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We propose a feature engineering approach based on formalizing the shape of sunspots for
solar flare prediction using Topological Data Analysis and Computational Geometry.
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\'e"e' threshold = 2'/ B, Persistence Diagram Feature vector 2. Machine-learning algorithms can leverage these derived quantities as input features,
and determine their relevance to flare occurrence.

Persistence Diagram is a way to track the formation and disappearance of B, features for 3. Improved variations of the geometry and topological features in terms of better

different sub-level thresholds. We vectorize the PD to generate features for ML models. interaction metrics and PD vectorization techniques may improve model accuracy.

4. The temporal evolution of these features may also be leveraged for flare prediction
using CNNs on temporally consecutive feature vector stacks and LSTM models.

Deep Learning Model

We use a 6-layer Multilayer Perceptron model to evaluate various feature sets. The magnetic
flux properties available in the metadata of the SDO HMI SHARP images are used as reference References

features to compare against.
1. Scherrer, P. H., J. Schou, R. |. Bush, A. G. Kosovichey, R. S. Bogart, et al., 2011. The

SHARP (19) Q\ Helioseismic and Magnetic Imager (HMI) Investigation for the Solar Dynamics
Q\f Observatory (SDO). Solar Physics, 275(1-619 2), 207-227. 10.1007/s11207-011-9834-2.

Geometry (16) Q\ 2. Florios, K., |. Kontogiannis, S.-H. Park, J. A. Guerra, F. Benvenuto, D. S. Bloomfield, and
: : Size of . B Softmax M. K. Georgoulis, 2018. Forecasting Solar Flares Using Magnetogram-based Predictors

sonmiee | mm oo | 0 [ O O] v and Machine Learning. Sol. Phys., 293(2), 28. 10.1007/s11207-018-1250-4.
: : ) 3. Zomorodian, A. & Carlsson, G. Discrete Comput Geom (2005) 33: 249.

Topology (20) Q/ / https://doi.org/10.1007/s00454-004-1146-y.
: : Q/ ST S—— 4. Knyazeva, . S., N. G. Makarenko, and M. A. Livshits, 2011. Detection of New Emerging

SHARP + * Magnetic Flux from the Topology of SOHO/MDI Magnetograms. Astronomy Reports,

Topology (39) 55(5), 463. 10.1134/51063772911050040.

Feature Sets Multilayer Perceptron Model



https://en.wikipedia.org/wiki/Solar_Dynamics_Observatory
https://medium.com/@curiousily/tensorflow-for-hackers-part-iv-neural-network-from-scratch-1a4f504dfa8

