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Abstract 

Variable loads along the drive-train are attributed to frequent failures of gears, bearings, and other components. 
Wind parameters cannot be controlled and therefore any turbine load-reducing remedies must be established based 
on proper insights into the wind-turbine interactions. A novel control concept to performance optimization of wind 
turbines is presented.  This proposed concept is based on analysis of the turbine status reflected in the SCADA data. 
Modern computational techniques are used to optimize performance of a wind turbine from tree basic perspectives: 
drive-train, power output, and power quality. The proposed approach demonstrates that gains in the metrics 
representing the three perspectives and the corresponding control goals can be significantly improved for any wind 
turbine. The solution is applicable different turbine types operating in different wind regimes, e.g., winds of different 
speeds and variability. Simple and transparent parameters allow an operator to determine a balance between the 
operations and maintenance, technical, business objectives. The proposed modeling framework was embedded in 
software. The software tool has been tested on the data collected from 1.5 MW wind turbines.  
 

1. Introduction 
The wind power industry is rapidly expanding, and accurate power forecasting is essential. It is then natural that the 
performance of this new industry has not been adequately studied. Wind power forecasts are used as input for 
various simulation tools, including market operations, unit commitment, and economic dispatch. Predictive 
engineering could become the key science of wind energy industry making it the most viable energy production 
alternative. Control optimization is necessary to produce energy in a cost-efficient way and power monitoring is 
essential for wind farm management. 
 
A number of different approaches have been applied to forecast wind speed and the power produced by wind farms 
on different scales. Potter and Negnevitsky [4] applied the adaptive-neurons-fuzzy inference approach to forecast 
short-term wind speed and direction. Using meteorological data, Barbounis et al. [1] constructed a local recurrent 
neural network model for long-term wind speed and power forecasting. Hourly wind park forecasts for up to 72 
hours ahead were produced.  Damousis et al. [5] developed a fuzzy logic model and trained it with a genetic 
algorithm. The model was then used to forecast wind speed over horizons ranging from 0.5 to 2 hours. Sfetsos [5] 
presented a novel method to forecast the mean hourly wind speed using a time series analysis, and showed that the 
developed model outperformed the conventional forecasting models. Torres et al. [18] built the ARMA model based 
on time series data after transformation and standardization, and predicted mean hourly wind speed for up to 10 
hours ahead. Landberg et al. [10] built a model to predict the power produced by a wind farm using the data from 
the weather prediction model (HIRLAM) and the local weather model (WASP). Lange et al. [11] presented various 
models for short-term wind power prediction, including physics-based, fuzzy, and neuro-fuzzy models. Physics-
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based and statistical modeling approaches have been widely used to forecast wind speed and wind farm power. 
Development of prediction models for wind speed and wind power, for either short-term or long-term horizons, pose 
a challenge due to the stochastic nature of wind. Frequent updates of the prediction models for wind speed or wind 
farm power pose another challenge. 
 
To wind turbine power monitoring, the constructed models are used as on-line profiles of the power curve for 
detecting anomalies in a wind turbine power generation process. Control charts are process monitoring tools for 
determining the source of process variation to be eliminated to bring the process back to its normal state. They have 
been widely researched in the statistical quality and process control literature [14]. Identifying process profiles with 
high fidelity is needed in most statistical process control applications. However, the majority of literature has 
focused on parametric profile monitoring, in particular linear profiles. Developing nonlinear parametric or non-
parametric models characterizing the power generating process is a challenge for power monitoring of wind turbines. 
 
Control optimization is meaningful way to reduce costs and to optimize the capture of energy from the wind with 
effective control strategies. Simple maximum power tracking algorithms are discussed in [3]. Control models of 
simultaneous power and torque optimization are presented in [3]. Such an optimization should be performed without 
adverse effect on the lifetime of turbine components, e.g., the gearbox. Maximizing the energy captured from the 
wind makes wind energy more competitive in the overall energy portfolio [7-9]. 
 
