Extending Predictions of Hazardous Weather Into the Medium-Range with Machine Learning
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Figure 3: Example (left) day-4 and (right) day-3 probabilistic forecasts of any severe weather report (colored contours) for the period 1200 UTC 17 March 2021 — 1200 UTC 18 March 2021. Figure 5 O - 500 hPa geopotential height (black contours) a.nd height ar?omal.y (filled co.nt.ours) at 1200 UTC on each day across the period 13 — 16 July 2019 with observations of excessive rair.1f.all (.fiIIed dpts) anql day-1 forecast
Figure 1: Schematic of predictor assembly for a meteorological variable in our (left) traditional method and (right) experimental method, in which spatiotemporal features are (top) Outlooks from the Storm Prediction Center (SPC), (middle) traditional model forecasts, and (bottom) experimental, uncalibrated forecasts for day 4 minus-3 (i.e., includes three prior probabilities (unfilled color contours) from the CSU-MLP suite of excessive rainfall-predicting models. The top left panel represents one of the worst forecasts (BAD) over a year and a half verification period, while the other
spatially averaged to create time series for training over the forecast period and one day prior (i.e., minus-1 model). days) and day 3 minus-2 (i.e., includes two prior days) models. Skill scores are depicted in the bottom right and colored dots represent severe weather reports from the SPC. Spatial three GOOD forecasts.

coverage of reports in respective contours labeled in bottom left.
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