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First attempts at automatic drawing of fronts and other synoptic-scale features were based on physical rules. Recently, convolutional neural networks
have been used to detect weather fronts (Biard and Kunkel, 2019, Lagerquist et al, 2019, Matsukoa et al, 2019). Here we present a front dectection
method for the French operationnal global model, Arpege. A U-Net 1s used to detect cold and warm fronts over the western Atlantic.

Data pre-processing

Data : 1 year of analyses from Arpege (French global model) with a resolution of 0.1° Front extraction from surface charts :
Training and validation dataset : extraction of front coordinates from json file

from 01/07/2019 to 31/01/2020 and from 01/03/2020 to 01/07/2020 interpolation on the ground truth grid

1340 images (2/3 for training, 1/3 for validation) Geographical domain : 32°W-10°E and 40°N-60°N
Testing dataset : from 01/02/2020 to 29/02/2020, 116 images Data normalisation : normalisation min-max

Ground truth : surface charts from M¢teo-France produced 4 times a day
-y . Meteorological parameters
Training and tuning of hyper-parameters
e« Mean sea level pressure

3 classes : no front, warm front and cold front
60 epochs, 1340 images of 200x420 pixels splitted in 107 200 1mages of 48x48 pixels
Loss function : weigthed categorical cross-entropy,

o Pseudo-adiabatic potential temperature at 850hPa (0' w)

e 10m wind (u and v components)

o Absolute vorticity at 850hPa and 700 hPa
e Relative humidity at 700 hPa

Weigths : 1 for "no front" class and 10 for "warm front" and "cold front" classes

U-Net architecture
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(other model analyses, observations, etc...).
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to use the previous data. SE
b Prediction CNN + 0' w at 850hPa

Imbalanced dataset : 80 "no front" pixels for 1 "cold front" or "warm front" pixel
Quality of the prediction very sensitive to the activation function.
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