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1Abstract------ Accurate wind forecasting is valuable for a 
number of stake holders including farm, system and microgrid 
operators. The variability and non-linearity of the wind 
speed/power signal, compounded with the scarcity of time 
series data, constitute a challenge and make imperious the need 
of accurate and robust methods for wind forecasting. This 
paper presents a multi-variable model for day-ahead hourly 
wind speed/power prediction. The model is a combination of an 
input selection technique and a Neural Network (NN). First, the 
input selection technique selects the best set of inputs. Then, by 
means of the selected features, a  NN forecasts the next values 
of the wind signal. The whole proposed method is examined on 
wind speed prediction of two wind farms to show the validity 
and accuracy of the proposed model. 
  
 
Index Terms------Information Theory, Input Selection, 
Neural Network (NN), Wind Speed Forecasting. 
 

I. INTRODUCTION 

Increasing penetration of wind resources in power 
systems has highlighted the need for reliable prediction 
methods of wind speeds and associated power, in order to 
improve system reliability and decrease the costs of ancillary 
services [1]. Accurate wind prediction is necessary at all time 
scales. In this paper, we focus on day-ahead wind prediction, 
which is of interest for a number of stake holders. For 
independent power producers or utilities owning wind 
resources, accurate forecasting reduces the risks of incurring 
financial penalties for causing a system imbalance [2].   
Accurate forecasts also benefit microgrid operators and 
ISOs/RTOs by allowing timely trading on the day-ahead and 
intra-day electricity markets  in order to reduce the costs of 
spinning reserves and overall electricity production, and to 
avoid unpredicted large ramp events that can affect system 
reliability [3-5].   

In the last decade, a number of physical, statistical, 
artificial intelligence, and hybrid models for wind power 
prediction have been proposed [6, 7]. Physical approaches 
use mathematical models of the atmosphere to transform 
Numerical Weather Predictions (NWP) such as wind speed, 
direction, and temperature at a specific point on a spatial grid 
to estimate wind speeds at a given wind turbine hub height 
and location in a wind farm [8, 9]. Statistical methods use the 
difference between the predicted and actual wind 
speed/power values in the immediate past to obtain and tune 
the model parameters. Stationary time series models such as 
Auto-regressive Integrated Moving Average (ARIMA) is 
placed in this category [10]. Artificial Intelligence (AI) 
models such as Neural Networks (NN) [10, 11], fuzzy 
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models [12], Adaptive Neural Fuzzy Inference System 
(ANFIS) model [13] are used to capture the nonlinear 
mappings between input and output variables and hence are 
expected to perform well in their prediction of the non-linear 
wind speed/power signal [10].  

A review  of the literature on wind speed/power 
forecasting techniques shows that not enough attention has 
been given to the appropriate selection of inputs, referred to 
them also as features. Previous models select their input 
variables based on trial and error or engineering judgment. 
However, for a highly non-linear and volatile signal like 
wind, whose behavior is a function of many exogenous 
meteorological parameters, considering a fixed set of inputs 
may not be appropriate because the best inputs may change 
for different forecast periods. To remedy this problem, this 
paper presents a combination of an input selection technique 
and NN for wind speed/power prediction. The input 
selection technique employs information-theoretic based 
criteria to select highly informative and irredundant features. 
Then a feed forward NN with a hidden layer, trained with 
the Levenberg-Marquardt algorithm, is applied to forecast 
next day wind speed/power values with the set of input 
variables determined by the input selection module.   

Although the proposed method is suitable for prediction 
of both wind speeds and wind power, the focus of this paper 
is on wind speeds.  This is mainly due to data availability, 
since finding wind power data in the U.S. that is not 
contaminated by the effect of dispatch decisions and overall 
system operations remains a challenge. 

The rest of the paper is organized as follows. Section 2 
presents the wind speed prediction model; Section 3 reports 
results from applying the model to two wind farms. Section 4 
presents conclusions. 
 

