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One of the benefits of Offshore Wind Power is a smoothing effect on the energy price, because it has its own generation pattern, but also a more 
variable predictability for which ensemble predictions are suitable. A Multi-Scheme Ensemble Prediction system (MSEPS) is used to quantify the 
forecast uncertainty, which is in fact a dynamic reserve forecast. The goal is to improve forecasts by running MSEPS and the ocean model GETM 
coupled for consistent surface flux computations over sea and to develop and test new methodologies of different short term wind power prediction tools 
that take advantage of the ensemble data.

Experiment: Extrapolation of HornsRev and FINO1 forecasts to 14GW of wind power in the North Sea

In order to verify the quality and identify the weaknesses of the ensemble prediction system not only on a single site, but also in a future scenario, the 
verification focused on a future scenario of 29 wind farm locations in the Danish-German-Dutch part of the Northsea and included the  operational 
HornsRev wind farm and all of those Danish, German and Dutch wind farms that have received planning permission in the second stage. This 
amounted in a total capacity of 14GW. 
 
Since there is no production data from future sites, we have designed an algorithm to simulate generation of these 14GW with an observation-like time 
series for each of the future wind farms estimated via a combination of ensemble forecasts for all wind farms and measurements from the Horns Rev 
wind farm data and FINO1 data. For the latter we estimated a power curve for a capacity of 500MW and generated power output time series from the 
wind speed measurements at FINO1 for a virtual FINO1 wind farm. When referring to FINO1 in the following paragraphs, it is the virtual 500MW wind 
farm at the location of the FINO1 wind mast. The same technique was used for the Horns Rev wind farm but with 200MW.   
The next step in the estimation of the aggregated power output was to compute forecast correlations between:
each future wind farm and the FINO1 wind farm 
each future wind farm and the HornsRev (HRV) wind farm

Once the correlation was computed, the forecast error at FINO1 and HRV was computed. 
We  then made the assumption that the total error at a given farm is correlated partially to 
FINO1 and partially to Horns Rev. The correlation is determined from ensemble forecasts 
over 30 months.
The error defined as forecast (FC) minus measurement (OBS) at each hour is then 
interpolated from HRV and FINO1 at each future wind farm according to the corresponding 
correlation coefficient
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Number Correlat ion Site/Area
1 0,97 Northsea – FINO1
2 0,92 Northsea – HornsRev
3 0,90 Northsea – Germany
4 0,79 Northsea – Baltic Sea
5 0,77 NorthSea – Irish Sea
6 0,69 FINO1 – HornsRev

Table 1: Correlation coefficients for various 
sites/areas interesting for European offshore wind

Figure 4: Monthly error statistics for the 14GW North Sea wind power for the period Sep. 
2004 until Feb. 2007. The boxes have the same meaning as in . Figure 3: Monthly error statistics for the FINO1 wind farm for the period Sep. 2004 until 

Feb. 2007. The red boxes show the mean load, the blue filled boxes are the mean 
absolute error in percent of produced power (upper graph) and in percent of installed 
capacity (lower graph).

Figure 2:  statistical evaluation of the error growth over the forecast length at  (a) FINO1  (500MW) with 
FINO1+HRV (680MW), (b) FINO1 wf and an Australian coastal wind farm (100MW) and (c) FINO1+HRV 
and aggregated Australian wind power (450MW). The left figure show MAE error and bias, the right 
figures show normalised nMAE on generated power and mean load. In figure (a) FINO1 is displayed with 
line points, FINO1+HRV with solid lines. In (b) and (c) FINO1 and FINO1+HRV are displayed with line 
points, and the the Australian farm(s) wind solid lines.  

Figure 6: Frequency distribution of the 14GW North Sea generation above 
and frequency distribution of forecasts below in intervals of 5% of the 
installed capacity. Note that the word “observed “ refers to the estimated 
North Sea generation based on the 2 reference measurements

Figure 7: Comparison between 1 Offshore wind farm (FINO1, 500MW) and 
aggregated offshore wind power at the North Sea (14GW)

Figure 8: Error statistics for FINO1 wind farm and a coastal wind farm in South 
Australia (SA1).

Figure 9: Error statistics for the aggregated North Sea wind farms FINO1 and 
Horns Rev (660MW) and South Australia's wind farms (680MW)

Figure 11: Power curves estimated at Horns Rev at the end of January 2006, for both Least-Squares 
(LS) and orthogonal fitting of the power curve model.

Figure 12: Reliability Diagram for a 24-hour ensemble forecast using a least square method 
(blue line) and the orthogonal least square method (red line).

Figure 12: Example of a 48h ensemble forecast for the Horns Rev wind farm using the orthogonal fitted power curve 
(top) and the classical LS power curve (bottom). The green lines are observations.

Local polynomial regression: New Methodology for ensemble conversion for power curve estimation
Local polynomial regression is an appealing non-parametric approach to modelling a wind farm power curve, for which the model coefficients can be adaptively estimated with recursive Least Squares (LS) methods. An assumption when 
applying LS estimation methods is that a noise component is present in the response variable only, i.e. the power output in our case. However, it appears unlikely that the forecasts of meteorological variables used as input do not have an error 
component. Recently, results showed that the application of local polynomial regression with LS fit may yield to somewhat inaccurate estimates of the true conversion function, even though it may still be appropriate for point prediction purposes, 
where error measures are calculated against noisy response data. 

Conclusion from the Experiment:
It has been found that the characteristics of offshore power 
forecasting are that: 

 the error is high relative to the installed capacity
 the error is low relative to the generated power   

This study has shown that there exists a requirement to study the 
error growth offshore and to find ways to parameterise the 
forecasting models  with focus on lowering the error growth.  If this 
can be achieved, the higher efficiency of offshore wind power will 
also be capable of generating the necessary payback for the 
increased construction, connection and maintenance costs. 

Figure 5: Frequency distribution of the 500MW FINO1 wind farm generation 
above and frequency distribution of forecasts below in intervals of 5% of the 
installed capacity 

Focus was given to the total power output 
at Horns Rev. The period for which wind 
power production measurements are 
available goes from February 16th  2005 
until January 26th  2006. Raw 
measurements consist in 1s instantaneous 
production values for each of the 80 
turbines. 

A sampling procedure has been developed 
in order to obtain time-series of hourly 
power averages. Because there may be 
some erroneous or suspicious data in the 
raw measurements, the sampling 
procedure has a threshold parameter, 
which corresponds to the minimum 
percentage of data that need to be 
considered as valid in a given time interval, 
so that the related power average is 
considered as valid too. 

The chosen threshold is 75%. Over the 11 
months period, 27% of hourly power 
averages are then discarded. Both power 
measurements and forecasts are 
normalized by the wind farm nominal 
capacity, thus making displayed values 
restricted to the [0,1] interval.

Concerning ensemble forecasts of meteorological variables, the variable selected is the wind speed at 105m above sea 
level, so that the modelled power curve then corresponds to a transfer function from wind speed to wind power. Wind 
direction at this same height can also be used as an input variable. However, since it has been noticed it did not have a 
significant influence on estimated power curve, it is not considered here. The mean of all ensemble members is the most 
suitable forecast to be used, if the ensemble should have a common power curve. In that way,  we share one modelled 
power curve as the transfer function to measured wind power for all ensemble members  in order to obtain the wind 
power ensemble forecasts. For the estimation method, the optimal forgetting factor allowing for adaptive estimation  was 
found by using one-fold cross validation to be 0.995. Note that the first 2 months of the dataset were considered as a 
training/validation period, and not used for forecast evaluation. 
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Figure 1: Locations of the wind farm sites that were part of the experiment.


