N

N

Statistical downscaling of WRF mesoscale simulations
using an artificial neural network to forecast winds at
local, unresolved scale
F. Dupuy, T. Hedde, P. Roubin, P. Durand

» To cite this version:

F. Dupuy, T. Hedde, P. Roubin, P. Durand. Statistical downscaling of WRF mesoscale simulations
using an artificial neural network to forecast winds at local, unresolved scale. European Meteorological
Society 2016, Sep 2016, Trieste, Italy. cea-02438703

HAL Id: cea-02438703
https://cea.hal.science/cea-02438703
Submitted on 27 Feb 2020

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://cea.hal.science/cea-02438703
https://hal.archives-ouvertes.fr

Statistical downscaling of WRF mesoscale simulations using an artificial
neural network to forecast winds at local, unresolved scale
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I. Introduction II1. Results

Motivation Several WRF variables (linked with the stability, the daily cycle, the
Calculate the atmospheric dispersion of pollutants emitted in an synoptic forcing and the wind) are used as inputs to the ANN
industrial center (Cadarache), using daily forecasts made with the .
WRF model at a 3 km horizontal resolution. - il = — The 4 most suitable variables are:
e, L e the wind components at 10m u,, and v,
Context oy ¥ . !
[ e a difference of potential temperature AB;110m —2m)

e Complex topography (situated in a small valley)
— has effects on the low level transport o
e High occurrence of clear skies e = \ I | 0o 180

+ e the wind speed at 110m UllO'

— favors stable conditions that decreases vertical mixing ~ 0.1 wsp 0 e
e The KASCADE experiment (Duine, 2015) highlights the importance o Wi - Xl
of such conditions that generate a Cadarache down-valley wind (CDV) S 3 ggf g
At a 3 km resolution, these effects cannot be simulated, which s oV 0.005 g O
: . . . . q .. S =" o
may invalidate the prediction of atmospheric dispersion in low T g | 0.002 <
. . = 1 0.001 s .90 f
wind stable conditions. = loonns S
N . : . | | 135 |
Issue N E CDV S W N— 0.0002 7 L Y S S N
- - Wlnd direCtion (ANN) R Er-ritr]on t-::direcc’zion O?S-RNT(") R
How to pI'EdlCt low lEYEl winds forced by the small Fig 3: Same as Fig 1 for the comparison of the Z2m Fig 4: Q-Q plot of the error of
scale topography using mesoscale forecasts at a wind observed and calculated by the ANN. forecasting on wind direction. X-
luti 9 axis for the error of WRF and Y-
coarser resolution: axis for the ANN error.

______DACC_PC__Ru___Rv___Rspeed Bias ___MAE __

WRF 0.55 0.50 0.70 0.59 0.72 +1.79 m/s 2.00 m/s

[1. Methodology

WRF mesoscale (3km horizontal resolution) forecasts and local ANN 075 073 080 071 074  -046m/s 0.81m/s
observations are available hourly on a 1 year period
. i . - 0.2
? N g o } Good prediction of N-W
c 0.2 synoptically forced winds IV. Discussion
E CD\S/: ———————————— B Rkt - 322)5 .
g £ o oo } Poor prediction of (_:DV Relative role of each input variable
Y |2 because topographic effects e U, and vy, are fundamental for the calculation of outputs
Wind direction (WRF) are not accounted for * AB(110m —2m) improves the calculation of down-valley

_— . . thermal winds
Fig 1: Comparison of the 2Zm wind obser_v.ed OI‘lly half of the WRF _ _
and forecasted, represented by the probability e The role of U110 is not well defined

density function in color, for the direction (a) predictions matches the The performance is dependent on the speed, increasing with the
and the speed (b). The colored frames refer to observations: : 100
the wind sectors of figure 2. wind Speed

90

— improvement required.

Use of an Artificial Neural Network (ANN) to generate a _ 70

statistical forecast of the wind at 2m DALC 0.86 3 ' 0 ¢
L PC 0.91 |
The Artificial Neural Network - 093 30
e is a statistical tool commonly used for atmospheric studies Ry 0.86 20 | o B
(Gardner and Dorling, 1998), only with observed data up to ' " I | [imaas 2R |~
now Rspeed 0.89 % 1 2 3 4 5 & 7
. . Wind speed (m-s'1) '
e is particularly suitable for non linear problems Bias -0.17 m/s Fig 5: DACC values calculated for different
: : : MAE 0.50 m/s wind speed classes (blue columns).
e searches a relation between some input variables (WRF Number of data in each class (black line).

variables) and the wind components observed at 2m
Better predictions of the local valley wind are obtained when using

the same input variables with their observed values, highlighting

the effect of the quality of input variables on the performance of the
ANN. : T | 02

0.1
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The method is assessed by using the following indexes, in
complement to usual statistical indexes:

- DACC (fraction of forecast that matches

observations at +/-45°)

- PC (fraction of forecast directions that fall
within the wind sectors as defined in figure 2)

=

0.02
0.01

Wind direction (OBS)
n

chV 0.005

- b 10.002

_ _ Fig 2: Wind rose for the 10.001
Winds lower than 0.50 m/s are not considered  observations at 2m and 1 0.0005
for the calculation of performances because of ~ separation of the wind NS © oDV S W N 0.0002

into three classes (blue
for down-valley winds,
green for up-valley and
red for others).

Wind direction (ANN)
Fig 6: Same as Fig 1 for the comparison of the Zm wind
observed and calculated by the ANN using
observations as inputs.

the lack of precision on their direction.

V. Conclusion

e The statistical forecast of a valley wind based on using an ANN in e In spite of the large size of the dataset, the ANN failed to reproduce
conjunction with mesoscale simulations is successful wind directions falling in the red sector (figure 2)

e The ANN performance remains dependent on the precision of the e The ANN needs both wind and stability data to calculate the valley
mesoscale simulations (for the input variables) wind because they often have a thermal origin
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