II. WIND SPEED PREDICTION MODEL 

As shown in Fig. 1, the multi-variable model of this 
paper consists of two modules. The first module consists of a 
input feature selection process while the second one is the 
forecast engine. 

The input selection module is fed by a set of candidate 
input variables which includes all variables that may be 
useful for prediction of wind behavior such as historical 
information of wind speed (as the auto-regression part) and 
lagged values of all useful and available weather parameters 
like temperature, wind direction, pressure, etc. For instance, 
suppose that besides historical wind speed data W only the 
data of average hourly temperature T and wind direction D 
(in terms of angle) are available. So, if only the historical  
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Figure 1.  Structure of the proposed prediction model 

data of two days ago is considered, the set of candidate 
inputs S(t) for the prediction of wind speed at hour t, W(t) is: 

S(t) = {W(t-1), W(t-2),…, W(t-48), T(t), T(t-1), T(t-2),…, T(t-48), 
D(t), D(t-1), D(t-2),…, D(t-48) }                                                (1) 

where W(t-1), W(t-2), …, W(t-48) indicates lagged speeds up 
to two days ago; T(t) represents predicted average hourly 
temperature for the next hour (forecast hour); T(t-1), T(t-2), 
…, T(t-48) are lagged temperatures up to two days ago; D(t) 
represents predicted direction for the next hour (forecast 
hour); D(t-1), D(t-2), …, D(t-48) are lagged directions up to 
two days ago. Therefore the set includes 
48+1+48+1+48=146 candidate inputs. By adding more 
weather related parameters, the candidate set S(t) becomes 
even larger. Considering all available exogenous variables in 
the set of candidate inputs prevents losing any potentially 
informative inputs. In order to find the most informative 
inputs among the candidate inputs and to filter out the 
uninformative and redundant input variables, the set of 
candidate inputs S(t) should be refined by applying an input 
selection method. Using the whole candidate set in a forecast 
process would not be computationally efficient. Besides it 
includes ineffective inputs that are misleading and 
deteriorate the performance of the model. The input 
selection process employed in this paper is a two-stage 
information-theoretic based technique, as explained in 
subsection II.a.1.  

After the input selection module determines the selected 
inputs, the training and validation matrices (samples) are 
constructed by the historical data and then applied to the 
forecast engine (second module). The forecast engine of the 
presented model is a feed-forward NN, having multi-layer 
perceptron (MLP) structure and Levenberg–Marquardt (LM) 
training algorithm. The LM is a highly efficient and super-
fast training mechanism which works well for non-linear 
prediction tasks [14]. According to Kolmogorov's theorem, 
the MLP can solve a problem by using one hidden layer, 
provided it has the proper number of neurons [15]. So, one 
hidden layer has been considered in the MLP structure of the 
NN to avoid undesired effects of the cascaded hidden layers. 
The activation functions of the hidden and output layers 
nodes used are Hyperbolic Tangent and Purelin, 
respectively.  

The forecast engine works as a one-step-ahead 
forecasting mechanism so that only one output node is used 
in the output layer. After the NN is trained, the day-ahead 
wind speed forecast is obtained via recursion. In this case, 
when wind speed of an hour is forecasted, it is used as W(t-
1) for the wind speed prediction of the next hour and this 
cycle is repeated until the wind speed of the next 24 hours 
are predicted. In the day-ahead wind speed prediction, the 
historical data is updated once every day.  

To measure the generalization ability of the trained NN 
(i.e., its capability and accuracy for prediction of an unseen 

