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Abstract 

Wind energy experiences in Portugal an increasing interest. Slightly more than 1700 MW were operating by 
the end of 2006, in a system with a global capacity of about 12 GW (8,5 GW peak demand). Several new 
wind farms are under construction and a considerable amount of connection points are or will be granted in 
the coming years. More than 5000 MW are expected to be connected to the grid around 2012, the global 
generating capacity being then about 16 GW. Clearly, a wind power forecasting system must be 
implemented that will help to deal with the significant penetration of the technology in the electrical system. 
A group of wind farm promoters, owning the majority of the capacity installed so far, ordered to a 
consortium of universities and research institutes the development of a forecasting tool, giving rise of the 
EPREV project, wholly financed by them. 
The system will have the following main characteristics: 
- Wind speed and active power forecasting up to 72 hours; 
- Evaluation of the forecasting uncertainty; 
- Possibility of using the predictions of physical models and the information from the wind farm 

Supervisory Control And Data Acquisition (SCADA); 
- Capacity of predicting only with SCADA information for very short term. 
The main components of the system are: 
- A human-machine-interface, allowing the control of the system, the selection and aggregation of 

forecasting models and the visualization of results; 
- A power forecasting model for individual wind turbines and for wind farms. A cascade of models is used, 

starting in the mesoscale simulation, with up to 2 km resolution. The outputs of the mesoscale models are 
corrected and statistically adapted to the fine scale conditions. Two models and different boundary 
conditions are run, in three nested domains (54x54, 18x18 and 6x6 km). The advantage of using a 2x2 km 
resolution is also tested. 

The statistical models are fed with recent information from the wind farms, after a learning process that 
made use of the historical information of its operation. Three different types of statistical models are 
employed: Power Curve Model (PCM), Auto Regressive (AR) and Neural Network Assembling Model 
(NNAM). 
The wind simulation at the wind farm scale is done both by linearized physical models and Computational 
Fluid Dynamics (CFD) models, namely using VENTOS®, a code developed at the University of Porto. 
The duration of the project is planned to be 1 year, including off-line tests of the complete system for 3 wind 
farms, for performance evaluation purposes. 
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1. Introduction 
Portugal had, by the end of 2006, an installed wind energy capacity of about 1700 MW, and a total of more than 
5000 MW is planned by 2012. The importance of short-term forecast of energy production from such an important 
wind energy penetration will grow as the energy grid systems will require more interaction with wind energy plants. 
Forecasts are an essential tool to support negotiations in the electricity daily market and an instrument for 
maintenance planning. Figure 1 illustrates the tasks a wind power forecasting tool may perform. 

 

 

 
Fig. 1: Use of wind power forecast 

A forecasting tool for wind power – EPREV - is under development, by a consortium of universities and research 
institutes, financed by a group of wind farm investors. The goal is to forecast the wind power output up to a 72 hours 
horizon with a sampling period of 30 minute, using historical and meteorological information. The duration of the 
project is planned to be 1 year, including offline tests of the complete system for 3 wind farms, for performance 
evaluation purposes. 

2. Methodology 

The proposed forecasting methodology is 
based on a chain of models, beginning at 
mesoscale models which give the wind 
conditions forecast in the 72 hours subsequent 
period for a characteristic site of each wind 
farm. These forecasts are converted to power 
either using physical or statistical models. 

Statistical models require training which is 
done using historic data from the wind farm. 
However, in more recent wind farms the data 
length may not be sufficient to train the 
statistical models. In those cases, physical 
models shall assist in building an artificial 
power series to be used to do this task. 
Physical models can also be used to convert 
meteorological forecasts into power forecast as 
a complementary tool to the statistical models. 

Figure 2 illustrates the adopted methodology. 

Fig. 2: General methodology 

 



2.1. Setup of meteorological forecasts 

For medium latitudes and time scales up to few hours, the variability of wind resource is strongly dependent of 
synoptic variability, associated to the movement and development of meteorological circulation mechanisms such as 
depressions, anticyclones and frontal perturbations. The diagnosis and behaviour forecast of such mechanisms is at 
the centre of meteorological services operation. Weather forecast global models perform successfully this analysis 
and forecast task. 

