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Remarks and Future Directions

O The results suggest that this
framework can  produce more
informative and interpretable flare
forecasts than a global-only model by

Introduction Methodology: Full-Disk to Active-Region Prediction Pipeline
d Solar flares are major drivers of space-weather W3 A full-disk solar magnetogram in FITS format is o acnetogram for Tuldisk model input.
disturbances  and  can  disrupt  satellites, first preprocessed into a grayscale 512 x 512 ‘

The left panel shows the original HMI

] ] ] ] _ _ _ magnetogram in FITS format with solar
communication systems, and navigation JPG image for input to the full-disk model. As
infrastructure. shown in Fig. 3, this preprocessing step

coordinate context. The right panel shows
the corresponding preprocessed grayscale
512 x 512 JPG image used as input to the
full-disk model. In the processed image,

preserves the large-scale magnetic structure of white indctes sirong positive magnet combining  full-disk  prediction with
Deep |earning methods have shown promising the SOIar dlSk Whlle remOVing nOn'SO|ar Zggf-ﬁ‘;eutrall‘;aelulgsrzs ar?cgayixelsmgzliifsg IOca“ZEd aCt|Ve'reg|On analySIS'
Capabi”ties in flare forecasting, yet many models baCkground pixels. The full-disk model then Zf;elfolardiskgre n;askedgndshown in
operate either on full-disk solar observations or on produces a global flare probability, which serves - d However, the quality of the localized
isolated active-region patches. This separation limits as the first stage of the prediction pipeline. stage depends on accurate hotspot

DeeplLiftShap Guided Grad-CAM Integrated Gradients

identification from the attribution
maps.

their ablility to combine global solar context with -
localized magnetic structure and affect the reliability of {14 We then generate attribution maps that
predictions. In addition, full-disk models often highlight the regions that most influenced the

provided limited information about which regions drive global prediction. Regions that appear
their forecasts. consistently across methods are treated as

stronger candidates and further validated using
Occlusion (Fig. 4). —— — —
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d Future direction: Future work will
focus on improving candidate-region
selection, validating robustness across
diverse events, and strengthening the
deployment pipeline for reliable
real-time forecasting.

This projects develops a two-stage deep learning
pipeline that integrates full-disk and active-region
level analysis within a unified flare forecasting

- Fig. 4. Attribution maps generated by DeepLiftShap, Guided Grad-Cam, and Integrated Gradients for
- The SeIeCted reg IONS dre then md pped baCk tO a full-disk solar magnetogram. Each method highlights regions that contributed the most to the global

P . flare prediction. Brighter highlighted areas indicate stronger influence on the model output. The
i elin e the Orlglnal FITS |mage, eXtraCted as overlap across the three methods suggests consistent hotspots regions, which are then used as
p p " active_ reg ion p atCheS a nd p a Ssed tO the candidate locations for further active-region analysis.
/

active-region model for localized prediction.
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Fig. 5. Streamlit dashboard for visualizing full-disk and localized solar flare predictions. The
dashboard displays the input HMI magnetogram, global flare and non-flare probabilities, the
predicted class, and attribution heatmaps. It also summarizes the top-ranked active-region patch

prediction results and metadata are stored in RDS. A Streamlit dashboard reads from S3 and RDS to selected for follow-up localized predictions., including its rank, occlusion score, consensus score,
display the latest full-disk prediction, localized active-region results, and prediction history. and original-image location.

scoring, occlusion validation, coordinate mapping, patch extraction, and AR prediction. Generated
artifacts such as magnetograms, heatmaps, overlays, and cropped patches are stored in S3, while
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flare probability for each candidate region.
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