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Abstract Accurate prediction of wind farm power is essential for increasing wind
penetration in the electricity grid. It also aids the power system operators in plan-
ning unit commitment, economic scheduling, and dispatch. In this paper, combined
wind farm power prediction models have been built based on wind speed prediction
models and power curve models. The wind speed prediction models have been built
using nonlinear autoregressive models with and without external variables. The
wind turbine power curve has been modeled using parametric and nonparametric
models. Parametric models are built using four- and five-parameter logistic
expression, whose parameters are solved using particle swarm optimization
(PSO) and differential evolution (DE). Nonparametric models were built based on
data mining algorithms. Multistep prediction model for wind power forecasting has
been developed for very short-term forecasting of wind power. Real-time data
obtained from Sotavento Galicia Plc. has been used for testing the proposed model.
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1 Introduction

Wind power has definitely gone a long way in solving the problems of energy and
environmental crisis. Though wind energy promises to be a clean and sustainable
source of energy, its integration into the existing electrical supply system is a great
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Fig. 1 Combined prediction model for wind power

challenge. Wind power prediction has been a hot area of research, and several
techniques have been evolved for both onshore and offshore power prediction [1-5].

This paper presents a novel combined model for very short-term wind power
forecast. It consists of the combination of a wind speed prediction model and wind
turbine power curve model (Fig. 1). Many of the research works carried out earlier
have built the univariate model of wind speed time-series data. In this paper,
nonlinear autoregressive models (NAR1) for time-series wind speed data with and
without external variables have been built. These models have been solved using
data mining algorithms. Multistep prediction models for predicting wind speeds at
10 min interval up to 1 h have been built. These values are given as inputs to the
wind turbine power curve models which have been built using parametric and
nonparametric techniques. The parametric models of wind turbine power curve are
built using the four- and five-parameter logistic expression whose variables are
solved using nontraditional optimization techniques such as PSO and DE.

These techniques have the advantage of enhanced accuracy and are very easy to
implement even for huge datasets. The nonparametric models are built using data
mining algorithms. The combined models are used to predict the wind farm power
over 10 min interval, for the next six time steps.

2 Wind Speed Prediction Model

Building an accurate model for wind speed forecasting is the first important req-
uisite for realizing the combined prediction model shown in Fig. 1. Four different
models have been built for very short-term wind speed forecasting. WS11, WS10,
and WS09 refer to the 10 min averaged wind speed data of December in the years
2011, 2010, and 2009, respectively, and WD represents wind direction. The first
one is a nonlinear autoregressive model (NAR1), and the remaining models are
built based on exogenous variables, namely the wind direction and wind speed of
the previous two years. These nonlinear models are solved using data mining
algorithms, namely SMOreg, Lazy k-star, bagging, M5R, and M5P.
The defining equation for the NARX model is

y(l) :f(y(t - 1)7y(t - 2)7 e 'ay(t - I’ly),l/t(l - 1),M(l - 2)7 o '7”(1 - nu)) (1)

where the next value of the dependent output signal, the wind speed at a particular
time y(¢) is regressed on previous values of the output signal and previous values of
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an exogenous input signal u, n, is the AR order, and n, is the input order [6]. The
function f can be approximated using any nonlinear algorithms such as neural
networks and data mining algorithms.

2.1 NAR and NARX Models for Wind Speed

The NAR models do not have any exogenous input signal. The expression for the
NAR model developed for wind speed (NARI1) using the sequential feature
selection algorithm is given in Eq. 2.

y(6) =f (e = 1),y(t = 2),5(t = 3),y(t = 5)) ()

The wind direction and wind speeds of the corresponding time in the previous
two years are the exogenous variables that have been taken into consideration.

2.1.1 Model Incorporating Wind Direction

Sensing of wind direction is essential to capture maximum power from the wind. It
is usually measured in cardinal directions or in azimuth degrees and is measured
using a wind vane. The nonlinear autoregressive model including wind direction
(NARX1), using the sequential feature selection algorithm, is given in Eq. 3.

y(O) =f (e = 1),y =2),y( = 3),y(t = 5),m(t = 1),m(t=3))  (3)

where u; is the wind direction of the corresponding period.