In a more local scale, there are circulation mechanisms with impact on the regional wind climate which can be 
misinterpreted by the meteorological stations network or by the global forecast models. These mechanisms are 
classified as mesoscale orographic circulations, with purely mechanic or thermal-mechanic forcing, mesoscale storms 
associated circulations and breeze circulations due to strong roughness changes in the surface. Part of these 
circulation mechanisms is well represented in mesoscale meteorological models, however the quality of the forecasts 
is strongly dependent on the quality of the supplied initial and boundary conditions. 

Finally, some circulation mechanisms are of much reduced scale, wind farm scale, generically belonging to a 
turbulent circulations scale. They are poorly represented by mesoscale models in operationally feasible spatial 
resolutions or are too dependent on the boundary conditions details, normally inaccessible in an operational context. 

The three referred circulation mechanisms suggest wind forecast methodology able to integrate the three layers of 
forecast models: a global model, available in the National Weather Services; a mesoscale model whose operation can 
be performed in several ways; a forecast model at the wind farm’s scale. Three forecast models are under test, using 
three global models made available by ECMWF (European Centre for Medium-range Weather Forecasts), by NCEP 
(National Centre for Environmental Prediction, USA) and by Météo-France, and two mesoscale models, MM5 and 
ALADIN, in two spatial resolutions. 6x6 and 2x2 km. 

Presently, work is more focused on the MM5 model. MM5 [1, 2] is used in many weather forecasts such as the 
University of Lisbon [3]. It is a non-hydrostatic model, of limited area, which requires initial conditions supplied a 
meteorological analysis system and boundary conditions supplied by a global forecast system. 

Figure 3 represents the 2005 annual average wind 
speed in continental Portugal using MM5 with a 
horizontal resolution in the inner domain of 6 km with 
the ECMWF operational analysis and the 
correspondent forecasts. These were performed in the 
calculus cluster of the University of Lisbon 
Geophysical Centre, CGUL. 

An increase of resolution in the domains has an impact 
on the average speed figures, especially on mainland, 
where orography and roughness play a major role. 

Simulations with limited area models require initial 
and boundary conditions in the lateral walls of the 
volume throughout the simulation process. 

Initial conditions are given from a global network of 
observations, doing an ensemble of meteorological 
stations data and a great deal of remote observations, 
mainly based on meteorological satellites. 
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Fig. 3: Nested domains in the MM5 forecasts at resolutions 

of: 54 km (larger domain), 18 km and 6 km. Also shown 
the 2005 mean wind speed in the three domains 

From this data, a three-dimensional state of the atmosphere map is daily built every twenty four hours, at 6 hours 
GMT. Hence, forecasts with a time length up to 72 hours are built four times per day. In order to test some 
combinations with the available atmospheric models, a set of 365 simulations to 72 hours based on the 00 h GMT 
were obtained with MM5 using boundary conditions supplied by NCEP and ECMWF. It was observed that at this 
6-30 h time scale, both simulations are remarkably coherent with each other. However, small local differences are 
found, but always inferior to 10 %. 

Forecasts are performed in a 30 minute sampling period and the local forecasts are performed by interpolation. 



2.2. Physical models 

The here designated Wind Farm Power Curve – WFPC – or Matrix models are based on the computational simulation 
of atmospheric flow in the wind farm area seeking, based on wind speed and direction at a certain site inside the 
domain, to estimate wind characteristics at the points where turbines are installed. With the turbine’s power and axial 
thrust curves it is possible to estimate the global output of the wind farm, including wake losses. 

Computational simulations consist on the resolution of flow equations, considering the characteristics of the site and 
its surroundings, such as topography, roughness and obstacles. Building the wind farm’s power curve requires a great 
number of simulations in order to predict the energy output of the wind farm for the whole range of wind velocities in 
which the wind turbines operate, and for all wind rose sectors. 

