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Abstract 
 

Forecast of wind power is an estimation of the output production required of 

one or more wind turbines. Because of the variations and the probabilistic 

characteristics of the wind energy, forecasting it accurately becomes essential 

for designing reliable, economic operation and power control strategies. 

Changes in the nature and characteristics of the wind are probabilistic and a 

variety of machine learning model based on statistical parameters are used to 

characterize the randomness in the wind power production. The statistical 

models include both linear and non-linear model such as Auto Regressive 

Integrated Moving Average (ARIMA), kalman filters, Artificial Neural 

Network, and vector support machines. The drawbacks of different 

approaches include their computational complexity and their inability to 

adapt to time-series processes. This study uses Recurrent Neural Network 

(RNN) Long-Short Term Memory (LSTM) for time series prediction of wind 

power. LSTM units based RNN models have the ability to learn from the 

important past observations and decide whether these learned information are 

useful for future prediction. The experimental study showed better 

performance of the LSTM model compared with other traditional models. 
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1  Introduction 
 

With creating innovation, the energy need of regions is expanded. An 

extraordinary larger part of this need is right now met from non-renewable 

energy source. Attributable to the decline of petroleum product saves and 

increment in ecological contamination, the investigations keen on sustainable 

power sources are getting to be critical. Among sustainable power sources, 

wind energy is, industrially, a standout amongst the most ideal sustainable 

power sources. It is likewise one of the least expensive energy sources. As 

power grid in numerous nations and areas are infiltrated with expanding wind 

energy, it is basic to figure the generation of wind energy precisely ahead of 

time for dependable and viable power grid task and control [1]. In contrast to 

numerical weather prediction (NWP) techniques, which utilize climate data, 

for example, temperature, velocity and direction of wind, time series 

analytical models utilize recorded estimation information exclusively, to 

make current and future estimations from a few minutes to a few hours 

ahead, which could be exceptionally helpful for power adjustment and 

energy stockpiling choices [2]. Albeit such estimating skyline is moderately 

short in examination with NWP, time series strategies have exhibited their 

extraordinary calculation proficiency. 

 

A time series is a series of data points indexed (or listed or graphed) 

in time order. Most commonly, a time series is a sequence taken at 

successive equally spaced points in time. Thus it is a sequence of discrete-

time data. 

 

A time series is a consecutive arrangement of data points which has a time 

index. In other words it is a sequence of data recorded at sequential time 

intervals. It is sequence of discrete time-indexed data which is characterized 

as a set of vectors x(t), t = 0 , 1 , 2 , . . . where t represents the time sequence. 

The variable x(t) is dealt with as a random variable. By nature it is non-

deterministic. A time series is non-deterministic in nature, i.e. predicting the 

future values of the time series is a complex task [3]. The scientific 

articulation portraying the likelihood structure of them is named as a 

stochastic analysis technique [4]. In this way the succession of perceptions of 

the arrangement is really an example acknowledgment of the stochastic 

procedure that delivered it. There are different reasons to analyze the time 

series information and they are  

 

1. Forecasting the future series values with reference to the past values. 

2. Managing the process generating the sequence data. 

3. Uncovering the pattern in the generated time series data. 

4. Describing the salient characteristics of the series. 

 

Estimating a time series is conceivable since future relies upon the past or 

similarly in light of the fact that there is a connection between the future and 

the past. However this connection isn't deterministic and can barely be  
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composed in analytical form. Existing time series anticipating procedures 

incorporate customary strategies, for example, ARIMA [5], Neural Network 

[6] and Neural-fuzzy [7]. Furthermore, techniques, for example, Kalman 

filters [8] have additionally been as of late presented given a period 

arrangement, estimating alludes to the way toward computing one of a few 

esteems ahead, utilizing only the data obtained from the past estimations of 

the sequence and Gaussian Process (GP) [9] was also used in some literature 

for performing such tasks. Long-Short Time Memory design comprises of an 

arrangement of intermittently associated sub networks. The target of the 

LSTM model is limiting the vanishing gradient error [10]. The vanishing 

gradient issue alludes the way that the impact of past information sources 

rots rapidly after some time. LSTM Networks plans to take care of this issue 

utilizing memory cells. This paper constructs a forecasting method utilizing 

the time series analysis procedure for reducing the prediction error. The 

proposed model is simple and less complex to implement. 