2.1.2 Model Incorporating Annual Trends

A linear time-series-based model for forecasting wind speed and direction was
proposed by relating the predicted interval to its corresponding one- and two-year old
data [7]. The one-year model performed better than the two-year model for smaller
prediction horizons, while the two-year models performed better for larger prediction
horizons. The nonlinear autoregressive model with wind direction and wind speed of
the corresponding period in the previous year (u,) as exogenous variables (NARX?2),
after application of feature selection algorithm, is defined in Eq. 4.

y(0) =f (e = 1), y(t = 2),y(t = 3),y(t = 5), 11 (1 = 1), ua (£ = 3),u2(1 = 4)) (4)

The nonlinear autoregressive model with wind direction and wind speed of the
corresponding period one year before and two years before (u#3) as exogenous vari-
ables (NARX3), after application of feature selection algorithm, is defined in Eq. 5
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y(0) =f (e = 1), 5(t = 2),y(t = 3),y(t = 5),m (1 = 1),

ul(t—3),u2(t—4)7u3(f—1)7”3(t_7)) (5)

Multistep prediction up to six consecutive time steps has also been developed.

3 Wind Turbine Power Curve Model

The theoretical power captured by the rotor of a wind turbine (P) is given by

P =0.5pnR*C,y’ (6)
where p is the air density, R is the radius of the rotor, C, is the power coefficient, and
y is the wind speed [8]. In this paper, parametric and nonparametric models are built
for the wind turbine power curve. Parametric models are built using four- and

five-parameter logistic expression [9]. The parameters of these expressions are solved
using PSO and DE. Nonparametric models were built using data mining algorithms.

3.1 Parametric Models

The shape of the power curve resembles the four-parameter logistic function which
is defined as

P=a(l4+me™"/14ne™/7) (7)

where a, m, n, and 7 are the vector parameters. The five-parameter logistic expression
has been used for modeling the wind turbine power curve in [9]. It is defined by

P:d+(a—d)/(1+(i)b>g (8)

where a, b, ¢, d, and g are the vector parameters that are solved using PSO and DE.

3.2 Nonparametric Models

A nonparametric model for the power curve is built on the assumption that

P=f(y) )
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Nonparametric models are built using four different data mining algorithms,
namely MLP, bagging, M5R, and M5P. The combined power prediction models are
the major contribution of this paper. The output of the best wind speed model is
given as input to the best wind turbine power curve model. Multistep prediction
models for the next six consecutive time steps have been built.

4 Modeling Techniques

The nonparametric models were developed using various data mining algorithms
such as SMOreg, Lazy k-star, bagging, M5R, M5P, and MLP. The optimization
techniques such as PSO and DE have been employed in this paper to find the
parameters of the four- and five-parameter logistic function. The optimization
problem is defined as follows:

N
Objective function: min Z [P.(vi) — Pa(i)]? (10)
i=1

where P,(y;) is the power estimated by the logistic expressions, P,(i) is the actual
power, and N is the total number of data. The constraints of the four- and
five-parameter logistic expression are given in Eqgs. 11 and 12, respectively.

{amin Sagamaxammin Sm Smmax;nmin Sl’l Snmamfmin S T S ‘Cmax} (11)

{amin S a S Amax s bmin S b S bmaXa Cmin S c S Cmax s dmin Sd S dmaXagmin S 8 S gmax}
(12)

5 Results and Analysis

The data used for this research, the results obtained, and the analysis of results have
been presented in this section.