sample), and to prevent over-fitting in training the NN and 
fine-tunning of the adjustable parameters of the model (the 
relevancy threshold T1, The redundancy threshold T2 and 
number of hidden nodes of the NN), we use a cross-
validation technique as in [16, 17]. Thresholds T1 and T2 
determines the number of selected features used for training 
the NN. According to the technique, multiple combinations 
of adjustable parameters are tried and the one that results in 
the minimum validation error, as the error of predicting 
validation samples, is selected as the model with maximum 
generalization capability (best model for wind speed 
prediction of the next day). For this sake, the validation set, 
which is unseen by the NN, should be as similar as possible 
to the signal (here, hourly wind speed)  in the forecast 
horizon so that validation error becomes a true 
representative of the prediction error and allows selecting 
the best structure of the model. Considering short run trend 
characteristics of wind speed signals (dependency on the 
previous neighboring hours’ values), in this paper we take 
24 hourly wind speeds related to the day before the forecast 
day as the validation samples. So, this time period is 
removed from the available historical data (e.g., fifty days 
ago) and selected as the validation set. In this paper,  last 50 
days before the forecast horizon are considered as historical 
data. Training set consists of 49×24=1176 samples 
correspond with the first 49 days of the fifty-day period and 
validation set consists of 24 data samples correspond with 
the day before the forecast horizon.  

a. Two-stage Information-Theoretic Input Selection 
Techniqe 

Input or feature selection techniques are widely used for 
many machine-learning tasks in order to accomplish a 
number of goals such as facilitating data interpretation, 
increasing processing speeds, defying the curse of 
dimensionality, improving generalization performance, etc. 
Broadly speaking, input selection can be defined as the 
process of eliminating a number of irrelevant and redundant 
features, so that the remaining subset preserves the 
information content carried by the complete set of input 
features. Feature selection techniques are usually categorized 
into wrappers and filters [18]. In this paper, we will focus on 
the filter methods, because they are widely used, they are 
clear and simple to implement, well-matched to forecasting 
processes and can be efficiently computed for large data 
sets.  

A two-stage information-theoretic-based input selection 
technique is employed in this paper to select the best set of 
inputs for training the forecast engine. The designed 
technique is a two-stage process that filters out the irrelevant 
inputs (with a irrelevancy filter) at the first stage and 
removes the redundant inputs at the second stage (with a 
redundancy filter). The relevancy and redundancy of 
candidate inputs are assessed with information-theoretic 
measures. Information theoretic measures proved to perform 
well in forecast processes of variables that have non-linear 
dependencies such as short-term price forecasting [16], 
short-term and medium-term load forecasting [17] and short-
term wind forecasting. The inclusion of irrelevant and 
redundant variables will inevitably complicate data 
inspection and modeling without providing any extra 
information [19].  

a.1. Relevancy Evaluation  

One approach to feature selection is to rank features 
according to their individual relevance and then select the 
top-ranked features (say m top features). Strong relevance of 
a feature indicates that the feature is always necessary for an 
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optimal subset; it cannot be removed without affecting the 
original conditional class distribution. In other words, 
variations of a strongly relevant feature considerably affect 
the target variable (the forecast variable). Weak relevance 
suggests that the feature has no considerable effect on 
variations of the forecast variable and it is not always 
necessary. Irrelevance indicates that the feature is not 
necessary at all. Various criteria have been proposed to 
evaluate the effectiveness of a candidate input, including 
information (or uncertainty) measures such as Mutual 
Information (MI) [19-22], distance measures such as Releif 
algorithm [16] dependence or correlation measures [23, 24], 
and consistency measures [24, 25]. The MI measures have 
been found to outperform all other criteria used for 
evaluating the relevance of features[19, 23, 26] due to its 
capability for measuring non-linear dependencies between 
variables.    

MI between two random variables x and y can be 
interpreted as the information about y that we get by 
studying x and vice versa. Therefore, I(x;y) is the 
information found commonly in two random variables x and 
y. The MI of continuous variables x and y, denoted by I(x;y), 
is defined based on their joint probability distribution P(x,y) 
and respective individual probability distributions P(x) and 
P(y) as follows [19-21]: ( ; ) = ( , ) ( , )( ) ( )                        (2) 

MI between two discrete random variables x and y with n 
and m discrete values, respectively, becomes as follows: ( ; ) = ∑ ∑ , ( , )( ) ( )         (3) 

Suppose that SC={x1,x2,…,xM} is the set of candidate inputs 
and y is target variable for a forecast or classification 
problem. Then, the relevance of each candidate input xi with 
the target variable y, denoted by D(xi), is D(xi)=I(xi;y). 