The WFPC shall be used to produce aliases wind farm’s power series able to training of the statistical models, but can 
also be used for the wind farm’s output forecasting after the corresponding wind forecast for the sampling 30 minute 
period. 

In a first approximation, one of the most widely spread models in the wind resource assessment, WAsP [4], which 
makes used of the European Wind Atlas methodology [5], is used to build the WFPC. Being this a model that uses 
linearized versions of the fundamental equations, among other simplifications, it has several limitations. However, 
corrections can be performed either by cross-predictions between stations analysis using all of the data recorded in 
them, either by the analysis of the terrain’s complexity [6]. 

The WFPC are also generated using the Computer Fluid Dynamics based model, VENTOS® [7, 8, 9], where the 
fluid flow equations are solved in their original non-linear form. The use of CFD to this purpose is somewhat new, 
but important improvements are expected in the construction of the wind farm matrixes, specially in cases os high 
terrain complexity. 

Table 1 shows the results of this approach comparing the power recorded in the SCADA, PSCADA, of a wind farm used 
as test case and the forecasted power, PForecast,using data from local stations and the generated WFPC. The predicted 
average power is higher than the measured one. The standard deviation presents a figure slightly larger than the 
average figure, indicating the existence of fluctuations of about 120 % for both time series. 

Table 1: Information on the measured and predicted power 

 [ ]%P  ( )Pσ  ( ) PPσ×100  

PSCADA 455.8 553.0 121 
PForecast 511.7 612.3 119 

 

2.3. Statistical models 

Meteorological forecasts can be converted into power using statistical models. The wind farm yield data is obtained 
through remote connection to each wind farm. This connection can be dial-up, internet or GSM, depending on the 
wind farm’s infrastructures. The information collected from each wind farm is based on the generation of each wind 
turbine and wind farm generation. 

The system is developed in JAVA language, which makes it possible to function properly regardless of the operating 
system of the machine where it is installed. It also enables future expansions of part of the application for mobile 
devices. Within that application, there are connections to R software, which is a computational statistical application 
enabling the use of tools like neural networks, least squares, and quantile regression, among others. The neural 
networks used are the feed-forward type; tests were carried out this model being the one with better results. Figure 4 
shows the architecture of the statistical model. 

The Power Curve Model (PCM) converts the meteorological forecasts into power to be generated by the wind turbine 
or the wind farm. Besides modelling the characteristic power curve of each wind turbine or wind farm, this model 
establishes a correspondence between wind speed and power as well as a correction in the production of the wind 
turbine or farm, due to the error associated with weather forecasts. Several approaches in the implementation of this 
model are under test, from which: instance-based learning (degree 0, 1 and 2 functions), polynomial function 
(3rd degree function), least squares, to adjust to a sigmoid function, and neural network. New approaches are to be 
experimented, with the purpose of improving the model’s performance. 
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Fig. 4: Architecture of the statistical model 

The PCM can be applied to each wind turbine or to the wind farm. In the case of application of the PCM to each wind 
turbine, individual predictions will be obtained. The input data, the wind forecasts, can be obtained for each wind 
turbine or for a reference point inside the wind farm area. Based on the results obtained in one of the test cases, the 
approach by wind turbine, with the predictions for each wind turbine, using neural networks, was found to be the best 
one. Figure 5 is a scatter with the predicted wind farm’s power curve and the real power curve of a wind farm used as 
a test case. 
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Fig. 5: Graphic with the Result of the PCM with Neural Network for a wind generator 

In the case of applying the PCM to the wind farm, the input data are the wind forecasts for a reference point and the 
wind farm production. In the training of this model, there will be a filter to identify the On/Off plans of each wind 
turbine and wind farm. This information is of great importance in the model’s functional mode, as it allows the 
identification of the available wind turbines, hence defining the wind farm production factor. Figures 6.a and 6.b 
illustrate the response of the PCM depending on the direction and wind speed for the case of Pinheiro Wind Farm, 
one of the wind farms being used to test the methodology. As shown, the model’s response varies according to the 
sector of the wind direction, as a result of the local sector wise speed-ups. 
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Fig. 6.a: Response of the PCM depending on the direction and wind speed. 
                  b: Response of the PCM depending on the direction and wind speed (3D) 

