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ABSTRACT 

Wind power is considered one of the most rapidly growing sources of electricity generation all over the world. This paper proposes a new 

approach for wind power prediction. The proposed method is derived by integrating the kernel principal component analysis (KPCA) method 

with the general regression neural network (GRNN) and local prediction framework. Local prediction uses only a set of K nearest neighbors 

in the reconstructed embedded space with considering the more relevant historical instances. In the proposed method, the first stage is 

using KPCA to extract features and obtain kernel principal components which used to construct the phase space of the time series of input. 

Then, local GRNN (LGRNN) is employed in the second stage to solve the wind power prediction problem. The proposed method is evaluated 

using real world dataset. The results show that the proposed method provides a much better prediction performance in comparison with 

other published methods employing the same data. 
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1. INTRODUCTION

WIND power is one of pollute-free renewable energy power generation. The wind power generation has increased over the last 
few years. The power generated from the wind has some disadvantages. These are intermittence, fluctuation and lower energy den-
sity [1]. These disadvantages will affect the stabilization of electrical grids when connected with these grids [2]. This negative effect 
can be reduced by accurate wind power prediction. Accurate wind power prediction along with load forecasting, allows scheduled 
operation of wind turbines and conventional generators which leads to achieve minimum operating cost [3-5]. Short term wind pow-
er prediction which time scales are in the order of some days (for the forecast horizon) and from minutes to hours (for the time-step), 
is a very important field of research for the energy sector [6]. 

The methods of wind power prediction can be categorized into three types. These are physical methods, statistical methods and 
methods based upon artificial intelligence (AI). The statistical methods perform well in short term prediction [7], while the physical 
methods are usually used for long term prediction [8]. The persistence method [9] and auto regressive integrated moving average 
(ARIMA) method [10] are examples of statistical methods. These methods can not always represent the nonlinear characteristics of 
the wind power inputs because they are based on a linear regression model.  

The merit of AI based methods is that they can describe the relation between input and output data from time series of the past 
by a non-statistical approach such as artificial neural network (ANN) [11-13] and data mining [14]. Moreover, other hybrid methods 
[15] have also been applied to short-term wind power prediction with success. These methods can learn the wind power behavior 
from previous wind power data and do not need the previous modelling of the wind power. Another well-known method based on 
statistical theory and kernel regression is the general regression neural network (GRNN) [16]. The GRNN has achieved a high accuracy 
when it is applied to prediction problems [17]. The main advantages of the GRNN compared to other types of neural networks in-
clude accurate function approximation from sparse data, rapid training procedures with very simple topology designs and robustness 
to noise and outliers due to being instance-based techniques working with weighted averages of the stored prototypes [18].  

All the above techniques are known as global predictors. The global predictors are trained using all data available but give a pre-
diction using a current data window. These predictors suffer from some drawbacks which are discussed in [19], [20]. Our previous 
[19], [20] work has shown that the local predictors can overcome these drawbacks and gives generally better results than those ob-
tained with global predictors. Time series reconstruction technique which is the first step in local predictors can be applied to the 
wind power prediction, because of the complexity and nonlinearity of the historical wind power data. In order to overcome the 
drawbacks of traditional methods [21], [22], the kernel principal component analysis (KPCA) is used in this paper to reconstruct the 
phase space of time series.  

The contributions of this paper are: to propose a local predictor approach based on GRNN combined with space reconstruction of 
time series, to apply the proposed method to solve short term wind power prediction problem and to improve forecasting accuracy 
in comparison with the results obtained with other methods. The proposed method has been evaluated using a real world dataset 
where the historical wind power data are the main inputs for training.  

The paper is organized as follows: Section 2 reviews the GRNN method. The local GRNN method is introduced in Section 3. 
Experimental results and comparisons with other methods are presented in Section 4. Finally, Section 5 concludes the work. 

2. GENERAL REGRESSION NEURAL NETWORK (GRNN) OVERVIEW 

GRNN is a kind of new-type neural network that proposed by Specht [16]. GRNN has similar architecture to multi-layer percep-
tron (MLP) neural network, but there is a basic difference. Traditional networks perform classification where the target variable is 
categorical, whereas GRNNs perform regression where the target variable is continuous. GRNN is capable of estimating any arbitrary 
function from historical data. The theory of kernel regression is the foundation of GRNN operation. The theoretical foundation of 
GRNN is non linear regression analysis. 

