ecPoint-Rainfall - Global Probabilistic Rainfall at Point-Scale from ECMWF Ensemble =~ ECMWF

Fatima Pillosu'-?, Tim Hewson?, Elisabeth Stephens?!, Hannah Cloke! \/
f

oeuFati ¥y University of
University of Reading (UK)?, European Centre for Medium-Range Forecast (UK) 2 e

atima.pillosu@ecmwf.int ‘;. Rea d i ng

Introduction

Flash floods are one of the most devastating natural hazards due to the economic/human ECMWEF has developed a novel statistical post-processing technique that looks at physical
losses that they can cause. Therefore, better and earlier warnings are vital. processes that explain errors in its global ENSemble rainfall forecasts when verified againsts

High resolution hydro-meteorological models or radar nowcasting are classical approaches in point observations to anticipate sub-grid variability and improve biases. It provides more

flash flood Warning SystemS. However’ this techniques cannot offer globa| coverage, and they reliable and skillful prObabiIiStiC rainfall forecasts at pOint scale that can better detects and
commonly reduce warning lead times to few hours. locates localized extreme rainfall totals. The post-processed rainfall forecasts provide

warnings up to day 10. Therefore, this new product has the potential to be used as a
complementary tool to detect areas of high flash flood risk.

Global numerical weather prediction models are not used much because they tend to
underestimate very localized heavy rainfall.
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\_ Case Study (12 h accumulated rainfall, Day 3 forecast, VT 25 January 2018)
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The efficacy/utility of this procedure relies on the ability to define multiple can be produced for everywhere
mapping functions for n physically and significant different WTs. Indeed, this in the world, even for places

allows one to anticipate weather-dependant variability within the model grid- where rainfall observations are
box, and also weather-dependant model biases in grid-box average rainfall. not available.

By the “area under the ROC curve”
metric, for large totals the Point-
Rainfall is roughly as skilful at day 5
as the Raw ENS at day 1




