Observing and data assimilation strategies to improve short-term low-level wind forecast
for sustainable energy applications

Hans-Ertel-Zentrum

fur Wetterforschung

PR®BE
C ST
Nomokonova T.!, P. Griewank?, U. Lohnert', T. Miyoshi 3, T. Necker? and M. Weissmann? fel et

" Institute of Geophysics and Meteorology, University of Cologne, Germany,
2 Department of Meteorology and Geophysics, University of Vienna, Austria, > RIKEN Center for Computational Science, Kobe, Japan

1. Introduction

3. Experimental setup and model data
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observations into a numerical weather prediction model.

In this study, we estimated the potential to improve the short-term
forecast of low-level wind using a network of Doppler lidars (DL). This
study addresses the following questions:

Model data and synthetic observations:

*Regional climate/weather forecasting model
SCALE-RM

patterns with both day and
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« What impact from DL to expect with respect to surface observations? 53N |
* How the impact depends on the number of DL in the network?

 How does the impact depend on the penetration of the lidar signal
through the atmospheric boundary layer (ABL)?
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The variance of the forecast metric can be found as follows [1]: ol == 25DL5levels factor of 2.3 improvements for 1 h lead time and
0% = sBs’, (1) : — . ° rorecastlead time.n 2.7 for the 3 h lead time.
Where B |S the back 0 nd Covarlance matrlx |S the Sens|t|v|t 55 °N _ s T Zgzl(izg"ri,)and th6b-rir(h-bvels) The beneﬂt depeﬂdS Fig. 6: Ac? for u-component of the 80 m wind ) ) ) ]
grou ' S Y 54 9N S| — som429m 102m 183 mand 28 mslevels) | 3 different DL averaged ove 16 avalable cases for diffrent lead o The contribution from wind observations >1 km
The sensitivity Is reqularized using the Tikhonov method [3]: . 5 15 S | ranges, influenced by | | sttons only dashed black lines), and for 25 DL i does not lead to considerable improvements
g = COV((Sj 6XT) BT(BT B + 02 I)—l (2) 52 oN v § —20F | - - ! H ABL (Opt|ca”y th|Ck Figure adopted from Nomokonova et al., (2022)
) ! Vs 2 o5t _\_’_I_
. . . . _ . ~ [ -] clouds, fog, and
where §j is the deviation of the predicted quantity, 6X is the deviation of . = 1 . o N | drometgors) /. Summary
. . . . 1 -~ I o —35¢+ !
the state vector from corresponding ensemble means, | is the identity - ee ] | y A « of DL i beneficial for the <h f £ ovel wind
matrix, a = 3 is the regularization coefticient, cov is the cross covariance ||, . _ e —as e R PSR ~— 28km network o 's beneticial for the short-term o.reca.st OT IoW-ievel win
matrix. 4 °F 5 F 6 °F 7 °F 8 °F 9 °F 10 °F B e oo stations feneres v s &t AV | Lkm * Most cost-efficient improvement of low-level wind in the RRA could be
. . . Fig.2: Mean wind calculated over 1000 Fig.3: Dependence of Ac? on the number of DL in the network. The ‘ 80 m I
An update of the state 56X due to the incorporation of observations: cramble e at G0 m Height on 29 forecest metic s th u-component o 50 m wind lea tme 3 | achieved by a network of 25 DL
_ rrows indicat (d lin w mean v ver r (tions. . . . .
5X . 5X . KH5X (3) W[C,?; direction. Figuarc; C;dgptsed figni iilmdeiareas depi[ct(2250t£123md 75th percentiles. Figure adopted from @ @ @ ¢ FOI’ 12|ayer (up tO 80 m) N W|nd pI‘OfI|e, the eXpeCted |mprovements
u - ) Nomokonova et al., (2022) omokonova et al., . .
in Agz is only a factor of 1.6-2 better than SYNOP only

where H Is the linear forward operator, K is the Kalman gain matrix [4]:

K=(L - B)HT [(x/H (L - B) HT+R)_1]T VH@-BH +R+VR| , ®

Acknowledgements:

This work has been conducted in the framework of the Hans-Ertel-Centre for Weather Research funded by the German Federal Ministry for
Transportation and Digital Infrastructure (grant number BMVI/DWD 4818DWDP5A). This work has been supported by CPEX-LAB (Cloud and
Precipitation Exploration Laboratory within the Geoverbund ABC/J, www.cpex-lab.de). This online publication is based upon work within the COST
Action CA18235 supported by COST (European Cooperation in Science and Technology), funding agency for research and innovation networks,
weblink: www.cost.eu. We acknowledge RIKEN for providing the SCALE-RM model data used in this study. We thank Elisabeth Bauernschubert
from Deutscher Wetterdienst for providing us the coordinates of the SYNOP stations operationally used for the data assimilation.

Q
2

Wind lidar stations included, (SYNOP + n wind lidars)

Fig.4: Ad? for different numbers of DL in the network. The forecast
metric (s the u-component of the 80 m wind, lead time 3 h. The solid
lines show the mean values over the 50 random location sets of the DL.
The shaded areas depict 25th and 75th percentiles. Figure adopted from

Nomokonova et al., (2022).
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low-level wind in RRA achieved by a
network of 25 DL

* On average 25 DL give 3 times better
Aadz than SYNOP only

« Wind profiles up to 1 km (3 levels) can lead to improvements of AgZz by
a factor of 2.3-2.7 with respect to SYNOP only.

where L is the localization matrix, = is the Schur product, R is the = 10 » Saturation effect in wind components * The impact of DL network strongly depends on the available range layers
observation error matrix. 5-20 starts at 20-30 instruments when at (limited by optically thick clouds, fog, and hydrometeors) in the wind
: : : TR S -30 least 3 levels are available rofiles
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