Assume that f(x, y) represents the known joint continuous probability density function of a vector random variable, x, and a sca-
lar random variable, y. Let x0 be a particular measured value of the random variable x. The regression of y on x0 (also called the condi-
tional mean of y given x0) is given by: 
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When the density f(x, y) is not known, it must usually be estimated from a sample of observations of x and y. Using Parzen distribu-
tion free to estimate, density function f(x0, y) can be obtained according to (1) by sample data collection  n
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dimensional input vector and y = f(x) ∈  R its corresponding real-valued output). 
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where n is the number of sample observations, p is dimension of x, σ is spread factor of Gauss function (called smooth parameter). 
Smooth parameter has a great influence on prediction performance of GRNN. This parameter sets the open of the function that de-
fines the neighborhood of influence and, therefore, the number of patterns to be considered for the estimation of a variable [15]. If 
this parameter is made large, more patterns will be considered. On the other hand, if smooth parameter is relatively small, fewer 
patterns are taken into account. 

By substituting the density function (2) into the conditional mean (1), and exchange sequence of integral and additive, by(x0) can 
be obtained. 
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Performing the two integrals of formula (4) yields the following: 
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So the predicted value is weighted average of all of the observed values yi where each observed value is weighted exponentially ac-
cording to its Euclidean distance from x0.  

All GRNN networks have four layers of processing unit as shown in Fig. 1. Each layer of processing units is assigned with a specific 
computational function when non-linear regression is performed. These layers are input layer, pattern layer, summation layer and 
output layer, respectively. The first layer of the network is responsible for the reception of information. This layer has as many neu-
rons as there are input/ target vectors. The output of each neuron equals to its net input passed through radial basis kernel function. 
The input neurons then feed the data to the second layer (pattern layer) which is also called latent regression layer. The number of 
neurons in this layer is equal to the number of cases in the training set. A pattern neuron is employed to process the data in a sys-
tematic way so that the relationship between the input and the proper response is “memorized”. The neurons of the third layer 
(summation layer), receive the outputs of the pattern neurons. This layer includes two units. The first unit calculates the sum of the 
weight of each unit output of second layer; the weight is value of every training sample which can be regarded as shown in (5). While 
the second unit calculates the sum of the output of each unit of pattern layer and can be regarded as denominator of (5). Finally, the 
fourth layer (output layer) produces the estimated output component that is a localized average of the stored output patterns. 
 

 

 

 

 

 

 

 

 

 

 

Fig. 1. General regression neural network (GRNN) architecture 
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3. WIND POWER PREDICTION BASED LOCAL GRNN (LGRNN) 

A. TIME SERIES RECONSTRUCTION BASED ON KPCA 

The traditional time series reconstruction techniques suffer from a serious problem. In which there may be correlation between 
different features in reconstructed phase space. This will affect the quality of phase space reconstruction and modelling [23]. KPCA 
which is one type of nonlinear principal component analysis (PCA) is used in recent years to process nonlinear time series and to 
overcome the traditional techniques problem [22]. 

KPCA is an unsupervised technique that is based on performing principal component analysis in the feature space of a kernel. 
The computations in KPCA are performed in a feature space which is nonlinearly related to the input space. The KPCA is nonlinear, 
because of the nonlinear relationship between the input space and feature space. The implementation of KPCA, unlike other forms 
of nonlinear PCA, relies on linear algebra by mapping the original inputs into a high-dimensional feature space via a kernel map, 
which makes data structure more linear. 

In this paper, the commonly used Gaussian kernel is employed and can be defined as: 
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The detail introduction of the basic KPCA can be viewed in [21], [23], [24]. 

B. LOCAL GRNN 

Local prediction is concerned with predicting the future based only on a set of K nearest neighbors in the reconstructed embed-
ded space without considering the historical instances which are distant and less relevant. Predictions of this kind are to establish a 
curve for the most recent data, and then make predictions based on the established curve. Local prediction constructs the true func-
tion by subdivision of the function domain into many subsets (neighborhoods). Therefore the dynamics of time series can be cap-
tured step by step locally in the phase space and the drawbacks of global methods can be overcome.  

Two important aspects should be concerned in the local predictor algorithm. The first one is how to choose suitable neighbor 
points. In this work, the Euclidean distance is used to choose the nearest patterns. The second is how long into the predicted series 
we can trust, in other words what is the number of the nearest neighbors. In general, the number of the nearest neighbors (K) must 
be larger than the dimension of the time series. However, if the number is too large, some far away points may be taken into account 
and this could reduce accuracy. In this paper, K is calculating by using a systematic method proposed by us in [20]. 

In general, the proposed local GRNN algorithm consists of four stages. The first stage reconstructs the time series using the KPCA 
method. The second stage finds the K closest vectors, or nearest neighbors, of observed variables in the data set for each query vec-
tor. The GRNN model is constructed in the third stage using only the K nearest neighbors, and the fourth stage evaluates the model 
using the query vector as the input to estimate the process output. 

Overall, the accuracy of the local predictor is better than the global predictor, because the accuracy of the latter is corrupted by 
distant patterns that have weak relationship to the current query. Another advantage of local predictor is that the training set for 
each point on the reconstructed trajectory is much smaller than the global predictor which requires use of all the available training 
examples, and it can save computational time and memory space through decomposing the prediction problem to several smaller 
ones. 

