A Threshold-Based Random Forest Forecasting
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1. New Thresholds 2. The VAMPIRE Model
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3. Nowcasting Performance

VAMPIRE-X Performance With Each Threshold
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4. Model Inputs

Feature Importance For Each VAMPIRE-X Model
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6. Conclusions

0.8) S ——% = —F— VAMPIRE-X90
il VAMPIRE-X95 . .
9 * VAMPIRE is a simple random forest model to forecast the state of the Outer
3 E = Radiation Belt with good levels of accuracy over many different flux thresholds
< . . . . .
o * Each model requires only AL as an input, demonstrating that solar wind data is not
%0-4 required for accurate radiation belt forecasts

* All models show good skill up to 2 days in advance, and most up to 6 days in advance
0.2 * More extreme thresholds e.g., X95 show no skill at predicting flux for 5+ day lead
times, suggesting that these thresholds are only crossed briefly and require a shorter
lead time input
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/. Future Work

* Allmodels display excellent performance for = 2
days lead times

* Low errors (~0.02 or lower)

e X60, X70, X80, X90 all have some skill for = 6 days

 X90 and X95 have lower and no skill for 5-6-day lead
times, demonstrating that extreme flux spikes need a
more recent time history

 Split ORB forecasts by location as a function of satellite orbit or
L* — currently issuing one forecast for the entire belt
* Aim to extend the lead time further than 6 days

References

PATEL, H. H. & PRAJAPATI, P. 2018. Study and Analysis of Decision Tree Based Classification Algorithms. International Journal of Computer Sciences and Engineering, 6, 74-78.

MIAQO, J. & ZHU, W. 2021. Precision-recall curve (PRC) classification trees. Evolutionary Intelligence, 15, 1545-1569.

FORSYTH, C., WATT, C. E. J., MOONEY, M. K., RAE, I. J., WALTON, S. D. & HORNE, R. B. 2020. Forecasting GOES 15 >2 MeV Electron Fluxes From Solar Wind Data and Geomagnetic Indices. Space
Weather, 18.

PEDREGOSA, F., GAEL, V., ALEXANDRE, G., VINCENT, M., BERTRAND, T., OLIVIER, G., MATHIEU, B., ANDREAS, M., JOEL, N., GILLES, L., PETER, P., RON, W., VINCENT, D., JAKE, V., ALEXANDRE, P.,
DAVID, C., MATTHIEU BRUCHER  AND MATTHIEU, P. & EDOUARD, D. 2018. Scikit-learn: Machine Learning in Python.

BREIMAN, L. (2001). Random Forests. Machine Learning, 45(1)

WESTON, D. J., RAE, I. J., SMITH, A. W., MURPHY, K. R., WATT, C. E. J., BOCQUET, F.-X., BINGHAM, S. & HENLEY, E. M. 2025. VAMPIRE: Using a Random Forest to Forecast Earth’s Outer Van Allen

Radiati 10.22541/esso0ar.175611399.91318861/v1
adiation Belt.




	Slide 1

