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INTRODUCTION VERIFICATION OF PBL SCHEMES FREQUENCY OF INCLUSION INTO MLR

Turbulent exchanges of heat and moisture between the Earth and atmosphere are * Mean absolute error (MAE) rankings of the PBL schemes averaged across all stations «  Count of inclusion into MLR can give an indication of the forecast error; schemes
approximated in modern numerical weather prediction (NWP) models by planetary (lower bars are better); 36-km forecasts are in blue, 12-km forecasts are in red with higher counts of inclusion have lower error on a daily basis

ndary layer (PBL) parameterization 1 .Th rameterization r i . :
boundary layer ( ) parameterizations (Stull 1988). These parameterizations were 16 mm MAE Rank'ngs of Raw Temperature Forecasts * MYJ and MRF were included most frequently in the MLR, whereas the YSU and

originally formulated in flat terrain, even though they are used in weather models
that can be applied to anywhere in the world. In particular, a comparison of the
deterministic forecast performance of different parameterizations has not been

MYNN were often excluded (mediocre schemes that rarely performed best)
Count of MLR Inclusion for Temperature Forecasts
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FORECAST DESCRIPTION

* Produced point forecasts from Weather Research and Forecasting model (WRF- . o e
ARW) output for a year-long study at stations in BC and AB (red dots) - 1200~ ACM2_36 W
. GBM_12 PR
« 16 daily forecasts produced from 8 PBL schemes and 2 domains (36- and 12- > ' e e erleTs
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Clear difference between SLR and raw ensemble forecasts except for the |IEW Jun Jul Aug Sep Oct Nov Dec jan Feb Mar Apr May jun
temperature forecasts; raw ensemble performed as if it was bias corrected Month
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 Equal weighting method (EW): arithmetic mean of raw forecasts (EW-Raw) 5 Month (2015) Month (2015) , .
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and bias-corrected forecasts using a simple linear regression (EW-SLR) . + Observations , . - Obsarvations , If the best performing member at a station is unknown, then use the IEW-Raw
T ~ - EWRaw . ! - IEwRaw ; ensemble with 16 PBL schemes for hourly temperature forecasts, and the EW-
o _ _ o E 40- : ; - 40 - : : - SLR ensemble for daily accumulated precipitation forecasts
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