A deficiency of the simple ranking-based filters is that 
the input features could be correlated among themselves so 
that features that are individually relevant may not all be 
useful because of possible redundancies. If feature xi is 
ranked high for the prediction task, other features that are 
highly correlated with xi are also likely to be selected by the 
ranking-based filters. This is why it is frequently observed 
that combining m top-ranked (highly relevant) features 
usually does not form a better feature set. Therefore, we can 
conclude that relevance of the candidate inputs with the 
target variable is an important factor (necessary condition) 
for feature selection, but it is not sufficient alone because it 
cannot effectively remove redundant features.  

a.2. Redundancy Evaluation 

Redundant features are defined as those whose 
information content about the target variable is represented 
by other features. Redundant features not only can 
deteriorate forecasting performance but also affect the speed 
of learning algorithm [27]. So, for forecasting or 
classification purposes, removing redundant features is 
necessary. This requires a criterion that enables measuring 
the redundancy of a candidate feature with other features 
(their common information about the target) to select the 
best set of features that are highly dependent to the target 
variable but poorly dependent to each other.  
Most of the literature [ 27, 28] measures the redundancy by 
assessing the common information between two candidate 
features. However these methods can identify as redundant, 

features that are not.  To illustrate this, consider Fig.2, 
where xs and xi are two candidate features, y is the target 
variable, and H(.) represents the entropy function for a 
random variable [19, 23]. Areas 1 plus 4 represent the 
common information between xs and xi and area 4 represent 
the real redundancy between input features xs and xi. As the 
mutual information of input features xs and xi, I (xi; xs), 
increases, the area 1 representing the common information 
of the features, not related to the target variable y increases 
as well. The large size of area 1, will mislead the algorithm 
to identify as highly redundant, and filter out, one of the two 
features. However, it may be that even though the common 
information between the two varibles is large, their common 
information about the target variable y is negligible, and 
hence they are not redundant. Examples of cases where 
large common information deteriorates the performance of 
the feature selection technique and the whole prediction 
process are given in [21].  

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

 
 

Figure 2. Representation of relevance and redundancy concept 

In this paper, we propose to use the  interaction 
information (INI) criterion -also referred to as interaction 
gain- which although not new, has never been used in this 
context.  INI can be either positive or negative. Negative 
INI between two features means they are redundant and 
positive INI means no redundancy (the more negative the 
INI, the more the redundancy) [29]. Hence, the redundancy 
between two input features xi and xs (to forecast target 
variable y), denoted by RE(xi,xs), is estimated as follows : ( , ) = | ( ; ; )|  ( ; ; ) < 00 ℎ     (4) 

The interaction information INI(xs; xi; y) can be defined in 
terms of individual and joint entropies as follows [29]:  

INI(xi; xs; y) = H(xi,xs) + H(xi,y) + H(xs,y) – H(xi) – H(xs) – 
H(y)–H(xi,xs,y)                                                    (5)  

It is possible to express INI(xs;xi;y) in terms of conditional 
MI (CMI) denoted as I(xi;xs|y) and joint MI (JMI) denoted as 
I(xi,xs;y) [29, 30]: 

INI(xi;xs;y)= I(xi;xs|y)-I(xi;xs)                                   (6) 

INI(xi;xs;y)= I(xi,xs;y)-I(xi;y)-I(xs;y)                      (7) 
The CMI I(xi;xs|y) in (6) describes the relationship between 
xi and xs in the context of y. In other words, I(xi;xs|y) 
represents the remaining mutual information between xi and 
xs for a given y (area 1 in Fig. 2). The JMI I(xi,xs;y) 
represents the area of 2+3+4. So, from both (6) and (7), 
INI(xi;xs;y) is equal to the negative of area 4. Hence, 
INI(xi;xs;y) can correctly measure the redundancy between xi 

