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MOTIVATION PROBLEM
* blocking over Atlantic-European sector underestimated in NWP and climate models (o g : : :
oLring OVer ALl P | . ~°~.  How to verify WCBs systematically in NWP and climate models?
* diabatic heating in warm conveyor belts (WCBs) affects life cycle of blocking 3)
Does a misrepresentation of WCBs explain blocking biases in NWP and climate models? WCB identification requires trajectory calculations based on data at a high spatio-temporal resolution.
Data ERA-INTERIM S2S data base
- amount ~ 58,400 time steps ~ 6,439,356 time steps
- availability Grid spacing: 1° at 61 vertical model levels | Grid spacing: 1.5° at 10 pressure levels
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CMA-iixan [ SR | SN LR L
e (B R TR T
CNRM 0707 i RRRe0. X 3y
ISAC ~ps5x0.8 5 ........... .............
KMA.osxo8 |°° "
e oxis SRS - Ta T Trajectory calculation Trajectory calculation x
cmuranyos |5 i Quinting & Vitart 2019
—1:50 —1I00 —E;O (IJ 5l0 160 15'30 ) ) ) ) ) ) )
_— e e Use CNN image segmentation to identify WCB objects from Eulerian fields!
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MODEL DEVELOPMENT

i * 5 normalized input maps

* UNET-CNN (Ronneberger et al. 2015) with ReLu activation, Adam . L L — il ; covering the Northern i i
optimization, binary cross entropy loss and hyperparameters in Table 2 HI‘ " e ] Hemisphere | |
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* predictand y: binary fields (0/1 flag) for WCB inflow, ascent and outflow 1 Yotlh) b, 5 *] ‘i : - i, 1 4 2.
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IEI\"Iax. MCC: layers: 4, WCBCLIM_32filters, dropout: 0.15, batch size: 8 UIEMaX- MCC: layers: 4, WCBCLIM_3 2filters, dropout: 0.3, batch size: 8 UﬁMax. MCC: layers: 4, WCBCLIM_32filters, dropout: 0.2, batch size: 32
Dataset Time period Hyperparameter Values T g 2 .
'E 0.5 E 0.5 é 0.5
Training | 1 Jan 1980 — 31 Dec 1999 Number of filters/layers 16/4, 16/5, 32/4 5041 041 504
. . ] E 0.3 E 0.3 E 0.3
Validation = 1 Jan 2000 — 31 Jan 2004 Batch size 8, 16, 32, 64 :
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Testing 1 Jan 2005 — 31 Dec 2016 Dropout fraction 0.05, 0.1, 0.15, 0.2, 0.25, 0.3 Sy WeBCLM 16fiters ~  siverweacum efitas — ;lZﬁZiﬁEiEilﬂfEﬁ!liZﬁZ
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Table 1. Temporal coverage of training, validation and Table 2. Parameters that are used to find the best model setup according MCC for (a) WCB inflow, (b) WCB ascent, and (c) WCB outflow as a function of the decision thresholds. Lines are median over
testing data for CNN. to the average Matthew’s Correlation Coefficient. all experiments with varied dropout fraction and batch size, error bars denote their minimum and maximum values.
lllustrative example Bias for WCB inflow, ascent, outflow during DJF MCC for WCB inflow, ascent, outflow during DJF
— ' WCRB i/nflow CNN-based models skillfully identify trajectory- ' ' ' ' ' | ' ' ' |
4.7/ - based footprints of WCB inflow, ascent and
. S outflow. Using fewer data and less
% \\L | computational time, the models can be applied
I to large data sets such as ensemble reforecast
- ; - - and climate projections).
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Climatological bias (shading) for (a) WCB inflow, (b) ascent, and (c) outflow. MCC (shading) for (a) WCB inflow, (b) ascent, and (c) outflow. Contours denote
Contours denote climatological WCB frequency at intervals of 2%. climatological WCB frequency at intervals of 2%.

Reliability of CNN T optimal MO oot } HOT T ootima * use models as a diagnostic to verify the

models deteriorates ---- ERAI & JRA55 VGRADZ700 ---- ERAI & JRA55 g5 ---- ERAI & JRA55 RH3o0 / representation of WCB inflow, ascent, and

' ERAI & JRAS55 MFLYgsg / ERAI & JRAS55 RHypg ERAI & JRAS5 WSpdx3(m : .

considerably when 08 ERAI & JRASS MFLCONuooc | 0.8 - ERAL & JRASS VGRADZonc 0g A & IRASS o / outflow in NWP and climate models
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JRAS55 reanalysis > — JRA55 ’ > —— JRA55 > — JRASS * develop error framework to identify erroneous
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Reliability diagrams for (a) WCB inflow, (b) ascent, and (c) outflow. Black curve denotes ERA-Interim based reliability, gray curve JRA55 based reliability.
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