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Adding more cubes to the complex as sub-level threshold increases. 
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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.

Image with values 1-4.

Complex for sub-
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Data

SDO HMI Magnetograms 
between 2010-2016.

Binary Classification

Label M+ class flares in the 
next 24 hours as 1, else 0.

Data Shuffling

Random 70/30 splitting 
based on active region*. 
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Iterations

10, with different random 
seeds for shuffling.
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A Novel Data Driven Approach to Solar Flare Prediction
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The magnetic field of the Sun is measured 
using in-orbit instruments such as the 
Helioseismic and Magnetic Imager (HMI) 
and processed further to extract active 
regions, where the magnetic field intensity 
is high.

Usually, physics-based 
properties of an 
active region are used 
as feature inputs to 
Machine Learning 
Models.

Geometry-based features study the relationship between the positive and negative polarities 
in an active region, based on their magnetic flux and the distance between them. We propose 
an interaction factor, inspired from Ising Energy, and derive various properties with most 
interacting pair. 

Geometry 
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Topological Data Analysis is a means to quantify the shape of an object mathematically. Topology 
of an object is defined by the number of k-dimensional holes called Betti numbers (𝛽k). 
For pixelated data (like magnetograms), Persistent Homology computes 𝛽k at different scales –
in this case, the sub-level magnetic flux threshold, by connecting pixels using a cubical complex.

Persistence Diagram is a way to track the formation and disappearance of 𝛽k features for 
different sub-level thresholds. We vectorize the PD to generate features for ML models.

Persistence diagrams of positive clusters show increased number of  
components before the flare occurrence

Temporal evolution of NOAA 12673 active region. An X2.2 flare occurred  
on Sept 6th at 9:00 am, followed by an X9.3 flare at 12:00 pm.

1. Complexity of a sunspot, as quantified with TDA and computational geometry, 
improves flare forecasting accuracy.

2. Machine-learning algorithms can leverage these derived quantities as input features, 
and determine their relevance to flare occurrence.

3. Improved variations of the geometry and topological features in terms of better 
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.
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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 
features to compare against. 

While the geometry-
based features slightly 
underperform the 
SHARP-based features, 
the combination of both 
outperforms SHARP-only 
by 0.04. 

The topology-based 
features outperform 
the SHARP-based ones 
by 0.03, while the 
combination 
outperforms by 0.05.
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