H(xs) H(xi)

H(y) 

1

4 
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and xs in the context of y as a negative value. We use (5) to 
compute the INI. Entropies are calculated by the binomial 
distribution technique proposed in [19, 23]. Other 
approaches, like Parzen window and tri-state discretization 
[27], have also been proposed for the computation of the 
individual and joint probabilities of entropy and mutual 
information. However, our experience shows that the 
binomial distribution technique of [19, 23] is simpler, less 
time consuming, and requires less historical data which is 
an advantage for power system’s forecasts where available 
historical data is often limited. 

a.3. Combining Relevance and Redundancy Criterion for 
Feature Selection 

The relevance and redundancy measures described above 
must be combined in a way that maximizes relevancy and 
minimizes redundancy.  For this sake, we propose a two-
stage feature selection technique. In the first stage, the 
relevancy measure of Eq. (3) is used to evaluate the 
relevance of all candidate input features. Then, highly 
relevant features are selected for redundancy analysis and 
other irrelevant features are filtered out. The whole process 
can be summarized as follows:  
Step 1) All candidate features (N features) are linearly 
normalized in the range of [0,1]. 
Step 2) Relevance of each candidate feature xi to the target 
variable y, indicated by D(i), is evaluated by MI as discussed 
in subsection II.a.1 and Eq. (3).  
Step 3) the top m features with relevance values more than a 
pre-specified threshold T1 are kept for redundancy analysis 
at the second stage and other features are eliminated.  

The second stage is an iterative process. In the first step, 
the most relevant feature (the one that ranks first among all 
the pre-selected features which passed the irrelevance filter) 
is added as the first feature to the set of final selected 
features Sfs that are fed to the forecast engine (NN).The other 
preselected relevant features (Sps) must pass the redundancy 
filter to be added to Sfs. Every step the algorithm picks the 
next most relevant feature in Sps and evaluates its 
redundancy with all selected features in Sfs that have already 
passed the redundancy filter. If the maximum redundancy of 
the feature is more than the pre-specified redundancy 
threshold T2, it is discarded because its information content 
about the target is so similar to one of the selected features 
in Sfs. Otherwise the feature passes the redundancy filter and 
is added to Sfs. In other words, the redundancy filter does not 
select a feature similar to previously selected features, even 
if it is individually relevant, as it doesn’t carry additional 
information about the target to predict.  Redundancy of each 
relevant feature xi in Sps with already selected features in Sfs, 
indicated by RE(i), is evaluated by INI as discussed in 
subsection II.a.2 and Eq. (5). The second stage (redundancy 
filter) can be summarized as follows: 
Step 1) The set of relevant features (Sps), passed irrelevance 
filter, are fed to the redundancy filter. 
Step 2) The first rank feature is added as the first feature to 
Sfs and the counter of redundancy filter i is set to 2 . 
Step 3) The ith feature in Sps, in order of relevance, is picked 
and its redundancy R(i) is measured as follows: ( ) = max ∈ ( ( , ))          (8) 

Where Ssf stands for the set of selected features by the 
redundancy filter among the i-1 relevant features prior to 

measuring redundancy of xi. R(i) shows the maximum 
redundancy (RE) between xi and the features of Sfs.  
Step 4) If R(i) is more than the pre-determined threshold T2 
(T2 is a positive value), the feature xi is considered redundant 
and filtered out. Otherwise xi passes the redundancy filter 
and is added to the Sfs. The counter of redundancy filter 
increases by 1. 
Step 5) If i reaches m+1, the redundancy filter has already 
checked all m pre-selected features at the first stage. So Sfs 
contains the best set of features with maximum relevance 
and minimum redundancy and ready to be fed to the NN. 
 