 
2. Wind Farm Power Prediction  
In this research, a data-driven approach is applied to build wind farm power prediction models and power curve 
monitoring models, and realize control optimization strategy. Data mining, computation intelligence and statistical 
control chart technique are employed in this research. The relationship between the wind speed and the generated 
power in the form of a power curve is studied; the models constructed by data mining algorithms are used as on-line 
profiles of the power curve for detecting anomalies in a wind turbine power generation process. A data mining 
approach has been applied to build a time series model for the prediction of wind farm power over short horizons, 
e.g., 10 to 70 minutes as well as longer horizons, e.g., 1 hour to 84 hours. The data mining algorithm identifies the 
wind turbine power generation process directly from the actual process data; computation intelligence is then is used 
as a supervisory controller generating optimal control setting and optimizing the energy capture from the wind. The 
models for power curve monitoring, power forecasting and power optimization are built using historical data 
collected by SCADA (Supervisory Control and Data Acquisition) systems installed at a wind farm. A data mining 
approach is also applied to build models for the wind farm power prediction over both a short-horizon (1 to 12 hours 
ahead) based on RUC (Rapid Update Cycle) [11] model and a long-term horizon (3 to 84 hours ahead) based on 
NAM (North American Mesoscale) [11] model; the models are built using historical SCADA data and weather 
forecasting data.  
 
 
3. Wind Turbine Power Optimization 
The power generation process of a variable speed wind turbine can be represented as a triplet ( , , ), yx v , where x 

kR  is a vector of k controllable variables, e.g., yaw direction, blade pitch angle; v mR  is a vector of m non-
controllable variables (measurable), e.g., wind speed, wind direction (measured by the anemometer);  y R  is the 
power output (electricity produced). The value of the power output changes in response to controllable and non-
controllable variables. The controllable and non-controllable variables are considered in this research as input 
variables. The underlying relationship is represented as ( , )y f= x v  where ( )f   is a function capturing the process 

in a steady state. Finding optimal control settings is formulated as a constrained optimization model shown in Eq. 
(1). 
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In the model (1) S is a feasible search space. In many industrial applications, the non-controllable variables v, the 
underlying function ( )f  , and the search space S are time dependent. Once the optimal vector optx  is determined, it 

is applied to the wind turbine to maximize the objective function. 
 
Modeling wind turbines offers flexibility in considering variables as controllable and non-controllable. For example, 
although a generator speed is usually controllable, it is conceivable that a system with the fixed generator speed 
could be analyzed. Finding optimal control settings maximizing wind turbine power output poses technical 
challenges. The first one is to derive an accurate analytic model describing ( )f   mapping, the input to the input to 

power output. Without an accurate and robust analytical model ( )f  , it is difficult to solve model (1) with traditional 

optimization techniques. The second challenge is that the function ( )f   could be non-stationary, and therefore it 

needs to be updated to remain valid.  
 
Data mining algorithms provide a viable alternative for identifying process models from large volumes of process 
data. The function ( )f   can be identified with data mining algorithms. An obvious advantage of the data-driven 

approach is that ( )f   can be easily and timely updated by new process data. Thus, a more accurate control of the 

wind turbine for power maximization is guaranteed. It needs to be stressed that ( )f   identified by data mining 

algorithms usually does not have an analytical form. To efficiently solve model (1), an evolutionary computation 
algorithm is used.  
 
Table 1 summarizes the prediction accuracy of the models built for each different horizon prediction. Note that in 
Table 1 t + 1 means one-hour-ahead prediction, t + 12 means 12-hour-ahead prediction. The direct prediction model 
for short-term wind farm power from t + 1 to t + 12 can be realized by building 12 prediction models. The results in 
Table 1 show that the prediction performance is stable and robust at the prediction horizons  t + 1 through t + 12 
hours.  
 

Table 1. Error statistics of the prediction model of short-term wind farm power. 
 

Time Period MAE (%) Std (%) Time Period MAE (%) Std (%) 

t + 1 9.28 8.12 t + 7 9.82 9.19 

t + 2 9.35 8.21 t + 8 10.57 9.91 

t + 3 9.76 8.69 t + 9 8.41 8.73 

t + 4 9.36 8.32 t + 10 11.06 10.63 

t + 5 9.97 8.93 t + 11 11.19 9.08 

t + 6 10.49 9.99 t + 12 11.49 10.53 

 
3. Conclusion 
In this paper, a frame work of data-driven approach was outlined and applied to predict wind energy production. 
Data mining, computation intelligence, and statistical control techniques were employed for constructing various 
models and solving challenging problems in wind farm power prediction, power curve monitoring, and wind turbine 
control. 
 
Models for monitoring wind turbine power curves were constructed. The control chart approach can be used to 
monitor the residual between the observed and the reference power. Thus the anomalies in the power generation can 
be detected. Industrial studies demonstrated that non-parametric and parametric models produced satisfactory results 
in monitoring power curves. On-line power monitoring provided basis for predictive maintenance of importance to 
the wind industry.   
 
