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Abstract— This paper describes short-term prediction for 

power generation. Wind power presently is the fastest 

growing power generation sector in the world. However, 

wind power is intermittent. To be able to trade efficiently, 

make the best use of transmission line capability, accurate 

short-term forecasts are essential. The research introduces a 

novel approach—the application of an adaptive neuro-fuzzy 

inference system to forecasting a wind time series. Over 

short-term forecast interval, both wind speed and wind 

direction are important parameters. 
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I. INTRODUCTION 

Accurate forecasts of power generation are of great 

importance to electricity transmission. As windfarms grow 

in capacity, the strain they place on the transmission grids 

also becomes more pronounced. This is then further 

compounded by the fact that many windfarms are being 

built in remote areas with sparse transmission grids. This 

means that operation near transmission limits will not be 

unusual for wind generation, and sometimes the 

transmission grid may not be able to transmit all the 

windfarm generation. 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 [1]. 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. 

II. FACTORS AFFECTING WIND POWER GENERATION 

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

wind direction, temperature and air density. 

                            
 

 
     

                                       (1) 

where   is density of air in 
  

  , which rests on temperature 

and pressure of air,    is power coefficient whose 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) 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. ADAPTIVE NEURO-FUZZY SYSTEM 

Fuzzy systems and neural networks are natural 

complementary tools in building intelligent systems. While 

neural networks are low-level computational structures that 

perform well when dealing with raw data, fuzzy logic deals 

with reasoning on a higher level. However, fuzzy systems 

lack the ability to learn and cannot adjust themselves. The 

merger of a neural network with a fuzzy system into one 

integrated system therefore offers a promising approach to 

building very short-term wind prediction models [1].  

 A neuro-fuzzy system is a neural network that is 

functionally equivalent to a fuzzy inference model. Example 

of an adaptive neuro-fuzzy inference system (ANFIS) with 

six-layer feedforward neural network is shown. 

 

 

Fig. 1: ANFIS Architecture 

 As shown in fig. 1: ANFIS has two inputs—x1 and 

x2—and one output—y.Each input is represented by only 

two fuzzy sets, although three or more are not uncommon.. 

For this example, the two fuzzy sets are converted to the 

output by a first-order polynomial.  

 The ANFIS in Fig.1 implements four rules, shown 

in Fig. 2, where x1, x2 are input variables; A1 and A2 are 

fuzzy sets on the universe of discourse X1;B1 and B2 are 

fuzzy sets on the universe of discourse X2; and is a set of 

parameters specified for rule .  

Layers of ANFIS 

 Layer 1 is the input layer. Neurons in this layer simply pass 

external crisp signals to Layer 2. Layer 2 is the fuzzification 

layer. Neurons in this layer perform fuzzification. Layer3 is 

the rule layer. Each neuron in this layer corresponds to a 

single fuzzy rule. A rule neuron receives inputs from the 

respective fuzzification neurons and calculates the firing 

strength of the rule it represents. Layer 4 is the 

normalization layer. Each neuron in this layer receives 
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inputs from all neurons in the rule layer and calculates the 

normalized firing strength of a given rule—the ratio of the 

firing strength of a given rule to the sum of firing strengths 

of all rules. It represents the contribution of a given rule to 

the final result. Layer 5 is the defuzzification layer. Each 

neuron in this layer is connected to the respective 

normalization neuron and also receives the initial inputs, x1 

and x2. A defuzzification neuron calculates the weighted 

consequent value of a given rule. Layer 6 is represented by a 

single summation neuron. This neuron calculates the sum of 

outputs of all defuzzification neurons and produces the 

overall ANFIS output. 

 

Fig. 2: Example of ANFIS rules 

 

Fig. 3: First Order Sugeno Fuzzy Model 

A. Learning Algorithm [2] 

An ANFIS uses a hybrid learning algorithm that combines 

the least-squares estimator and the gradient descent method 

.First, initial activation functions are assigned to each 

membership neuron. The function centers of the neurons 

connected to input are set so that the domain of is divided 

equally, and the widths and slopes are set to allow sufficient 

overlapping of the respective functions. In the ANFIS 

training algorithm, each training epoch is composed from a 

forward pass and a backward pass. In the forward pass, a 

training set of input patterns (an input vector) is presented to 

the ANFIS, neuron outputs are calculated on the layer-by-

layer basis, and rule consequent parameters are identified. 

Extra membership functions will increase the accuracy of 

the results but will take longer to train 

  A step in the learning procedure has got two parts: 

In the first part the input patterns are propagated, and the 

optimal consequent parameters are estimated by an iterative 

least mean square procedure, while the premise parameters 

are assumed to be fixed for the current cycle through the 

training set. In the second part the patterns are propagated 

again, and in this epoch, backpropagation is used to modify 

the premise parameters, while the consequent parameters 

remain fixed. This procedure is then iterated. 

IV. METHODOLOGY 

A. Defining the Problem 

ANFIS is used to predict 24 hours ahead wind power. 

B. 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. 

C. Selection of input-output for prediction[3] 

In order to predict a time series with an ANFIS model, it is 

important to select the right inputs for the system. 

Unfortunately, there are no rules available to expedite this 

process. Every data set has different deviations and rates of 

change. Here, as inputs wind speed, wind direction 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. 

D. Developing the Model 

The ANFIS model design is flexible and capable of handling 

rapidly fluctuating data patterns. To use the ANFIS model, 

the user first must define a number of variables:  

[1] Size of the training set   

[2] Number of training epochs (iterations) 

[3] Type of the fuzzy membership functions number of 

MFs associated with each input 

The size and diversity of the training set is important. If the 

set has insufficient variation to properly model the 

characteristics of the data, the training of the ANFIS will 

fail. The standard MF for an ANFIS is a “bell function,” 

such as the Gaussian distribution function. The number of 

MFs depends upon the complexity of the system and the 

size of the training set. As a general rule, more MFs will 

better represent a complex system but will take longer 

train—especially for a large training set. In this case study, 

two MFs were used for each input. More inputs to the 

ANFIS model will result in a wider variety of data in each 

pass. This will result in more selective training, producing 

better predictions. However, as with MF’s, a greater number 

of inputs will have the consequence of a longer training 

time. 

E. Choosing the Membership Functions[4] 

Initially, the ANFIS model is trained with Gaussian 

membership function. 

 
Fig 4: Bell and Trapezoidal Membership function 



Prediction of Wind Power Using Adaptive-Neuro Fuzzy System 

 (IJSRD/Vol. 3/Issue 03/2015/430) 

 

 All rights reserved by www.ijsrd.com 1736 

F. Training and Testing 

Total 6 months data are used among this 162 days has been 

used for training and 20 days for testing. The trained 

network is tested on new values of input variables to 

forecast the wind power. ANFIS MATLAB GUI is used to 

predict 24 hours ahead wind power. 

V. CONCLUSION 

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

ahead is used using ANFIS and RMSE obtained is 2.1034%. 
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