5.1 Experimental Data

The real-time data used for development of wind speed and wind power prediction
models was obtained from Sotavento Galicia Plc., an experimental wind farm
supported by the “Xunta de Galicia”, the regional autonomous government [10].
The 10 min averaged data for the month of December 2011 has been used for the
combined wind power prediction models (Fig. 2). The total number of data is 4446,
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Fig. 2 Real-time data of December 2011

half of which was used for training and the other half was used for testing the data
mining algorithms. The parametric algorithms which involved the application of
optimization techniques were built using the entire set of data.

5.2 Results of Wind Speed and Power Prediction Models

As the combined model for wind power prediction is built using the best wind
speed model and best wind power curve model, the performance of the various
models built in this regard has been analyzed in the following section. The per-
formance of these parametric and nonparametric models has been evaluated using
the metrics mean absolute error (MAE) and root mean squared error (RMSE). If
N is the total number of input data, S, is the estimated variable, and S, is the actual
variable, MAE and RMSE are defined as follows:

N
MAE = =5 [5.(0) — 8.(0)] (13)
RMSE = %EN: (So(i) — Sa(i))? (14)
i=1

The variables can either be wind speed or power based on the model being
tested.

5.2.1 Performance of Wind Speed Prediction Models

The performance of the time-series models for wind speed built using data mining
algorithms was compared and the M5R algorithm performed best for the nonlinear



Wind Farm Power Prediction Based on Wind Speed ... 21

autoregressive model for wind speed. The M5P and bagging algorithms give the
lowest MAE and RMSE, respectively, for all the other models that are built
including the different external variables. The multistep prediction models were also
built for wind speed using these algorithms.

5.2.2 Performance of Wind Power Prediction Models

In order to identify the best wind power prediction model, the parametric and
nonparametric wind turbine power curve models are built. The data mining algo-
rithms used for nonparametric models were developed and tested in WEKA. The
optimization techniques, PSO and DE, used for solving the logistic expressions of
the parametric models were built in MATLAB. The population size and maximum
number of iterations of PSO and DE were selected as 50 and 100, respectively. The
control parameters of PSO are w = 0.5, C; = 2, and C, = 2. The control parameters
of DE are F = 1 and Cg = 0.5. The parameters of four-parameter logistic expression
(a, m, n, 1) solved by PSO are (383.4822, —0.3050, 271.1179, 1.5341) and by DE
are (384.09, —3.4636, 216.5773, 1.5634). The parameters of five-parameter logistic
expression (a, b, c, d, g) solved by PSO are (395.9986, —6.31994, 9.7276, —2.7150,
0.5682) and by DE are (393.9342, —6.4761, 9.7280, —3.0050, 0.5521).

When the best wind speed prediction models are given as input to the wind
power curve models, it was observed that the parametric power curve models totally
outperform the nonparametric models. The wind turbine power curve built using
five-parameter logistic expression whose parameters are optimized using PSO give
best results for all the NARX models of wind speed. Parametric models solved
using DE algorithm give the best performance for the NAR model of wind speed.

Multistep prediction models of wind power are built for the best combination of
wind speed and power, and their performance is tabulated in Table 1.

5.3 Analysis of Results

The multistep prediction of the combined models of wind power has been analyzed
in Table 2 using two criteria, mean and standard deviation (Std) of the errors. The
mean value gives an idea about the error magnitude in every consecutive step and
Std is a measure that is used to quantify the amount of variation or dispersion of a
set of data values. The combination of nonlinear autoregressive wind speed model
without any external variables (NAR1) built using M5R algorithm and wind turbine
power curve model built using four-parameter logistic expression solved by DE
algorithm registers lowest mean and standard deviation when the RMSE is con-
sidered. Though the mean of its MAE errors is higher than the other models, its
standard deviation is the lowest.
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Table 2 Analysis of multistep prediction of combined models of wind power