The steps for wind power prediction based on the proposed method can be summarized as following: 
 Step 1: Reconstruct the time series: Load the wind power time series dataset X = (x1(t), x2(t),…, xM(t)), (t = 1, 2,…,N). Using 

the KPCA, reconstruct the wind power time series. 
 Step 2: Form a training and validation data: The input dataset after reconstruction x~ is divided into two parts, that is a 

training trx~ dataset and validation vax~ dataset. The size of the training dataset is Ntr while the size of the validation dataset 
is Nva. 

 Step 3: For each query point qx , choosing the K nearest neighbors of this query point using the Euclidian distance be-
tween qx  and each point in )1(

~
trtr NKX  . 

 Step 4: Train GRNN: The K nearest neighbors of the query point and the smooth parameter are used to train the GRNN al-
gorithm. 

 Step 5: Calculate the prediction value of the current query point using equation (5). 
 Step 6: Then, the steps 3 to 5 can be repeated until the future values of different query points are all acquired. 
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4. NUMERICAL RESULTS 

A. DATA 

To evaluate the performance of the proposed LGRNN method, it has been tested for wind power prediction using the real data from 
wind farms in Alberta, Canada [25]. Alberta has the highest percentage of total installed wind generation capacity of any province in 
Canada. There are more than 40 wind projects proposed for future development in Alberta. Alberta includes many wind farms such 
as Ghost pine wind farm (owning 51 turbines and 81.6 MW total capacity), Taber wind farm (owning 37 turbines and 81.4 MW total 
capacity), Wintering Hills wind farm (owning 55 turbines and 88 MW total capacity), etc [26]. The total wind power installed capacity 

in 2011 is 800MW. This value will be raised to 893 MW by the most resent governmental goals for the wind sector in 2012 [26]. The 
wind power profile in Alberta, Canada at January 2011, is shown in Fig. 2. 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Wind power profile in Alberta, Canada, at January 2011. 
 

B. PARAMETERS 

To implement a good model, there are some important parameters to choose. There are two important parameters in the KPCA 
algorithm which used to reconstruct the phase space these parameters are the number of principal components (nc) and w

2
 in the 

Gaussian kernel function. The optimal values of these parameters which computed using the cross validation method are w
2
=1.1 and 

nc = 8.  
In the local prediction model, choosing the neighborhood size (K) is very important step. So, this parameter is calculated as de-

scribe in [20] where kmax and β are always fixed for all test cases at 45% of N and 80, respectively. 

C. PREDICTION ACCURACY EVALUATION  

For all performed experiments, we quantified the prediction performance with root mean square error (RMSE) and normalized 
mean absolute error (NMAE) criterion. They can be defined as: 

  
                                                                                                      (7) 
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where hp̂  and hp are forecasted and actual electricity prices at hour h, respectively, instp is the installed wind power capacity 
and N is the number of forecasted hours.  

D. RESULTS  

The proposed LGRNN method has been applied for the prediction of the whole wind power in Alberta, Canada. The performance 
of the proposed method is compared with 3 approaches employing the same dataset. These approaches are persistence [9], seasonal 
ARIMA (SARIMA) and local radial basis function (LRBF). Historical wind power data are the only inputs for training the proposed 
method. For the sake of clear comparison, no exogenous variables are considered. 

The SARIMA model belongs to a family of flexible linear time series models that can be used to model many different types of 
seasonal as well as nonseasonal time series. Thus, each observation can be explained as a linear function of its past values, but with 
some errors. ARIMA models can also adjust for seasonality in the data, in which case the model is denoted by ARIMA (p,d,q)×(P,D,Q)S, 
where (p,d,q) are the nonseasonal autoregressive order, differencing order and moving average order, respectively and (P,D,Q) are 
the seasonal autoregressive order, differencing order and moving average order, respectively while S is the seasonal order [27]. 

The LRBF model can be derived by combining the local predictor with RBF [28]. It can be summarized as follows: First, recon-
struct the time series using KPCA as described above. For, each query vector q, the K nearest neighbors among the training inputs is 
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choosing using the Euclidian distance as the distance metric between the q and each point in the reconstructed time series. Using 
these K nearest neighbors only, train the RBF. Finally, the output of RBF can be computed. 

The proposed LGRNN method predicts the value of the wind power subseries for one day ahead, taking into account the wind 
power data of the previous 3 months (the first 80% values of these data are used for training, while the last 20% values are used for 
validation). The length of the forecast horizon for the Alberta dataset is 24 hours. Four test weeks (Monday to Sunday) corresponding 
to four seasons of year 2011 are randomly selected for this numerical experiment. These test weeks are: the second week of Febru-
ary 2011 as a winter week, The third week of May 2011 as a spring week, The second week of August 2011 as a summer wee, and 
the first week November 2011 as a fall week. 