 

2 Related Works 
 

The wind energy prediction methods can be classified depending the 

time scales and methodologies available in the literature. In general the 

prediction methods are categorized in to four types based on the time scale of 

the prediction task [14, 15]. 

 

• Ultra short-term forecast: Few mins to 1 hr ahead forecasting.  

• Short term forecast: From 1hr to multiple hrs ahead forecasting.  

• Medium term forecast: From multiple hours to 01 week ahead forecasting.  

• Long term forecast: From 01 week to years ahead forecasting. 

 

In earlier days statistical models were employed for forecasting tasks and the 

development is cheap on comparison with other models. They are more 

suitable for only short term forecasts as they rely on the historical wind data. 

As the time horizon is increased the statistical methods and neural networks 

generate erroneous results and can forecast wind power generation accurately 

ahead of few minutes to several hours [16, 17]. Auto-Regressive Moving 

Average (ARMA) and ARIMA are the statistical models most utilized in the 

literatures for short-term forecasts. The model parameters were tuned using 

the difference between the target and model forecasted wind energy 

generation. The Artificial Neural Network follows a non-linear methodology 

to find the correlation between the historic wind data and the power 

generation [18].  If the series under consideration is non-stationary in nature 

the combined auto-regressive and moving-average models can be used for 

forecasting which can be denoted as ARIMA(k,p,q) and k represents the count 

of auto-regressive terms, p is the loop count for differentiating the series for 

making it stable, and q is the count of moving-average terms [19]. When a 

sequence is non-stationary in nature then the mean or variance differs over 

time or both will vary over time. The non-stationary time series are stochastic 

or deterministic in nature. In [20] a bagging trees algorithm is used as 

ensemble approach in short-term wind energy forecast. A comparison of  
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performance of different techniques was made in [21] and the random forest 

was found to be yielding better results. Depending on the volume of time 

series the computation time is increased when the above mentioned methods 

are used. The method proposed in [22] utilizes a combination of machine 

learning methods for selecting optimal set of features and support vector 

regression for prediction of wind energy. The support vector machine’s 

limitations depend on the choice of the kernel and the performance of the 

model in prediction is influenced greatly by the parameters. 

Recently, the use of Recurrent Neural Networks has produced good 

results in solving a wide range of problems specifically when the input is a 

time series or in general any sequence data. Robust learning algorithm 

suggested for repeated time series neural networks. This algorithm is based 

on the first extraction of outliers present in the input and then training the 

network using the processed data. The pre-processing task aims to remove 

the outliers and it doesn’t support the real time training and forecasting tasks. 

LSTM [19], based models has recurrent hidden units capable of exploring the 

dependency between the sequence input and it is found to be success due to 

its ability to learn dependency from a long sequence data. Few of the recent 

research studies [10], reviewed and analyzed the performance of the LSTM 

units in time series data analysis. The performance of LSTM models in 

detecting the abnormalities in ECG series is presented in [10]. The model 

performance was evaluated in the presence of outliers and change points for 

time series forecasting. 

 

3 Overview of Time Series Forecasting 
 

The observed values at time sequence t1<t2< --- tn yields a discrete set of 

ordered values termed as time series of function y(t). Time series forecasting 

techniques represents the usage of mathematical models for describing the 

time sequence generated across random sequence of time. The future value 

of the time sequence can be predicted based on the current and past values. 