III. NUMERICAL RESULTS 

To evaluate the effectiveness of the proposed wind speed 
prediction strategy, we use two data sets; 1)hourly speed 
measurements, average hourly temperature measurements 
and wind direction from a wind farm in Kansas, and 2) 
average hourly speed measurements, and wind direction 
from a wind farm in Galicia, Spain. The first data set has 
been collected by Dr. Gary Johnson (between May 1995 and 
February 2005) and is publically available in [31]. Reported 
wind speed for period 2004 varies between 0.3 and 20 m/s 
for this wind farm and its average is about 6.5 m/s. The 
second data set is available online (since July 2008) [32]. Its 
wind speed varies between 0 and 25 and the average speed 
of about 6 m/s. 

For this application we use three error measurements. 
The first one is root mean square error (RMSE), frequently 
used as error metric in wind power/speed forecast research 
works, defined as follows: = ∑ ( ( ) − ( ))           (9) 

where SRL(t) and SPR(t) indicate the real and predicted values 
of the signal (wind speed in terms of m/s) for hour t and NT 
shows the number of hours that their speed values are 
predicted. For instance, NT is 744 hours for a 31-day month.  
The second error criteria used  is the mean absolute error 
defined as follows:  

 = ∑ | ( ) − ( )|                                (10) 

Another error criterion, frequently used for forecast 
applications, is Mean Absolute Percentage Error (MAPE), 
which is defined as follows: = ∑ | ( ) ( )|( )           (11) 

However for applications like wind speed forecasting which 
have zero (and close to zero) values at some periods, the 
denominator becomes zero at those periods and MAPE 
reaches infinite. So we use a modified definition of MAPE 
that uses the mean of wind speed values (over the study 
period NT) SAVG-RL at the denominator instead of its real 
values as follows:  (%) = ∑ | ( ) ( )| × 100       (12) = ∑ ( )           (13) 

    The obtained prediction results for the first test case (a 
wind farm in Kansas) have been reported in Table I. Number 
of candidate inputs is 146 for this test case as discussed in 
section II. Three test periods including, January 2004, 
August 2004, December 2004 , corresponding with three 
seasons (Winter, Summer and Fall) 2004 have been chosen 
from this case. It is noted that we could not forecast other 
months of this wind farm due to the missing data for some 
periods in late Winter and Spring 2004. Obtained results 
indicate that in terms of RMSE and MAE, the performance 
of the proposed model in August 2004 is better than other 



months and its worst reported performance is for December 
2004. However, based on AMAPE, the model has the 
minimum error for August 2004. Obtained results show the 
narrow range of errors that proves the steady functioning of 
the model for this test case.  

    To examine the proposed model on the second test case, 
three test months has been selected including, January 2013, 
April 2013 and July 2013. For this test case, the temperature 
which is an important driver of the wind speed is not 
available and so the candidate set of inputs includes hourly 
lagged values of wind speed and direction as follows: 

 S(t)={W(t-1),W(t-2),…,W(t-48),D(t),D(t-1),…,D(t-48)} (14) 

The obtained results for the second test case have been 
reported in Table II. The performance of the proposed model 
degrades for the second test case. For instance, the obtained 
MAPE for July 2013 reaches 26.82 percent. The average 
AMAPE for the first test case is 13.62 percent, while it 
increases to 22.38 percent for the second case. This increase 
in error measures for the second case can be rooted to the 
higher volatility and variability of its wind speed signal with 
respect to the first case and the lack of temperature data. The 
wind speed of test first case varies between  0.5 and 16 in 
January 2004, while varies between 0 and 26 in January 
2013 for the wind farm in Galicia.  

TABLE I. ERROR MEASURES FOR 3 MONTHS OF THE WIND FARM IN KANSAS 

Test Month RMSE MAE AMAPE(%) 
January 2004 1.3462 0.9138 14.20 
August 2004 1.1639 1.0639 13.18 

December 2004 1.3850 0.9580 13.47 
Average 1.2984 0.9789 13.62 

 

TABLE II. ERROR MEASURES FOR 3 MONTHS OF THE WIND FARM IN GALICIA 

Test Month RMSE MAE AMAPE (%) 
January 2004 2.3266 1.5858 22.35 
April 2013 1.8190 1.2789 17.98 
July 2013 2.4922 1.8944 26.82 
Average 2.2126 1.5864 22.38 

Total computation time of the proposed model including 
both input selection execution and NN training is about 20 
minutes on a Core™2 Duo 3.33 GHz processor with 4 GB 
RAM memory. This computation time is acceptable within a 
day ahead decision making framework.  

