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Motivation...

e Measurement campaigns are expensive

e RECAST aims to reduce campaign duration
by better utilizing and combining available
models and measurement

e Mesoscale model data is cheap, abundant
and provides a wealth of information

e The accuracy is not known a priori

e How can mesoscale data be used to guide
the selection of timing and duration of
short ( < 1 year ) measurement
campaigns?
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Possible a priori uses of mesoscale models for
short campaigns...

e Wind climate and events
o Likelihood of capturing important events
o Likelihood of well sampled wind climate
o Likelihood of high predictability
e Measurement conditions
o Likelihood of sufficient air contaminants for LIDAR
o  Likelihood of LIDAR beam obstruction from e.g. low clouds
e Logistics and safety
o  General weather conditions,
o Likelihood of extreme events: wind, heat, precipitation, lightning



Datasets...
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Wind speed [m/s]

Seasonal variations....
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Error of estimated wind climate by measurement
window size...
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Error of estimated wind climate by measurement
window size...
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Seasonal correction....
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Seasonal correction....
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Long-term correction...
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Long-term correction...
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LTC coefficient seasonal variation...
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Seasonal predictability...

RZ

0.75 A

0.70 A

0.65 A

0.60 -

0.55 A

0.50 A

0.45 A

e

Window
—— 90 Days 366 Days

/f

o

N

po¢ Wl p© W O e® o
Measurement period center

I



Error larger in low predictability season...
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What can we use a priori as a proxy for
predictability?

Governing scales - synoptic vs. small meso and micro scales, e.g. thermals
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Take aways...

e For short campaigns it matters when you measure
e High predictability periods preferable for LTC model training
o Mesoscale data can give indication of predictability

e Seasonal variation of LTC model coefficient(s)
o Can mesoscale model data be used to correct for this?

e C(entering campaigns on cross-over point of mean seasonal bias cycle can reduce
the need for (seasonal) correction

e Many caveats
o Limited dataset
o  Simple terrain
o  Simple LTC method
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