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Introduction Methodology: Operational Pipeline and Forecast Evaluation Remarks and Future Directions
> Solar flares are critical space weather Our results indicate that the operational
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Fig. 2.1: End-to-end operational pipeline for near-real-time solar flare prediction flare-related Signals but remains sensitive to

inference (Fig. 2.1). :

o q elach prct)cessedb |bm_|_a%_e, ﬂthe noisy solar features, leading to false
Model geherates probabllistic Tlare positives and highlighting the challenge of
threshold selection in rare-event prediction.

Recent advances in deep learning have
improved flare prediction, but most models
remain confined to research settings with
limited real-time deployment and
operational validation.

predictions (Fig. 2.2), which are

> This project develops an operational, stored with timestamps and |[EEGIEI@FIe-Nd8=Telat-1e _
near-real-time forecasting system, forecast windows to enable Overall, the system provides an end-to-end

integrating automated data ingestion, deep structured tracking of prediction framework  for  real-time solar ~flare
learning  inference, and  continuous outcomes over time. , predlctlon,_ integrating data acqu_|3|t|on,
performance  evaluation  within  an We evaluate model performance model inference, ~ and  continuous
interactive application. by aligning predictions  with performance evaluation within a unified
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observed flare events [5] and PIpeiine.
computing skill metrics (TSS, HSS) Future directions include improving model

Data and Model [ 2]_ Fig. 2.2: Prediction probability associated with the most recent input image robustness th rough threshold tuning and

> We utilize full-disk line-of-sight magnetogram class imbalance handling, enhancing API

images from the Solar Dynamics Observatory o S robustness & fallback handling, and
(SDO), retrieved in near real-time through the Application Interface and Deployment Pipeline extending evaluation across longer time

Helioviewer API [1]. The system automatically The dashboard presents real-time flare horizons and alternative modeling
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3.3), and evaluation metrics (TSS, HSS)
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