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Introduction | :

Problem: Data-driven methods for solar-wind transients anomaly detection at L1 Lagrange point typically only provide a single opaque anomaly score. They are useful as an alarm, but
lack the physical attribution for operational diagnostic.

Model: Physics-Informed Solar-wind Convolutional autoEncoder for Space-weather (PISCES) is a physics-informed convolutional autoencoder model trained on NASA OMNI data.
Physics awareness: Embeds seven solar wind physical constraints: (1) magnetic field consistency, (2) Parker-spiral angle, (3) temperature—velocity relationship, and smoothness priors
on (4) proton entropy, (5) total pressure, (6) plasma beta, and (7) dynamic pressure.

Explainable Outputs: Decomposes anomaly score into interpretable physical components rather than a scalar metric; provides event-type hints (interplanetary shocks, magnetic ejecta,
compression).

Validation: Evaluated on a 2018-2024 held-out set (2.97 million windows; 863 catalog events), PISCES achieves competitive aggregate detection across unsupervised models and delivers
interpretable physical decomposition scores.
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- ‘ Results and Case Studies
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