A framework for optimization of the power produced by wind turbines was presented. The optimization approach 
presented applies to all turbines of a wind farm, and can be extended to other industrial processes. The research 
reported in this paper is applicable to the development of predictive control models for wind turbines. The business 
impact of the approach developed in this research on the wind industry could be significant. Active power and 
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torque can be optimized under constraints from mechanical and electrical domains. This will lead to a multi-
objective optimization model allowing for a comprehensive optimization of wind turbines. 
 
Wind farm power prediction models for different prediction horizons were built by data mining algorithms. The time 
series prediction models predicted accurately the wind farm power at different time scales. \ 
 
To wind farm power prediction based on weather forecasting models, a short-term prediction model with a 
maximum 12-hour forecast length and a long-term prediction model with a maximum 84-hour forecast length were 
built using weather forecasting data as predictors. The accuracy of the prediction model depends highly on its 
predictors – weather forecasting data, which means the more accurate the weather forecasting data, the better 
prediction performance the model. Unlike the time series and persistent models, the prediction models based on 
weather forecasting data had no obvious tendency to increase error as the prediction horizon increased. One avenue 
to be pursued in future research is to incorporate on- and off-site observations other than weather forecasting data 
into prediction models.  
 
Acknowledgement 
This research reported in this paper has been sponsored by the Iowa Energy Center, Grant No.07-01. 
 
References  
[1]   T.G. Barbounis, J.B Theocharis, M.C. Alexiadis and P.S. Dokopoulos, "Long-term wind speed and power 

forecasting using local recurrent neural network models," IEEE Transactions on Energy Conversion, vol. 21, 
2006, pp. 273-284.  

[2]  F.D. Bianchi, H. De Battista and R.J. Mantz, Wind Turbine Control Systems: Principles, Modeling and Gain 
Scheduling Design, London, UK: Springer, 2006.  

[3]  B. Boukhezzar, H. Siguerdidjane and M. Maureen Hand, "Nonlinear control of variable-speed wind turbines 
for generator torque limiting and power optimization," ASME Transactions: Journal of Solar Energy 
Engineering, vol. 128, 2006, pp. 516-530.  

[4]   C.W. Potter and M. Negnevitsky, "Very short-term wind forecasting for Tasmanian power generation," IEEE 
Transactions on Power Systems, vol. 21, 2006, pp. 965-972. 

[5]   I.G. Damousis, M.C. Alexiadis, J.B. Therocharis and P.S. Dokopoulos, "A fuzzy model for wind speed 
prediction and power generation in wind parks using spatial correlation," IEEE Transactions on Energy 
Conversion, vol. 19, 2004, pp. 352 – 361.  

[6]   R. A. Johnson and D. W. Wichern, Applied Multivariate Statistical Analysis, 4th Ed., Upper Saddle River, NJ: 
Prentice Hall, 2005.  

[7]  A. Kusiak, H.Y. Zheng, and Z. Song, “Wind farm power prediction: A data mining approach,” Wind Energy 
vol. 12, no. 3, 2009, pp. 275-293. 

[8]  A. Kusiak, H.Y. Zheng, and Z. Song, “Short-term prediction of wind farm power: A data mining approach,” 
IEEE Transactions on Energy Conversion, vol. 24, no. 1, 2009, pp. 125 - 136. 

[9]  A. Kusiak, H.Y. Zheng, and Z. Song, “Models for monitoring of wind farm power,” Renewable Energy, vol. 
34, no. 3, 2009, pp. 583-590. 

[10]   L. Landberg, "Short-term prediction of the power production from wind farms," Journal of Wind Engineering 
and Industrial Aerodynamics, vol. 80, 1999, pp. 207-220.  

[11]   M. Lange and U. Focken, Physical Approach to Short-Term Wind Power Prediction. Berlin, Heidelberg: 
Springer - Verlag, 2006.  

[12]   O. Mestek, J. Pavlik and M. Suchanek, "Multivariate control chart: control charts for calibration curves," 
Journal of Analytical Chemistry, vol. 350, 1994, pp. 344-351.  

[13]   C.W. Potter and M. Negnevitsky, "Very short-term wind forecasting for Tasmanian power generation," IEEE 
Transactions on Power Systems, vol. 21, 2006, pp. 965-972. 

[14]  W.H. Woodall, D.J. Spitzner, D.C. Montgomery, and S. Gupta, "Using control charts to monitor process and 
product quality profile," Journal of Quality Technology, vol. 36, 2004, pp. 309-320.  

- 470 -


