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ABSTRACT

A neural network calibrator was developed to reduce sys-

INTRODUCTION

RESULTS 1: EXTREME SPACE WEATHER

Baseline Performance:

tematic errors in thermospheric density predictions across 1. The Challenge: LEO Congestion | . . Model Configuration RMSE (kg/m?®) Error (%) Rank
diverse space weather regimes. Trained on high-fidelity Accurate atmospheric drag knowl-  High variance during extreme events (e.g., 2003 Hal- —
CHAMP GRACE-FO 1S b : : edge is vital for collision avoidance. loween, 2024 G5) CHAMP (2009) - Deep Solar Minimum

/ -r0), and owarm observations, it was / ' | | Neural Network (MSIS-00)  5.53E-13 0.86 1
benchmarked against legacy models (JB2006 [1], JB2008 [1], l * JB2008 performed best (uses D, index) but still Neural Network (JB2008) ~ 6.20E-13 1.68 2
NRLMSISE-00 [2]). While JB2008 excels during disturbed showed a 33.7% seasonal error during the 2024 max- Neural Network (JB2006)  6.44E-13 4.69 3

‘g T : 11 ; 2. Model Limitati j

conditions, deep solar minimums and maximums still in- oncy om iricalc‘:)aZelirllle;lei( }11(1)1131; b o imum. GRACE-FO (2024) - G5 Superstorm
duce significant bias. The Real-Time Deep Neural Network ta‘?nt;f durIi)ng extreme space Weathe§ events. N [ Network Calibration S . Neural Network (JB2006)  4.99E-13 0.21 1
(RTDNN) calibrator actively corrects these drifts for exam- cural INetwork L-alibration Success: Neural Network (MSIS-00) 5.04E-13 3.97 2
ple, reducing NRLMSISE-00 errors from 65.31% to 0.86% l e Effectively corrected baseline biases. Neural Network (JB2008) ~ 8.28E-13 28.8 3

during the 2009 solar minimum. This hybrid data-driven
approach substantially improves density forecasting and
LEO collision risk management.
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e Baselines Evaluated: NRLMSISE-00 [2], JB2006 [1],
and JB2008 [1].

Model Training;:

e Dataset Split: 30% of data reserved to map non-
linear configurations between solar drivers and den-
sity residuals.

3. Proposed Solution
The custom Elara X framework introduces a

Real-Time Deep Neural Network (RTDNN) ar-
chitecture to actively correct baseline drifts.

Evaluation Metrics:

e Model validation monitored via RMSE and Mean Ab-
solute Percentage Error (MAPE):
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RESULTS 2: SPATIAL-TEMPORAL BIAS (CHAMP 2009)

Deep Solar Minimum Analysis:

* Proxy Decoupling: The Fy.7 proxy decoupled from
true EUV heating in 2009, degrading empirical base-
lines.

e JB2006 Overestimation: Severe global overestimation
across most latitudes (ratios > 1.5, deep red bands).
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e JB2008 Artifacts: Improves overall magnitude (ratios
1.2 — 1.3), but distinct latitudinal biases remain unre-
solved.

e RTDNN Solution: Our ML calibrator resolves non-
linear drifts, drastically reducing NRLMSISE-00 error
from 65.31% to 0.86%.

(c) JB2008 Predicted Density
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e Reduced ]JB2006 error to just 0.21% for the 2024
GRACE-FO event.

Metrics

NN Calibrator Comparison for GRACE - Daily Averages (2024)

Table 1: Consolidated Neural Network Calibrator Performance

Enhanced Prediction
Data-driven calibration improves accuracy.

!

Physics Fidelity
Bias corrected; physics preserved.

Figure 3: RTDNN (NARX) Architecture. l

Generalization

Elara X Framework Integration: e .
Robust 30% training efficiency.

e Purpose: A custom Python-based processing pipeline
engineered for high-resolution thermospheric bench- l
marking.

e Execution: Natively hosts the RTDNN architecture,
actively ingesting space weather drivers to calibrate

Limitations
JB2008 seasonal drifts persist at peak cycles.

Figure 2: Comparison of empirical model spatial-temporal fidelity against CHAMP data (2009). empirical baselines in real-time.
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e Apply these calibration techniques to a broader range of thermospheric models.
* Investigate less well-modelled, physics-based phenomena during extreme space weather events.
e Resolve integration pipelines for advanced end-to-end models (e.g., the Karman model) within the Elara X framework.

LinkedIn linkedin.com/in/giuseppe—-joulianou


gj60@kent.ac.uk
linkedin.com/in/giuseppe-joulianou

