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Abstract— Wind power is a potential alternative to the 

conventional energy technology. However, the biggest 

challenge in integrating wind power into the electric grid is 

its intermittency. One approach to deal with wind 

intermittency is forecasting future values of wind power 

production. Here, statistical method based on artificial 

intelligence technique is presented.24 hours and 48 hours 

ahead forecasting of wind power is carried out using multi-

layer feedforward neural network with back-propagation as 

learning algorithm. Optimum values of network parameters 

like number of hidden units in hidden layer, learning rate 

and momentum factor are used after rigorous 

experimentation. Mean Absolute Percentage Error for 24 

hoursahead and 48 hours ahead is presented. 
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I. INTRODUCTION 

Growing concern for the environmental degradation has led 

to the world's interest in renewable energy resources. The 

global market for wind power has been expanding faster 

than any other sources of renewable energy [1]. The world 

wind power capacity has witnessed exponential growth from 

6100 MW in 1996 to reach over than 318,105 MW at the 

end of 2013.The Indian wind energy sector has an installed 

capacity of 20 GW (as on 31.5.2013). In terms of wind 

power installed capacity, India is ranked 5th in the world 

and is considered a major player in the global wind energy 

market. 

Large rapid changes in wind power may cause a 

serious reduction in operating economy and reliability. 

Prediction of wind power, along with load forecasting, 

permits scheduling the connection or disconnection of wind 

turbines or conventional generators, thus achieving low 

spinning reserve and optimal operating cost [2]. 

Improvements in wind power forecasting and better use of 

the forecasts in operational decisions can therefore help 

facilitate a large-scale penetration of wind power into the 

electric power system. 

Numerous approaches to predicting wind speed and 

power generated by wind turbines have been developed. 

Kariniotakis [2] developed a recurrent high-order NN for 

building power prediction models based on 10-min average 

data.Sideratos and Hatziargyriou [3] presented an advanced 

statistical method for wind power forecasting 48h ahead 

based on artificial intelligent techniques. Andrew Kusiak 

and Zijun Zhang[5]employed neural network for prediction 

of wind speed and wind turbine power on short-time 

intervals (10 s) up to 1 min..  

II. FACTORS AFFECTING WIND POWER GENERATION 

Power output of a wind turbine depends on the wind speed, 

wind direction, temperature and air density [4]. 

  
 

 
     

                                                                (1) 

where   is density of air in 
  

  , which rests on temperature 

and pressure of air,   is power coefficientwhose value is 

usually 0.59, A is swept area of turbine and v is wind speed. 

Relationship between wind speed and power is nonlinear, 

that is cubic. Any error in wind speed forecast will actually 

give a large (cubic) error in wind power. This relation is 

more complex for an entire wind farm as different turbines 

in the farm use multiple wind directions and speed to 

achieve optimal power output of wind farm. Thus, small 

error in wind speed forecast can generate larger error in 

wind power forecast. Easy way to map wind speed into 

power is to use manufacturer’s power curve for each wind 

turbine separately and aggregate the result. 

To generate wind power forecasts, two main approaches 

may be followed [1]: 

1. To develop explicit prediction model for wind power 

taking wind speed, wind direction as explanatory variables. 

2. A prediction model for wind speed and a second model 

for transformation of wind speed to power can be developed 

using manufacturer’s characteristics curve of the wind 

turbine. 

III. ARTIFICIAL  NEURAL NETWORK 

First neural model was developed by McCulloch and Pitts 

(1943).Neural networks have been used in a broad range of 

applications including: pattern classification, pattern 

recognition, optimization, prediction and automatic control. 

Artificial neural network is an information processing 

paradigm inspired by the functionality of human brain. 

1) Multilayer Feedforward Neural Network with 

Backpropagation Algorithm[6] 

A network is basically made up of multiple layers: an input 

layer, a hidden layer and an output layer. The hidden layer 

aids in performing useful intermediary computations before 

directing the input to the output layer. The input layer 

neurons are linked to the hidden layer neurons and hidden 

layers neurons are linked to the output layer neurons. Each 

neuron in the structure takes the weighted sum of inputs. 

 
Fig. 1: Multilayer Neural Network 
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Figure 2 shows the flowchart for training the neural network 

with backpropagation algorithm. Rumelhart and 

Wilham(1986) presented description of Backpropagation 

algorithm for training the multi-layer feedforward neural 

network.Supervised learning algorithms are also known as 

“error based learning algorithms” employs an external 

reference signal and generate an error signal by comparing 

the reference with the obtained response, based on 

errorsignal neural network modifies its synaptic connections 

to improve the system performance during learning 

procedures synaptic weights are adjusted.  

