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Probabilistic forecasts

® It has been shown (Pinson 2006) that the value of havingalel@stimates of the
forecasts is as high as the value of having a forecast.
® Methods forprobabilistic forecasts

# quantile forecasts: there is a probabilitythat power production is below that
value (e.g. the median, = 50%)

# interval forecasts: there is a probabilif¥ ) that power production is
covered by the interval — e.@L ) = 90%

# densityforecasts: give the full predictive distributions of windvger for each
look-ahead time
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Example

® Point forecasts along with 50 (reliable) statistical scesafor a multi-MW wind
farm in Denmark...
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Ensemble forecasting at Horns Rev

A new method has been developed for the conversion of ensgmmdxdlictions of
meteorological variables to ensemble forecasts of wind power
it has the same features than existing wind power predichethods (i.e. adaptive, with low
computational cost, etc.)

it allows for a more appropriate estimation of the 'true’ enlging power curve of a wind
farm

The new method involves:
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4-hour ahead power curves at Horns Rev in January 2006
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Spatio-temporal model based corrections

Today the wind power prediction for a region (like JutlangeR) is found by
upscaling the single wind farm power predictions.

The spatio-temporal correlations are not adequately takeraccount.

Large prediction errors are due to phase errors in the MEAchmsts used as input for
the tool - like WPPT (Wind Power Prediction Tool).

Rigid transformations of MET predictions did not solve thelgem.

New regime based stochastic models for the spatio-temporedctions explains
more than 20 pct. of the errors for a 2 hour prediction.

... let us brie y outline the principles behind the new spatmporal model based
improvements.
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Spatio-temporal model based corrections

Data from 24 wind farms owned by
Energinet.dk.

Optimal groups found using Principal
Comp. Analysis.

Prediction error in a group is the average
of errors inside a group.

Optimal groups of wind farm.
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Spatio-temporal model based corrections
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Cross correlation fct. between Group 1 and 5.

High cross correlation at lags 1,
2 and 3 means that on average
the error observed in group 1 at
timet will be observed in group
5attimet +2.

Regime models were considered
(leads to directional correlation)
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Model and the improvement

Regime models of the form
X X X

Vo= gV + . X (1)
|2L§/‘]t) IZG(Jt)]ZL)((JIt)
where
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2 U 2R,
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Improvements: For some wind directions more that 54 pctheftrror variation is
explained by the above model.
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Predicting the spot price in DK-1

Previous studies has used the measured wind power productiwadicting the spot
price. About 8-10 pct of the variation was explained.

Now the output from WPPT (Wind Power Prediction Tool) is uss@@planatory
variables. The conclusions are:

About 40 pct of the variation of the prices are now describeddw models
using input from WPPT.

This leads to excellent predictions of the spot price 12 - @é6rs ahead.
Regime type of models.
Optimal data window is about 6-7 weeks.

For more information — see http://www.enfor.dk
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Concluding remarks

WPPT (Wind Power Prediction Tool) has shown excellent praorce in several
benchmark studies.

New methods for reliable estimation of the precision are maegrated into WPPT.

Use of theoptimal combination of two independent MET forecastas input to
WPPT leads to 10-15 pct. improvement of the wind power preaheti

Models for modelling the wind power uctuations at Horns Ree ound. Will be
implemented in WPPT for better off-shore wind power forecasti

Models for thespatial-temporal correlations lead to large improvements more
that 10-20 pct. of the prediction error was eliminated on a twohour forecast!

For improvements on larger prediction horizonts for DK measents from UK or
the North See are needed. A new project with Dong Energy iatal
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Thank you for your attention...
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