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NEW MRMS Cloud-to-Ground Probability in next 30 min

Improving MRMS Cloud-to-Ground Lightning Probabilities
Tiffany Meyer?!?, Kristin Calhoun®? and David John Gagne?

MRMS, NSE, & Total Lightning MRMS & NSE Total Lightning
The MRMS Cloud-to-Ground Probability in the next 30 minutes product is currently available in National Weather Service operations, however New InPUtS into Random Forest: 100 CG nghtmng Rellablllty Dlagram 100 CG nghtnlng Rellablhty Dlagram 100 CG nghtnlng Rellablhty Dlagram
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°n_jobs: 5 (humber of jobs to run in parallel for both fit and predict) T Example of one of the many trees e
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