 
Fig. 2: Flowchart of Backpropagation Algorithm 

2) Effect of learning rate and momentum factor in 

backpropagation algorithm[6] 

Learning rate coefficient determines the size of the weight 

adjustment made at each iteration and hence influences the 

rate of convergence. If learning rate is too large, it will cause 

slow convergence. If coefficient is too small, convergence 

time increases. Its value is taken between 0 and 1. Another 

way to improve rate of convergence is by adding momentum 

term to the gradient expression. The value of α should be 

positive but less than 1, typically in the range of 0.5 to 

0.9.Momentum factor of 0.9 has been found to be suitable 

for most of the problems. 

IV. METHODOLOGY 

1. Selection of appropriate input and output  

2. Data Assembling  

3. Data Normalization   

4. Selecting the Training Patterns 

5. Choice of parameters 

6. Training the network   

7. Testing  

Step1: Selection of input-output for prediction [5]  

Selection of appropriate inputs and outputs can result in 

better performance of the network. Here as inputs wind 

speed, wind direction, temperature and air pressure is taken 

and as output wind power is taken. Swept area of all the 

turbines is taken here to be constant so it is not taken as 

input variable. Considering the pool of all available 

candidate inputs, those variables should be selected 

exhibiting a significant degree of correlation with regard to 

the model’s outputs to be forecasted.  

 

Step2: Data Assembling  

 

Data has been collected for wind farms situated in 

Porbandar district of Gujarat from 1st January 2013 to 30th 

November 2013.Weather variables like wind speed, wind 

direction, temperature, air pressure has been collected from 

Meteorological Department, Ahmedabad and wind power 

generation from State Load Dispatch Centre, Vadodara.  

After analyzing the data completely it’s been observed that 

cut in wind speed is 4m/s and cut out speed is 24m/s. 

Dominant Wind direction in the month January to April is 

observed to be North and North-Eastern whereas in the 

month August to November it changes to East and South-

Eastern. Wind direction from other direction apart from this 

also been observed but that situation solemnly occurs. 

Temperature and air pressure doesn’t change so rapidly as 

wind during any time interval. (N, N-E, E, and S-E) nodes 

have similar wind speed profiles covering the entire speed 

range. 

Input 

variable 

 units Maximum 

value 

Minimum 

value 

Wind speed m/s 30 4 

Wind 

direction 

º/degree 360 10 

Temperature º/degree 39 9 

Air pressure Hpa 1.0208e3 997.20 

Output 

variable 

Wind power MW 20 0.52 

Table1: Data 

Step3: Data Normalization [4] 

The normalization is done to assure that all the variables 

used in the model have equal importance during training. 

Normalization should range the data from lower to upper 

limit of the activation function. In this paper, the data are 

normalized according to equation (2) 

   
      

         
                                                                (2) 

 

Here, X and    are non-normalised and normalised time 

series input-target values.     and      are the minimum 

and maximum absolute value of time series input and target 

values.   

Step4: Training pattern  

Basically the input data set is divided into training and 

testing dataset. The training data set is necessary for 

obtaining the neural network's weight and bias values during 

network training. The test data set is used in the evaluation 

of generalization error. Total 6 months data are used, among 

this 162 days have been used for training and 20 days for 

testing. For 24 hours ahead forecasting the inputs taken are 

previous day wind speed, wind direction. Total 16 neurons 

in input layer. And the output is Forecasting day Power, so 
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there are total 8 neurons in output. Whereas for 48 hours 

ahead forecasting the inputs are (d) and (d+1) days wind 

speed, wind direction, temperature and air pressure so total 

40 neurons in input layer, here d is forecasting day and 

output: (d), (d+1) days Power so in total 16 neurons in 

output   

Step5: Choice of Parameter [3] 

A. Number of hidden units 

The best number of hidden units depends in a complex way 

on many factors, including:  

1. The number of training patterns   

2. The numbers of input and output units  

4. The complexity of the function or classification to be        

learned   

5. The type of hidden unit activation function  

6. The training algorithm  

Too few hidden units results in high training and 

generalisation errors due to under-fitting and too many 

hidden units results in low training errors, but training 

unnecessarily slow, and will result in poor generalization. 

B. Transfer functions 

Transfer function used for Input layer is Linear transfer 

function, for Hidden layer is Sigmoidal transfer function and 

for output layer also sigmoidal transfer function is used. 