The error (RMSE and NMAE) of each day during each testing week is calculated. Then the average error of each testing week 
(Monday to Sunday) is calculated by averaging the seven error values of its corresponding forecast days. Finally, the overall mean 
performance for the four testing weeks for each method can be calculated. Table 1 shows a comparison between the proposed 
LGRNN method and three other approaches (Persistence, SARIMA and LRBF), regarding the RMSE criterion. 
 

TABLE 1 
COMPARATIVE RMSE RESULTS 

 Winter Springs Summer Fall Aver-

age 

Persistence 13.71 16.19 14.42 22.99 16.83 

SARIMA 6.70 6.59 8.09 13.88 8.82 

LRBF 5.03 4.85 4.76 6.97 5.40 

LGRNN 4.29 3.98 3.90 5.62 4.45 

 

These results show that the proposed method outperforms other methods. Table 2 shows the RMSE improvements of the EOL-
GRNN method over Persistence, SARIMA and LRBF. 
 

TABLE 2 
IMPROVEMENT OF THE LGRNN OVER OTHER APPROACHES REGARDING RMSE 

 Average RMSE Improvement 

LGRNN 4.45 -- 

Persistence 16.83 73.56% 

SARIMA 8.82 49.55% 

LRBF 5.40 17.59% 

 
Table 3 shows a comparison between the proposed LGRNN method and three other approaches (Persistence, SARIMA and 

LRBF), regarding the NMAE criterion. These results show the superiority of the proposed method over other methods. Table 4 shows 
the NMAE improvements of the EOLGRNN method over Persistence, SARIMA and LRBF. 

 
TABLE 3 

COMPARATIVE NMAE RESULTS 

 Winter Springs Sum-

mer 

Fall Aver-

age 

Persistence 6.59 7.66 7.51 11.07 8.21 

SARIMA 3.21 3.09 3.84 6.53 4.17 

LRBF 2.38 2.31 2.20 3.26 2.54 

LGRNN 2.09 1.92 1.81 2.63 2.11 

 

TABLE 4 
IMPROVEMENT OF THE LGRNN OVER OTHER APPROACHES REGARDING NMAE 

 Average RMSE Improvement 

LGRNN 2.11 -- 

Persistence 8.21 24.79% 

SARIMA 4.17 49.40% 

LRBF 2.54 16.93% 



International Journal of Advance Research, IJOAR .org                                                                                        
ISSN 2320-9194 
  

IJOAR© 2013 
http://www.ijoar.org  

The above results indicate that the proposed LGRNN method is less sensitivity to the wind power volatility than the other tech-
niques used in the comparison. For instance, the wind power in Alberta is more stable in respect to wind behavior in summer and 
spring seasons than winter and fall seasons. So, the prediction error in these seasons is less than the prediction error in winter and 
fall seasons for all methods. However, the error of the proposed LGRNN method has less seasonal variation than other methods. It 
shows the better prediction ability of LGRNN method for the non-stationary and high frequency characterized wind power time se-
ries. 

To further study the superiority of LGRNN method, it is also executed for all 52 weeks of year 2011 for the Alberta dataset and 
compared with four other approaches (Persistence, SARIMA and LRBF). The results are shown in Fig. 3. These results show that the 
proposed LGRNN method improves the RMSE and NMAE for the 52 weeks of year 2011 over the Persistence, SARIMA and LRBF 
methods. Table 5 shows the RMSE and NMAE improvements of the LGRNN method over Persistence, SARIMA and LRBF. In addition, 
Fig. 4 shows the comparison between LGRNN method and Persistence, SARIMA and LRBF methods for each month of year 2011 re-
garding RMSE criterion. Same results can be got using the NMAE criterion. These results show the robustness of the proposed EOL-
GRNN method and its performance in a long run for a complete year. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. Results Of All 52 Weeks Of Year 2011 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4. RMSE Results For The Year Of 2011 
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5. CONCLUSION 

In this paper, a new method that can be used to solve the wind power prediction problem has been proposed. The proposed 
method combines the KPCA and LGRNN. In the proposed method, the phase space is reconstructed based on KPCA, so the drawback 
of the traditional time-series reconstruction techniques can be overcome. In addition, the disadvantages of global methods are over-
come using the local prediction framework. The application of the LGRNN method to wind power prediction is both novel and effec-
tive. A real world dataset from Alberta, Canada has been used to evaluate the performance of the proposed method which has been 
compared with persistence, SARIMA and LRBF. The numerical results show the superiority of the proposed method over all other 
approaches. So that the LGRNN method can be recommended to the utility engineers because the obtained accuracy is very good for 
the practical application which makes it particularly attractive for real world applications. 
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