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5. Machine learning to determine effects of
WRF ensemble on radiological transport

1. Weather model uncertainty affects 3. Uncertainty in a two-day radiological
radiological transport plume forecast

WRF ensemble causes variability in Cs-137 deposition patterns

Ensemble methods can be used to account for forecast uncertainty
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Example of a decision tree in a random
forest trained on WRF ensemble
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Multi-analysis
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Hybrid Conditions Forecast time

Variations among only physics packages can lead to 100,000’s
of weather model combinations!
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test size = 0.35

GOAL: estimate uncertainty using small, carefully selected
weather ensembles instead of large, expensive weather
ensembles
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4. Meteorological variability from 1200
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