Range of Learning rate α selected is 0.15 to 0.6 Range of 

momentum factor η selected is 0.6 to 0.9. 

 Criteria for training stop used are: 

(1)The maximum number of epochs is reached   

(2)Performance is minimized to the goal (error rate=0.02) 

 

Step6.Training of the Network[5] 

 

A feedforward Backpropagation neural network is selected 

for training of the network. Numbers of neurons in hidden 

layer is randomly changed between its minimum value 

which is taken to be number of inputs minus 1 and 

maximum to be nine times the number of inputs. And at last 

optimum value of number of hidden units is chosen with 

optimum value of learning rate and momentum factor. Once 

the stopping criteria for training is reached like maximum 

number of iterations or minimum error is reached, network 

is tested on new data.   

Step7.Testing of the network   

 

The trained network is tested on new values of input 

variables to forecast the wind power. For 24 hours ahead 

forecast, data from 10-25th of October is used and for 48 

hours ahead forecasting, data from 15-30th of October is 

used. 

V. SIMULATION RESULTS 

For 24 hours ahead forecasting values of parameters 

selected are: i. α = 0.6 ii. η = 0.9 iii. Maximum iterations: 

2000 

 For 48 hours ahead forecasting values of 

parameters selected are:i. α = 0.5 ii. η = 0.9 iii. Maximum 

iterations: 3000 

Hours 

Ahea

d 

Actual 

Value(Normalise

d) 

Predicted 

Value(Normalise

d) 

Absolute 

Percentag

e Error 

24 0.4166(8.63 MW) 0.4257(8.81MW) 2.1843 

Table 2: Predicted Value for 24 Hours Ahead Forecasting 

The solution converged in 1243 iterations and the Mean 

Absolute Percentage Error is 4.8119%. 

 

 
Fig. 3: Actual vs Predicted Power for 24 hours ahead 

forecasting 

Hours 

Ahea

d 

Actual 

Value(Normalise

d) 

Predicted 

Value(Normalise

d) 

Absolute 

Percentag

e Error 

48 0.5561(11.35MW

) 

0.5761(11.74MW

) 

3.5964 

Table 3: Predicted Value for 48 Hours Ahead 

Forecasting 

The solution converged in 2860 iterations and the 

Mean Absolute Percentage Error is 4.0295%.In this case its 

low as more relevant inputs are used 

 
Fig. 4: Actual vs Predicted Power for 48 hours ahead 

forecasting 

VI. CONCLUSION 

In this paper, the prediction of wind power for 24 hours and 

48 hours ahead using Back-Propagation algorithm is 

presented. The computational results confirmed that the  of 

wind power is reduced when more relevant inputs are taken. 

REFERENCES 

[1] G.N.Karinitakis,G.S.Stavarakakis,F.P.Nogaret “Wind 

Power Forecasting using Advanced Neural Networks 

 

 



Wind Power Generation Forecasting Using Artificial Neural Network 

 (IJSRD/Vol. 3/Issue 03/2015/485) 

 

 All rights reserved by www.ijsrd.com 1950 

models” IEEE transaction on energy 

conversion,Vol.11,No.4,December 1996 

[2] Thanasis G. Barbounis, John B. Theocharis, Member, 

IEEE, Minas C. Alexiadis, and Petros S. Dokopoulos, 

Member, IEEE “Long-Term Wind Speed and Power 

Forecasting Using Local Recurrent Neural Network 

Models” IEEE Transactions On Energy Conversion, 

Vol. 21, No. 1, March 2006 

[3] George Sideratos and Nikos D. Hatziargyriou, Senior 

Member, IEEE “An Advanced  statistical Method for  

Wind Power Forecasting” IEEE Transactions on Power       

Systems, Vol. 22, No. 1, February  2007  

[4] Tarek H. M. El-Fouly, Member, IEEE, Ehab F. El-

Saadany, Senior Member, IEEE “One Day Ahead 

Prediction of Wind Speed and Direction” IEEE 

Transactions On Energy Conversion, Vol. 23, No. 1, 

March 2008  

[5] Andrew Kusiak, Member, IEEE, and Zijun Zhang 

"Short-Horizon Prediction of Wind Power: A Data-

Driven Approach" IEEE Transactions on Energy 

Conversion. Vol.25, No.4  December 2010  

[6] Jason Browmlee “Clever Algorithms: Nature inspired 

Programming Recipes “January 2011.  


