles to capture the range of variability that we expect, and a simple problem framework. Milinski
et al. (2020) proposes a standard method for calculating the required number of ensembles to reduce the un-
certainties to the required error, specific to the problem. The acceptable error needs to be uniquely determined for
each problem. The method for finding sufficient ensembles involves subsampling a large ensemble and esti-
mating error on a specified metric. This can be used to find the minimum ensemble size that satisfies the required
error condition.

6.3. Forecasting Large Storms With Long Lead Time

We expect performance to decrease across lead times, consistent with the influence of Hp30 over time
(Figure A2) and the diminishing impact of solar wind velocity with increasing forecast horizon. For our whole test
set (Hp30yax =35, Figure 5 shows that model skill is highest at short lead times: at 1 hr (ROC AUC = 0.801,
BSS = 0.631) and 3 hr (ROC AUC = 0.785, BSS = 0.618), performance remains strong. At intermediate lead
times of 6 hr (ROC AUC = 0.751, BSS = 0.595) and 12 hr (ROC AUC = 0.714, BSS = 0.568), the model
maintains good skill, though a slight decrease is evident. From Figure 5, we note that for longer lead times of 24
and 36 hr, the BSS indicates that performance on very strong storms weakens somewhat. This behavior is ex-
pected, as high Hp30 storms are more likely to be CME-driven, and since CMEs are not included in the model
inputs, the model's ability to forecast these events is naturally limited.

Limiting the storm subset to those where Hp30 exceeds 8 introduces a degree of randomness to the results,
limiting confidence in extrapolating this performance to larger data sets. This limitation stems from the rarity of
such extreme storms in the available Hp30 data set (1995—present), which is the limiting factor for out data. This is
reflected in the large uncertainty for Hp30>7 and Hp30 > 8 seen in Figure 5.

There is a gradual drop in both metrics as lead time increases (i.e., Figures 4 and 5), but for most storm sizes the
smallest change in metrics is between 24- and 36-hr lead times. This suggests that initial conditions in the input
window (i.e., Hp30 values) become less influential over longer lead times due to the highly dynamic nature of the
magnetosphere and relative autocorrelation timescales. Instead of relying on Hp30 values, the model relies more
heavily on ensemble data for these extended forecasts at these long lead times. This highlights the importance of
accurate ensemble initialization and selection for extended lead time predictions.

We note that the 27-day recurrence model demonstrates strong predictive skill at long lead times (>24 hours)
compared with our model. The 27-day recurrence model will perform better during solar minima, when
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storms are more often driven by stable solar structures rather than transient CMEs. We tested the performance of
the baseline models as we increase the storm threshold. When taking median values of metrics for 27-day
recurrence across all lead times, ROC AUC Score decreases from 0.634 for.

Hp30yax =5 to 0.619 for Hp30y4x > 8, and BSS;,, decreases from 0.269 to 0.239, as expected. In contrast,
persistence shows the opposite trend: ROC AUC Score increases from 0.567 for Hp30,,,x =5 to 0.625 for
Hp30yax =8, and BSS;, increases from 0.134 to 0.250. Given the definition of the problem, we expect
persistence to perform better on geomagnetic storms with higher Hp30,,,x since these storms tend to persist
longer, as it takes time for total geomagnetic disturbance in the magnetosphere to decay below Hp30,,,x <4.66.

6.4. Limitations of Current Ensembles

We have extensively explored the limitations of using forecasts of the ambient solar wind, and so notably we do not
(as yet) include solar wind transients (i.e., CMEs) in our forecasts. The 1D incompressible hydrodynamic approach
of HUXt has the benefit of computational efficiency; however, it does limit the solar wind forecast to velocity only.
This is in contrast to 3D MHD approaches, which would allow the estimation of properties such as the magnetic
field. Such forecasts would undoubtedly be beneficial, as many previous studies have noted that parameters such as
the dawn-dusk electric field or magnetic field orientation are powerful predictors of magnetospheric activity
(A.W.Smithetal.,2020; Maet al., 2024). Future methods could explore the use of more computationally intensive
solar wind propagation methods, though this would likely limit the practical ensemble size.

Another potential limitation is that we have chosen MAS due to data availability, but this inevitably contributes to
the quality and uncertainty of the solar wind ensemble. A comparison of solar wind models is shown and dis-
cussed in (Barnard & Owens, 2022), and in the future we aim to investigate the direct impact of HUXt boundary
conditions on the quality of forecast we provide. For example, we would expect to extract a different solar wind
ensemble from the WSA model (Arge & Pizzo, 2000). This also ties in with future work on how we would
operationalize a similar model, since MAS is not available in near real time.

6.5. Operational Forecasting

From an operational perspective, the consistently high BSS at short lead times suggests that forecasts are partic-
ularly useful for shorter warning windows, where actionable confidence is highest. At longer lead times, users may
rely more on the discriminative capacity of the model (ROC AUC) rather than absolute probabilistic calibration.