Given that this model is dependent on the meteorological forecasts and that there may be problems associated with 
their availability like communication problems, unavailability of data by the satellites, among others, there was the 
need to couple a prediction model that could complete the model described above. The autoregressive model (AR) 
was born in this context. This model presents better results in the first six hours of the time horizon as it is a dynamic 
model, depending only on the monitoring of the wind farm’s production. In an AR model, the present value of the 
time series Xt is linearly expressed in terms of the past values of the series and the random noise at relative to 
instant t. The order of this process depends on the oldest value on which the regression is based. In an autoregressive 
process of p order, the model can be written 

 Xy  = δ + φ1 ⋅ Xt-1 +  φ2 ⋅ Xt-2 + …+ φp ⋅ Xt-p + at   (eq.1) 

in which the several φ1 are real constants and the at series presents normal distribution of independent values. 
Figure 7 illustrates the model’s dynamic response. We can see that the model adapts to variations that correspond to 
the seasonal pattern of the resource. 
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Fig. 7: AR model’s dynamic response 

For any wind velocity series, the model is purely autoregressive, of first or second order [10, 11]. If something 
abnormal occurs in the acquisition of the wind farm production data (for example, a flaw in the generation records), 
the system uses the latest generation values held in the database, changing the order of the model according to the 
flaw’s instant. 

The fusion of the models mentioned before is rather complex, given that the precise moment in which a model is 
worse than the other is unknown. It is also impossible to control the problems arising in the input information for 
which the fusion is applied to the whole forecasting horizon. The approach adopted was a neural network, 

 ( )| | |( ), , ,t i t t i t t i t i n MA MBNNF f MA MB ε ε+ + + + −=  (eq.2) 



where MA and MB correspond to the forecasts of the models that are meant to be fused, and εMA and εMB correspond 
to the error in the last 4 iterations by forecasting models A and B. Another fusion approach – LogAR - was tested 

 | | |( )( ln( )) (1 ln( ))t i t t i t t i t i nLogAR a e n MA a e n MB+ + + + −= × × × + − × × ×   (eq.3) 

where a is estimated by the least squares method and MAt+i|t is the autoregressive forecast, for prediction horizon 
t+i|t; i is the forecast time step and t is the instant of prediction (time horizon origin). MBt+i|(t+i-n) is the Numerical 
Weather Prediction (NWP) for the forecast time step i made at time origin t+i-n (received before the prediction 
instant i-n<t). This approach presented results that were less satisfactory than NNF, because it permits, in advantage 
to the LogAR model, a control of the forecasting models by measuring the error in each iteration. 

As for the uncertainty, the calculation is based on an error prediction model. The purpose is to predict the ratio 
between the power measured by SCADA and the predicted power which, in effect, represents the error itself. For the 
purpose, the correlation between PSCADA/Ppredict and other explanatory variables were analysed. The variable that 
better correlates with PSCADA/Ppredict is the predicted value itself. 

The construction of the model consists of a regression from quartiles to quartiles 25 %, 50 % and 75 %. The quartile 
regression makes it possible to analyse the impact of the explanatory variables over the dependent variable for a 
certain conditioned interval, estimating an interval for the prediction instead of an average expected value as with a 
least square-based regression. 

3. Test cases 
The development and implementation of a forecast tool can only be done if proper validation accompanies the 
process. To do that, the several modules are under test in three Portuguese wind farms: Pinheiro Wind Farm, in the 
northern part of the country, with 21.6 MW installed power, Cabeço da Rainha Wind Farm, located in central interior 
of the country, with 16.2 MW, and Chão Falcão Wind Farm, with 34.5 MW and also in central Portugal, but only 
about 25 km from the sea. Being sites with different climatologically regimes, the quality of the methodology 
validation exercise should be reinforced. 