The stochastic time series models can be categorized as Auto Regressive 

model and Moving Average models and a hybrid method Autoregressive-

moving average (ARMA). A time series yt satisfies a p order autoregressive 

model if the sequence can be approximated as              
          where *  + is an independent variable which satisfy the 

following condition  (  )       (  )   
   . If the time sequence 

satisfies                        then the sequence can be 

approximated using a q order moving average model. If the time sequence 

satisfies                                        then it 

can be approximated using (p,q) order autoregressive-moving average model. 

The ARIMA model has been designed specifically for time series analysis 

and the LSTM model a variant of RNN is designed for handling sequence 

data including text, speech and time series data. ARIMA model are 

parametric in nature and tuned for a specific time series and hence they 

cannot be used to analyze another time series. In contrast the RNN models 

are non-parametric and they can be trained with one time series and used for              
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forecasting another similar time series. The LSTM models are capable of 

modeling even non-linear correlation in the series data. A RNN is capable of 

dealing sequence data as the connections form a directed cycle which helps 

to retain the state between iterations by feeding the output as input for the 

next iteration. The model output can be represented mathematically as given 

below in Eq. 1. 

 

         (         )  ---Eq. 1 

 

The output is influenced by two weights (w and u); one which is multiplied 

with the current input xt and another weight multiplied with the previous 

output yt-1. A deep RNN model is constructed by stacking neural units to one 

another. A simple RNN cannot be used for extracting the long term 

dependency in the time series. The objective is to forecast energy generation 

up to several hours before at wind farms, using historical measurements of 

speed and direction of wind, zonal, meridional components of wind and 

power generated. Wind power prediction using ANN and SVM needs a large 

volume of raw data and suffers due to problems such as the slow training 

speed and less accurate results to produce error between actual wind energy 

and model forecasted wind energy. The relation between the input variables 

and the predicted output can be expressed mathematically as in Eq. 2 

 

  =   +∑     
 
   +ε             ---Eq. 2 

 

where m is the count of features in the dataset, ε is the random error,    is the 

constant,    represent predicted wind power,    denotes the individual 

features and    corresponding co-efficient of   . 
 

Error =              ---Eq. 3 

 

   denotes the forecasted wind energy and         represents the target wind 

energy. Error is the gap between target and forecasted wind power.  

 

4. Long-Short Term Memory Recurrent Neural Network for 
Time Series Prediction 
 

 

Forecasting time series problems are complex in nature and it varies from 

regression predictive modeling, time series additionally includes the 

unpredictability of succession relation among the time series data. Recurrent 

Neural Networks are intense kind of neural network intended to deal with 

dependency among the data present in the sequence. LSTM network is a kind 

of RNN utilized as a part of deep learning in light of the fact that substantial 

designs can be effectively prepared.  

The LSTM network is trained using the slightly modified version of the 

conventional backpropagation algorithm called Back Propagation Through 

Time (BPTT) [11]. As per this training algorithm the gradient of the error is 

estimated for each time step for every cell and the gate which is termed as the  
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backward Pass. Rather than neurons present in the ANN architecture, the 

LSTM consists of memory units that are linked through layers. A block has 

gates which enables provision for adding, updating, and removing 

information conveyed from the past cell state. A block works upon an 

information series and each gate within a block utilizes the sigmoid initiation 

units to control whether they are activated or not, rolling out the 

improvement of state and expansion of data moving through the block 

restrictive. LSTM unit has three gates inside: 

1. Forget Gate: restrictively chooses what data to discard from the block. 

This laye consists of sigmoid activation which accepts the output at t-1 and 

current input at time t. Tensor is created by concatenating them and then a 

linear transformation and sigmoid is applied.  

 

    (   ,       -    )    ---Eq.4 

 

2. Input Gate: restrictively chooses which esteems from the contribution 

to refresh the memory state. 

 

    (   ,       -    )    ---Eq.5 

 

This gate accepts the output of the previous time step along with the 

current input and sends them through a sigmoid activation. The value is 

multiplied with output from the candidate layer. 

 

        (   ,       -     )    ---Eq. 6 

 

The layer uses a tangent activation function and the output is added with 

the internal state. The internal state is update as per the following rule: 

                        ---Eq. 7 

 

The previous state of the model is multiplied by the output from the forget 

gate and then the output gate output is added to it. 