Combined models of wind power prediction MAE RMSE
Mean Std Mean Std

NARI1 (M5R) + DE (4P) 24.49 2.547 36.98 3.198
NARI1 (M5R) + DE (5P) 24.46 2.608 37.36 3.298
NARX1 (M5P) + DE (4P) 2442 2.765 37.19 3.488
NARX1 (M5P) + PSO (5P) 24.43 2.845 37.41 3.533
NARX2 (M5P) + DE (4P) 24.32 2.694 37.15 3.451
NARX2 (M5P) + PSO (5P) 24.33 2.782 37.36 3.518
NARX3 (MS5P) + DE (4P) 24.28 2.631 37.04 3.279
NARX3 (M5P) + PSO (5P) 24.29 2.733 37.26 3.375

This model which has the lowest standard deviation augurs well for multistep
prediction. Prediction of wind power based on this model would definitely give a
very reliable result for very short-term horizon spanning from 10 min to 1 h.

6 Conclusion

Wind power prediction models can revolutionize electricity trading, aid the power
system operators in planning and control. Combined power prediction models
consisting of wind speed and wind turbine power curve models have been proposed
in this paper. The combination of nonlinear auto regressive wind speed model built
using M5R algorithm together with the wind turbine power curve model built using
the four-parameter logistic expression, whose parameters were solved using DE,
performed best. The multistep prediction of this combined model of wind power is
very impressive as it records the lowest standard deviation for both the error
measures, namely MAE and RMSE. These models can be effectively used to
predict power for consecutive time steps, using wind speed as the only input.
Development and implementation of this model will definitely go a long way in
making wind-generated power more attractive, reliable, and competitive.

References

1. Munteanu I, Besancon G (2016) Identification-based prediction of wind park power
generation. J Renew Energy 97:422-433

2. Dong L, Wang L, Khahro SF, Gao S, Liao X (2016) Wind power day-ahead prediction with
cluster analysis of NWP. J Renew Sustain Energy Rev 60:1206-1212

3. Renani ET, Elias MFM, Rahim NA (2016) Using data-driven approach for wind power
prediction: a comparative study. J Energy Convers Manage 118:193-203



24

10.

M. Lydia et al.

. Ouyang T, Zha X, Qin L, Xiong Y, Xia T (2016) wind power prediction method based on

regime of switching kernel functions. J Wind Eng Ind Aerodyn 153:26-33

. Heinermann J, Kramer O (2016) Machine learning ensembles for wind power prediction

89:671-679

. Neural network toolbox, MATLAB R2008a
. El-Fouly THM, El-Saadany EF, Salama MMA (2008) One day ahead prediction of wind

speed and direction. IEEE Trans Energy Convers 23:191-201

. Kusiak A, Zheng H, Song Z (2009) On-line monitoring of power curves. J Renew Energy

34:1487-1493

. Lydia M, Immanuel Selvakumar A, Suresh Kumar S, Edwin Prem Kumar G (2013) Advanced

algorithms for wind turbine power curve modeling. IEEE Trans Sustain Energy 4:827-835
http://www.sotaventogalicia.com/


http://www.sotaventogalicia.com/

2 Springer
http://www.springer.com/978-981-10-4851-7

Intelligent and Efficient Electrical Systems
Selected Proceedings of ICIEES'17
Bhuvaneswari, M.C.; Saxena, ). (Eds.)

2018, XV, 268 p. 156 illus., 122 illus. in color.,
Hardcowver

ISEN: @78-981-10-4851-7



	2 Wind Farm Power Prediction Based on Wind Speed and Power Curve Models
	Abstract
	1 Introduction
	2 Wind Speed Prediction Model
	2.1 NAR and NARX Models for Wind Speed
	2.1.1 Model Incorporating Wind Direction
	2.1.2 Model Incorporating Annual Trends


	3 Wind Turbine Power Curve Model
	3.1 Parametric Models
	3.2 Nonparametric Models

	4 Modeling Techniques
	5 Results and Analysis
	5.1 Experimental Data
	5.2 Results of Wind Speed and Power Prediction Models
	5.2.1 Performance of Wind Speed Prediction Models
	5.2.2 Performance of Wind Power Prediction Models

	5.3 Analysis of Results

	6 Conclusion
	References


