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Solar Flares Analysis Project - CSE 6242 Project Proposal

Project Definition

This project will culminate in an interactive web-based dashboard providing amateur astronomers, students, teachers, and
citizen scientists with a resource that can be used to visualize and understand solar flare data. The tool will display key solar
activity data, such as classifying solar flares by intensity or energy (A, B, C, M, or X), utilizing interactive animations, such
as a heliographic coordinate visualization of the locations where flares have occurred over the sun’s surface, and striving to
predict future larger flares occurrences.

How is it done today?

Lopez-Urias et al. highlights the influence of solar activity on the ionosphere [as] a critical area of investigation due to its
relevance to the Sun-Earth relationship (Lopez-Urias et al., 2023). Modern research in the field has linked solar activity to
several vital phenomena in our own Earth's atmosphere, including important implications on radio-wave propagation (Hays
L. A. etal., 2021), satellite applications, operations, and critical systems support (Fagundes P.R. et al. 2024), advancing our
ability to diagnose rapid changes in geospace weather (Liu J. et al., 2021), and even impacts to the mesosphere, where many
jet aircraft fly, the troposphere where weather occurs, and the ozone layer, which absorbs harmful rays from the Sun (Kumar
P. et al., 2015). Today, many government agencies (NASA, the National Weather Service, National Oceanic and
Atmospheric Administration, etc.) and academic research institutions use solar activity data to monitor and protect against
many of the above-mentioned impacted areas. These sources are primarily hyper-focused on one specific issue and highly
technical in nature (not generally consumable by the public).

Our Approach

Many institutions study solar flares, but most are academic. Miesch et al. from NOAA noted that the sun cycle forecast
hasn’t been updated since 2019. They are developing a new forecast (Miesch et al. 2023), emphasizing the need for
modeling techniques. Our project combines insights from academic articles with interactive and engaging visualizations to
create machine-learning models that classify and predict solar flares.

Who Cares?

Our project can help anticipate and prepare for solar events that can cause critical disruption to technology, as explained by
Tom Berger, Director of NOAA (Berger et al., 2015), but also preventing human harm to astronauts or exposing flight
passengers to radiation, through predictive models that can help forecast and prepare accordingly for these events.
Additionally, we will provide more compelling and attractive visualization tools to query and consult solar flare information,
by enhancing instruments currently available or expanding upon existing ones (Nishizuka et al., 2021), providing amateur
astronomers, students, teachers, and citizen scientists with resources for exploring solar flare data.

What does success look like?

If successful, our models will measure the accuracy of predictions and classifications, as Juan Curto et al. explains accuracy
keeps remaining as one of the challenges (Curto et al., 2020), by comparing our model results against prior observed events,
and render such results in the visualization map of solar flare occurrences to easily show these forecasts.

Methodology, risks, and payoffs

Solar flares occurrences are highly correlated with repetitive solar cycles (that repeat every eleven years) and their
intensities. Siami-Namini, Tavakili and Namin et al. study of LSTM [Long Short-Term Memory] presents evidence that
they can outperform common time series models like ARIMA by a high margin (Siami-Namini et al., 2018). More
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specifically, LSTM have been proven to improve accuracy in solar flare predictions in prior studies (Wang et al., 2020; Liu
et al., 2019), making them an ideal candidate for feature engineering in this project.

Traditionally, models primarily rely on the use of x-ray brightness measurements to classify the intensity of solar flares
(Reep J. et al., 2019). While this approach is effective, relying solely on the x ray brightness maximum intensity disregards
key solar information (Hong J. et al., 2023; Sinha, S. et al., 2022). We believe that incorporating these additional features
can aid in classifying solar flares more accurately, while giving a granular prediction of solar flare events.

Our goal is to build a robust hybrid classification model that utilizes the LSTM for feature engineering and random forest
for classification. The LTSM network will analyze time-series data to aid in the capture of temporal patterns and interactions
between these solar phenomena, LSTM (and related methods like LSTM-A) have also been found in other studies to be
very effective (Zheng, Y. et al., 2023). The outputs will then be fed into the random forest model for classification.
Leveraging random forest will allow us to classify and predict solar flare events more accurately.

The random forest model will combine predictions from multiple decision trees (Boulesteix, A. et al., 2020), which will
enable greater accuracy, and reduce overfitting/over classification. Within this ensemble approach, each decision tree will
independently evaluate the different features of the solar data, and their output will be aggregated to produce the final result.
A key advantage of this model is its ability assess and rank the importance of each features selected (Yuan X. et al., 2023).
This will allow us to have deeper understanding of the factors influencing solar flare activities.

For the visualization component, we will build dashboards which consist of dynamic interactive plots that displays the
importance of each feature. This will enable viewers to visually explore how different combinations of features influence
prediction and classification of solar flares over time. We will also implement a 2D and 3D visualization of historical solar
flare events that will allow users to filter flares by time period, class, and other criteria. Using D3, heliographic coordinates
are converted into appropriate latitude and longitude markers on both the 2D map and the 3D rotatable sun model. Each
flare is labeled with date, length of time, observed class of the flare, and predicted class from our classification model.

Resources Required

We plan to use free-tier cloud services for hosting and backend technologies (compute, storage, etc.). If costs exceed limits,
we aim to keep expenses under $50-100 per month.

Timeline, midterm, and final checkpoints

Table 1: Table showing Plan of activity

Description StartDate | EndDate Assignee
Connect space weather servi 9/30/2024] 107
features 10/7/2024] 107
Build [ ‘model 10/14/2024] 10/21/2024[say & Dan
t, and validation 10/21/2024] _10/21/2024|Dan
10/21/2024]
the random forest 10/28/2024] _10/31/2024|Chris
precision, recall 10/31/2024] _11/4/2024|Katherine & Sanjay
1v/4r2024] 1 &Dan
s from the model 11/5/2024] _11/16/2024|Katherine
11/5/2024] _11/16/2024|Chris

11/5/2024] 11/
1d be completed 10/14/2024] 11/17/2024[AL
11/1/2024] _11/17/2024|Chris
10/14/2024] _11/1/2024[AL

Jay

All team members have contributed a similar amount of effort.
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