IV. CONCLUSION 

This paper presents an ANN-based model for day-ahead 
wind speed prediction. The model  composed of a two-stage 
information-theoretic input selection algorithm and MPL 
(NN) as the forecast engine. The input selection module 
allows considering all available exogenous inputs in the 
candidate set and then selects the most informative and non-
redundant inputs among them for training the engine. The 
proposed method has been examined on two wind farms. 
The reported performance indicates the validity of the 
developed approach. 

V. REFERENCES 
 

[1] J. C. Smith, M. R. Milligan, E. A. DeMeo, and B. Parsons, "Utility wind 
integration and operating impact state of the art," Ieee Transactions on 
Power Systems, vol. 22, pp. 900-908, Aug 2007. 
[2] A. K. Varkani, A. Daraeepour, and H. Monsef, "A new self-scheduling 
strategy for integrated operation of wind and pumped-storage power plants 
in power markets," Applied Energy, vol. 88, pp. 5002-5012, Dec 2011. 
[3] J. M. Morales, A. J. Conejo, and J. Perez-Ruiz, "Economic Valuation of 
Reserves in Power Systems With High Penetration of Wind Power," Ieee 
Transactions on Power Systems, vol. 24, pp. 900-910, May 2009. 
[4] C. Battistelli, L. Baringo, and A. J. Conejo, "Optimal energy 
management of small electric energy systems including V2G facilities and 
renewable energy sources," Electric Power Systems Research, vol. 92, pp. 
50-59, Nov 2012. 