So far, tests were performed only on Pinheiro Wind Farm. The wind farm started operating the end of 2002. It is 
constituted of 12 wind turbines with a nominal power of 1.8 MW, rotor diameter of 70 m and hub height of 65 m. 
The wind conditions at the site are monitored by stations PORT071 and PORT214, both having wind vanes and 
anemometer installed at hub height. Figure 8 shows the layout of the wind farm and the location of the monitoring 
stations. 
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Fig. 8 – Pinheiro Wind Farm 



Meteorological forecasts in several temporal windows, for the year 2005, were obtained using MM5 with ECMWF 
and NCEP boundary conditions. These forecasts were later compared with the actual measured figures from the 
monitoring stations. Figure 9 shows a scatter of such comparison with data collected at station PORT071. 
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Fig. 9: Scatter plot of simulations vs observations in the Pinheiro site, PORT071 station, all 2005 forecasts: 

               (i) in the time window 6-30 h, (ii) 48-72 h., MM5, with ECMWF boundary conditions, 6 km resolution. 

In this particular case, a systematic under-estimation is perceived. It is noticed how dispersion grows the farther the 
time window is. Also in this particular case, the magnitude of the underestimation grows with the increase of the time 
window and its distance to the instant when forecasts are performed. This last feature implies that transfer functions 
between forecast predictions and local wind shall be established when using physical modules to create historic data 
or to forecast power. 

The WFPC was reasonably well reproduced by the employed models, WAsP and Ventos®, being the average power 
BIAS of – 78 kW and – 323 kW. It is referred that in case of WAsP, two WFPC were employed, each one using as 
reference sites the sites of the two monitoring stations. Some corrections were also performed to the results, based on 
the results of local wind measurements carried out along many several years. In the case of Ventos® only station 
PORT071 was used. Nevertheless, the yearly BIAS was found to be only 1.5 % of the wind farm nominal power. 

This quantification of the error still lays an open issue among the groups involved in the EPREV project. Not only the 
average BIAS but also its dispersion can light up the quality of the models and their limitation. Even so, the 
magnitude of BIAS using WFPCs built with both models is encouraging. 

As for the use of statistical models, around 70 % of SCADA data of Pinheiro Wind Farm in 2005 was used for the 
training of the models, keeping the remaining 30 % for test and validation of the results. The obtained global results 
are considered to be satisfactory as the improvement in the global model, given the persistence, is equivalent to the 
reference projects in this area [12]. 

Comparison with the persistence forecast model is presented on figure 10, based on [13], the improvement being 
calculated using equation 4. As seen, the improvement of the quality on the prediction averaged for the 72 hours 
period is about 66 %. 
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4. Conclusions and future work 
A wind power forecast model, consisting in several modules, is being built by a consortium of Portuguese universities 
and research institutes, financed by a group of wind farm investors. Work is being done in the meteorological forecast 
up to 72 hours using mesoscale models and different boundary conditions. Statistical models are being designed with 
the same purpose, using forecasts and training from historical data. Also physical models are being tested in order to 
convert meteorological forecasts into wind power forecasts. 

Three Portuguese wind farms are used as test cases to validate the developed tools. So far the model has been applied 
to two wind farms but only in one case the tests are complete. Despite the need of further developments, namely for 
the combined use of the different models and for the uncertainty forecasting, among others, the results obtained with 
the models used individually are very promising and in line with the state of the art. 

The models shall now be implemented and tested in other wind farms. The definition of transfer functions between 
the meteorological forecasts and the corresponding meteorological conditions, at the reference sites for which the 
WFPCs, are to be built and applied to train the statistical models for wind farms without historical data. Guidelines 
for the use of the forecasting tool as a whole, combining different approaches and results, and for the appropriate 
choice in each wind farm or zone, are also part of the work to be done. This will be a significant contribution for the 
use of the tool in operational mode, the step that shell follow the conclusion of the present project. 
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