Seasonal forecasts for the wind power industry
Barcelona within the CLIM4AENERGY project

Supercomputing
Center Authors: Llorencg Lledo? (llledo@bsc.es), Albert Soret?,

Centro Nacional de Supercomputacion o )
Veronica Torralba® and Francisco J. Doblas-Reyes?-?

1 Barcelona Supercomputing Center, Barcelona, Spain
2 Institucié Catalana de Recerca i Estudis Avancats (ICREA), Spain

Seasonal forecasts of wind speed and power generation can be of great help
for the management of wind farms (Fig 1).

Capacity Factor (CF) of an installed wind farm measures how good have
been the meteorological conditions for producing energy during a specific
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CLIM4AENERGY is an on-going Copernicus
Climate Change Service project. It aims
to produce tailored forecasts for the
energy sector. BSC is leading work
package 1, that focuses on wind power
generation applications.
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Fig 1. Wind turbines near Barcelona.
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our impact model (Fig 7). Using ERA-
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results for the whole model grid.

As part of the EUPORIAS project, BSC has published a demonstrative website Fig 6. A 3-tier validation approach for validating an
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3. Post-processing model output * The wind power industry can largely benefit from seasonal forecasts and

recent model improvements.

We use 51 ensemble members of ECMWF System4 seasonal forecasts of 6-

hourly near-surface wind speed to feed an impact model that derives power * To generate confidence and foster widespread use of seasonal forecasts it
generation for the next winter season (1 month ahead). But some model post- is key to produce tailored products. Also it is important to highlight
processing is needed before using it. | strengths and limitations through validation and skill assessments

Winds at hub height are higher than near the 3 /ﬁ - e Within CLIM4AENERGY, BSC will produce a proof-of-concept seasonal
surface. We use a power law with a shearing i / forecast of power generation for the winter season using an impact model
exponent of 1/7 and a hub height of 100m to S e e fed by ECMWEF System4 wind speed predictions.

extrapolate them: « A validation with on-site observations is very sensitive to local behavior of

selected locations, penalizing those that experience local effects not
resolved by coarse models. Using reanalysis data (of similar resolution) to
: feed the impact model helps to validate the impact model itself and sets
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