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Introduction Methodology

Background on Solar Storms and Space Weather: Novel Approach to Predicting Bz Component: .

Expected Outcomes

Improved Accuracy: Ensemble ML models will enhance
the precision of predicting solar wind and geomagnetic
Indices over traditional methods.

Solar storms, such as Coronal Mass Ejections (CMEs) and Our project focuses on predicting the IMF Bz component as a time
solar flares, are significant space weather events that can series. We are developing models that can forecast Bz two or three
profoundly impact Earth's technological systems. These minutes before and after CMEs, which is crucial for managing the .

storms originate from the Sun's surface, where magnetic Impacts of these geomagnetic disturbances. This approach involves

Longer Lead Times: Models are expected to provide
early warnings of geomagnetic storms, extending forecast

field lines twist and release vast amounts of energy, using ensemble ML models to capture the temporal dynamics and horizons to hours or days.

propelling charged particles Improve forecast reliability. In more detail, our strategy extends to + Real-Time Updates: Integration of real-time data will
Into space. When these predicting geomagnetic storms by leveraging multiple data sources allow for continuous monitoring and timely updates to
particles  interact  with and ensemble machine learning models at different stages of the forecasts.

Earth's magnetosphere, they event's progression from the Sun to Earth.

* Better Preparedness: Enhanced accuracy and extendec

can induce _geomagnetlc / \ lead times will enable more effective preparation anc
storms  affecting  power Figure 1: Geomagnetic storms [ Forecast #1 ] response to geomagnetic storms.

rids, satellites, and i . . .
0 caused by explosive CMEs from »  Model Comparison: We will evaluate the effectiveness

communication networks. the sun.

[ Forecast #2 ]

Linear

of a chain of moc

space weather prec

els versus a single model for reliable
Ictions.

Importance of Forecasting Solar Storms:

Combination

> { Ensemble Forecast}

Timely forecasting of solar storms is crucial to protect our |
Infrastructure. The 1989 Hydro-Quebec blackout and the
2022 loss of 40 Space-X satellites due to geomagnetic storms \{F‘”E‘a“ n J

Figure 4: Simple example of our ensemble modeling

Discussion

Opportunities:

/ * Advanced Insights: ML models uncover hidden patterns
In complex data, providing new understanding of solar
storms and their effects on Earth's magnetosphere.
e \ .
Chain of
Models

[ 1-2 days ]

highlight the severe impacts of insufficient predictions. As
technology reliance grows, effective space weather forecasts
are essential to safeguard power grids and satellites.
Investing In advanced prediction models, especially those /
using ensemble machine learning, enhances our ability to {mmnagrﬁph
anticipate and mitigate these effects, ensuring operational mage bata
continuity and minimizing economic losses.

Scalability: These models handle large and growing data
volumes, adapting to new data sources and scientific
advancements.

* Real-Time Adaptation: Continuous learning from new
data improves their accuracy over time, crucial for real-
time forecasts.

Model

(omn

Event:

CME-Driven
Geomagnetic
Storms

{

IMF Bz Data
(NOAA)

Challenges:

r[ Dst Data ]—* Actual Y
1 ,

 Model Interpretability: ML models, especially deep
learning, are often complex and hard to understand,
requiring enhanced transparency.

Data Quality: High-quality, comprehensive datasets are
essential for accurate predictions.

Figure 5: This diagram illustrates our approach of using ensemble ML models
to predict the IMF Bz component and then leveraging those predictions to
forecast the Dst index, enhancing the accuracy of geomagnetic storm
predictions.

Figure 3: Space-X lost 40 satellites
due to a geomagnetic storm.

Figure 2: The Quebec
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Previous Works

Researchers often predict the IMF Bz component
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existing systems needs careful calibration to ensure
reliability.
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Figure 5: Comparison of predicted and
observed minimum Bz values using three ML
algorithms

close alignment to actual values. These methods
highlight distinct strategies for predicting different
aspects of geomagnetic storm Impacts.
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Figure 6: showing geomagnetic storms
from the learning set and the validation set
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