Hail Size Prediction Using Machine Learning Techniques Applied to Storm Scale Ensembles
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1. Introduction 4. Forecast Evaluation
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3. Methods
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Gradient Boosting Trees: weighted decision tree ensemble . |
Random forest and gradient boosting trees are best around the 25 mm threshold,

2.
3. Ridge / Logistic Regressmn: linear regressmn variants but do not predict hail sizes over 50 mm. Ridge regression and HAILCAST have
4. HAILCAST: physics-based column hail growth model better sharpness but also have show little to no skill in predicting large hail sizes.

5. Case Study: 3 June 2014
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contours and 50 mm hail is within

green contours. All models showed elevated probabilties in eastern
Nebraska and indicated the axis of motion correctly. High probabilities
in western Nebraska were offest from the bulk of the hail.

6. Discussion

The machine learning hail forecasts were run during the
2014 Hazardous Weather Testbed Experimental Forecast
Program. The neighborhood pro
most useful timing and location information. Currently,
significant hail cannot be distinguished from severe hail
accurately. Improving the hail size forecasts will require
model improvements as well as finding storm matches in
both space and time so that more intense model storms

are associated with more intense hail sizes.

Conclusions

1. Machine learning reduces

2. The forecasts can identity

3. The forecasts are best at d
small hail.
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