 

3. Output Gate: restrictively chooses what to yield in light of info and 

the memory of the block. 

    (    ,       -    )    ---Eq.8 

                  ---Eq. 9 

Every unit resembles a small scale state machine where the layer units 

have coefficients which are tuned at the time of training. 

 

5  Experiment & Results 
 

Wind is random and volatile in nature and the wind power production is a 

random process. The wind power production can be forecasted by a time 

series analysis and the short term forecasting is more stationary than the long 

term forecasting. The training and evaluation of the LSTM model is carried 

out using a dataset provided during the Global energy forecasting  
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competition [13]. The historical observations of wind power production are 

used for forecasting the wind power production ahead short term. The time  

series is non-stationary and random sequence whose mean is not zero. To 

make the time series stationary and make it suitable for time series analysis 

exponential smoothing is used [12]. 

 

 

 
Fig. 1. Time series plot of Wind Power generated in wind farm 

 

The Fig. 1 presents the plot of the non-stationary time series raw data 

observed in the wind farm. As mentioned earlier the wind power production 

is random and varies from time to time. The result of the exponential 

smoothing process is presented in the Fig. 2. 

 
Fig. 2.  Exponential smoothing applied Time series plot 

 

The smoothened time series data must be transformed in to supervised 

data for use with machine learning techniques. A copy of the time series is 

created by pulling backward and it is treated as the value to be forecasted the 

existing time series represents the value of the current day and the new 

copied time series is the short term ahead forecast value to be predicted. This 

pull back procedure inserts few NaN values in the end and the corresponding 

current time series values along with these NaN values are removed from the  
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dataset. Then finally the time series data is divided into two set for training 

and testing the LSTM model. In time series forecast problems the k-fold 

cross validation and other methodologies used for selecting the optimal set 

for training and testing cannot be used since the shuffling of data will lead to 

incorrect input for the model. The following are the list of commonly   used   

performancemeasures and their important properties. In each of  the 

forthcoming definitions, yt is the actual value, ftis the forecasted  value, et = yt 

-ftis  the  forecast  error  and  n is  the  size  of  the  test  set.  Also,  

 

                        ̅   
 

 
∑   
 
                          ---Eq. 10 

and 

                   
 

   
∑ (    ̅)

  
      ---Eq. 11 

 

The Mean Forecast Error (MFE) is the mean deviation of predicted values 

from target values.  It shows the error direction and hence called as Forecast 

Bias. 

                       
 

 
∑   
 
                                                ---Eq. 12 

 

                         Fig. 3. Comparison of actual and predicted values 

 
Table 1 Sample Actual And Predicted Wind Power 

 

Actual Predicted 

0.148716 0.279382 

0.236005 0.284767 

0.268919 0.267563 
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0.227116 0.254819 
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The Mean Squared Error (MSE) is a measure of average squared 

deviation of forecasted values. 

 

     
 

 
∑   

  
        ---Eq. 13 

 

The mean forecast error is estimated as -0.01473 and the Mean squared 

error value is 0.00179. The Table 1 presents the comparison of the actual and 

predicted wind power of a sample from the test data set. The comparison plot 

of the actual and predicted values is presented in Fig. 3. 

 

6 Conclusion 
 

It is observed from the results of the experiments the wind power 

forecast using the time series analysis was more accurate. The LSTM model 

based forecast was simple and computationally less complex. The prediction 

errors in some points of the predictions are observed to be larger. This is 

mainly due to the randomness in the time series sequence. The exponential 

smoothing technique helped to make the raw time series data more stationary 

and hence the forecasting was more accurate. If forecasting is made on the 

raw data the prediction results will not be accurate due to randomness of the 

sequence data. As a future work to build a long term ahead forecasting 

procedure more parameters will be included in the raw data including the 

weather and climate parameters which influence the wind energy generation. 
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