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Introduction Physics Compliance

Barometric Profiles — Geomagnetic Conditions (LST=12:00, Lat=0°, Dayside)
(200-550 km, R? computed over 310-460 km)

o Atmospheric drag driven by thermospheric density variations is a leading cause of satellite
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o A model that fits data but violates physics has memorized, not
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Diurnal Peak Timing — Altitude=450 km, Lat=0°

de-orbits, especially during geomagnetic storms

o Physics-based density models are computationally expensive and degrade when equilibrium learned

o Physics-informed hybrids offer improved generalization to unseen

assumptions break during stormes.
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Results

Model Frameworks
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. direct density prediction from network output, trained on CHAMP observations only o Discovers higher T,, and lower Ty than MSIS,

wider T, spread reflects greater sensitivity to
geomagnetic variability across conditions.

o Walker: network predicts exospheric temperature T, and boundary temperature T,, which feed into the Walker

diffusive equilibrium equations to compute neutral density
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samples). Each variant discovers its own (T, , Ty ) manifold

Conclusion and Future Work

Timeseries predictions

walker_cold — Full CHAMP Mission vs Predictions
sapinn_cold — Full CHAMP Mission vs Predictions baseline — Full CHAMP Mission vs Predictions 2002-01-01 to 2009-12-31 UT — 1-day bins

——— —r . .. o We presented a self-adaptive physics-informed neural network (SA-PINN) for thermosphere density
w. I T prediction that combines a data-driven head with a physics-constrained head through a minimax
g o O-::- ' | optimization framework
Y R _ o The SA mechanism automatically discovers the optimal balance between data fit and physics compliance;
M A W l m NW o All neural network models track the solar cycle decline and storm-time density .. T the Walker constraint received a higher weight, beating baselines and MSIS
W i W spikes. MSIS shows systematic bias during high solar activity. L b L il el _ _ o _ _ o
o The SA-PINN walke.r head shows slightly higher variance during solar minimum : M \..,'.“ L P M W o Improvements would be integration of continuity and momentum equations from first-principles models
but maintains tracking throughout L (e.g. TIEGCM) as additional physics constraints for a more complete representation of the thermosphere
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