[5] A. Papavasiliou, S. S. Oren, and R. P. O'Neill, "Reserve Requirements 
for Wind Power Integration: A Scenario-Based Stochastic Programming 
Framework," Ieee Transactions on Power Systems, vol. 26, pp. 2197-2206, 
Nov 2011. 
[6] A. M. Foley, P. G. Leahy, A. Marvuglia, and E. J. McKeogh, "Current 
methods and advances in forecasting of wind power generation," Renewable 
Energy, vol. 37, pp. 1-8, Jan 2012. 
[7] L. Ma, S. Y. Luan, C. W. Jiang, H. L. Liu, and Y. Zhang, "A review on 
the forecasting of wind speed and generated power," Renewable & 
Sustainable Energy Reviews, vol. 13, pp. 915-920, May 2009. 
[8] L. Landberg, "Short-term prediction of local wind conditions," Journal 
of Wind Engineering and Industrial Aerodynamics, vol. 89, pp. 235-245, 
Mar 2001. 
[9] L. Lazic, G. Pejanovic, and M. Zivkovic, "Wind forecasts for wind 
power generation using the Eta model," Renewable Energy, vol. 35, pp. 
1236-1243, Jun 2010. 
[10] H. Liu, H. Q. Tian, C. Chen, and Y. F. Li, "A hybrid statistical method 
to predict wind speed and wind power," Renewable Energy, vol. 35, pp. 
1857-1861, Aug 2010. 
[11] K. B. a. S. N. Singh, "AWNN-Assisted Wind Power Forecasting Using 
Feed-Forward Neural Network," IEEE TRANS. ON SUSTAINABLE 
ENERGY, vol. 3, p. 10, 2012. 
[12] I. G. Damousis, M. C. Alexiadis, J. B. Theocharis, 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, pp. 352-361, Jun 2004. 
[13] C. W. Potter and M. Negnevitsky, "Very short-term wind forecasting 
for Tasmanian power generation," Ieee Transactions on Power Systems, 
vol. 21, pp. 965-972, May 2006. 
[14] M. T. Hagan and M. B. Mehnaj, "Training feed forward networks with 
Marquardt algorithm,",” Ieee Transactions on Neural Networks, vol. 5, pp. 
989–993, Nov. 1994. 
[15] G. J. Tsekouras, N. D. Hatziargyriou, and E. N. Dialynas, "An 
optimized adaptive neural network for annual midterm energy forecasting," 
Ieee Transactions on Power Systems, vol. 21, pp. 385-391, Feb 2006. 
[16] N. Amjady, A. Daraeepour, and F. Keynia, "Day-ahead electricity 
price forecasting by modified relief algorithm and hybrid neural network," 
Iet Generation Transmission & Distribution, vol. 4, pp. 432-444, Mar 2010. 
[17] N. Amjady and A. Daraeepour, "Mid-term demand prediction of 
electrical power systems using a new hybrid forecast technique," IEEE 
Transactions on Power Systems, vol. 26, pp. 755-765, May 2011. 
[18] R. Kohavi and G. H. John, "Wrappers for feature subset selection," 
Artificial Intelligence, vol. 97, pp. 273-324, Dec 1997. 
[19] N. Amjady and A. Daraeepour, "Design of input vector for day-ahead 
price forecasting of electricity markets," Expert Systems with Applications, 
vol. 36, pp. 12281-12294, Dec 2009. 
[20] R. Battiti, "Using Mutual Information for Selecting Features in 
Supervised Neural-Net Learning," Ieee Transactions on Neural Networks, 
vol. 5, pp. 537-550, Jul 1994. 
[21] N. Kwak and C. H. Choi, "Input feature selection for classification 
problems," Ieee Transactions on Neural Networks, vol. 13, pp. 143-159, Jan 
2002. 
[22] W. F. Liu, I. Park, and J. C. Principe, "An Information Theoretic 
Approach of Designing Sparse Kernel Adaptive Filters," Ieee Transactions 
on Neural Networks, vol. 20, pp. 1950-1961, Dec 2009. 
[23] N. Amjady and A. Daraeepour, "Day-Ahead Price Forecasting of 
Electricity Markets by Combination of Mutual Information Technique and 
Neural Network," 2008 Ieee Power & Energy Society General Meeting, 
Vols 1-11, pp. 3294-3300, 2008. 
[24] L. Yu and H. Liu, "Efficient feature selection via analysis of relevance 
and redundancy," Journal of Machine Learning Research, vol. 5, pp. 1205-
1224, Oct 2004. 
[25] M. Dash and H. A. Liu, "Consistency-based search in feature 
selection," Artificial Intelligence, vol. 151, pp. 155-176, Dec 2003. 
[26] N. Amjady and F. Keynia, "Day-Ahead Price Forecasting of Electricity 
Markets by Mutual Information Technique and Cascaded Neuro-
Evolutionary Algorithm," Ieee Transactions on Power Systems, vol. 24, pp. 
306-318, Feb 2009. 
[27] H. C. Peng, F. H. Long, and C. Ding, "Feature selection based on 
mutual information: Criteria of max-dependency, max-relevance, and min-
redundancy," Ieee Transactions on Pattern Analysis and Machine 
Intelligence, vol. 27, pp. 1226-1238, Aug 2005. 
[28] P. A. Estevez, M. Tesmer, C. A. Perez, and J. A. Zurada, "Normalized 
Mutual Information Feature Selection," Ieee Transactions on Neural 
Networks, vol. 20, pp. 189-201, Feb 2009. 
[29] A. Jakulin and I. Bratko, "Analyzing attribute dependencies," 
Knowledge Discovery in Databases: Pkdd 2003, Proceedings, vol. 2838, 
pp. 229-240, 2003. 
[30] A. E. Akadi, "A Powerful feature selection approach based on mutual 
information. ," International Journal of Science and Network Security, vol. 
8, pp. 116-121, 2008. 
[31] G. L. Johnson, Wind Energy Systems, Electronic ed.: Prentice Hall, 
2006. 
[32] Available: http://www.sotaventogalicia.com/ 
 