Operationalizing HUXt is highly feasible with minimal modifications and HUXt solar wind ensembles are run
live at the University of Reading: https://research.reading.ac.uk/met-spate/huxt-forecast/. The primary challenge
is that MAS solutions (https://www.predsci.com/mhdweb/home.php) are not available in real time; however, we
could substitute them with WSA solutions, which serve as a like-for-like replacement. This substitution would
require retraining our model due to significant differences between WSA and MAS.

The Hpo indices are available in near real time, allowing us to make a forecasting with a 1-hr buffer region.
Additionally, the solar wind velocities from L1, taken from the OMNI data set are not available in real-time due to
processing time. Near real-time solar wind velocities can be inconsistent and could inhibit ensemble calibration.
Near real-time solar wind is available from sources such as the DSCOVR satellite (Valero & Herman, 2006), or
ACE satellite (Zwickl et al., 1998), which can be utilized by adjusting model input and retraining accordingly, as
stated in A. Smith et al. (2022). Turner et al. (2023) presents an improvement on the reliability of real-time solar
wind data with a data-assimilation approach, showing that solar wind forecasts using near real-time data are
comparable to forecasts based on science-level data.

7. Conclusion

This study presents a novel approach to geomagnetic storm forecasting by integrating solar data with advanced
modeling and machine learning techniques. Using the reduced-physics HUXt numerical model, an ensemble of
ambient solar wind velocity profiles at Earth was generated based on output from the 3D MHD MAS algorithm.
Machine learning models were trained on these profiles to classify geomagnetic storm events, leveraging an
ensemble aggregation method, calibrating our ensemble members by their historical performance with observed
solar wind data. Model performance was evaluated across different storm intensities and lead times, with
particular focus on two metrics: ROC AUC Score and BSS against Climatology. The study highlights the
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importance of solar wind ensembles, and the use of solar data for extending forecast lead times. The following is a
summary of our methods and key findings:

Methods:

o Utilized a relatively large ensemble of boundary conditions to capture the variability in ambient solar wind.

¢ Used a multi-model ensemble approach to classify geomagnetic storms by coupling physics-based numerical
models with machine learning models.

¢ Adopted the Hp30 geomagnetic activity index for its finer 30-min cadence and open-ended range compared to
the 3-hourly, capped Kp index.

Key Findings:

+ Demonstrated improvements in predictive performance over baseline models by selecting and weighting solar
wind ensemble members based on error alignment with historical solar wind observations to provide a
probability of exceeding a specified storm threshold.

o Forecast ability decreases with increasing lead times, though performance does not decrease to the same extent
between 24 and 36 hr, as the quality of the underlying solar wind ensemble becomes dominant.

o  We perform equally well across varying storm intensities for the ROC AUC Score and BSS;,, metrics, but
expect the probabilities on larger events to be less well calibrated.

« Discussed the steps required to operationalize this model, which can be done with few adjustments: substitute
MAS solutions for WSA solutions; substitute observed OMNI solar wind data for ACE or DSCOVR solar
wind data; and retraining Model C(i) accordingly.

This study represents a significant advance in lead time forecasting of geomagnetic storms, crucial for mitigating
the impacts of space weather on Earth-based infrastructure. By combining numerical models with machine
learning, the approach begins to bridge the gap between physics-driven simulations and data-driven predictions,
enabling new insights and forecasts. Future work will focus on incorporating CME-specific ensembles to address
existing challenges, paving the way for robust operational forecasting.

Appendix A: Autocorrelation of Hp30

Autocorrelation is defined as the correlation between a time series, and that same time series shifted by a number
of time steps (lag). Figure A1 presents the autocorrelation of the Hp30 index for lags between 22 and 32 days,
chosen due to the 27-day rotation of the Sun from Earth's perspective, plus and minus 5 days.

Autocorrelation of Hp30 vs. Lag (30-min resolution)

0.25 1

0.20 1

0.15 1

Pearson Correlation (r)

O
=
o

Figure Al. Autocorrelation of Hp30 index between 22 and 32 days. The x-axis shows lag for each calculation, with y-axis
showing the corresponding Pearson correlation coefficient for each lag. The red dot indicates the highest autocorrelation for
the lags shown.
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Figure A2. Partial Autocorrelation Function of the Hp30 index. The gray shaded area shows the 95% Confidence Interval
(CI). Blue bars represent statistically significant autocorrelation (outside 95% CI), while red bars represent insignificant
autocorrelation (inside 95% CI.).

Partial autocorrelation function (PACF) measures the autocorrelation at a specific lag when the effects of all
shorter lags have been removed. Figure A2 shows the PACF of the Hp30 index, with 95% confidence intervals
(CD) indicating at which point the autocorrelation is insignificant.
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