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ABSTRACT
In this paper, an online sequential learning algorithm known as online sequential extreme learning machine (OS
ELM) is applied to simulate the power output of a wind turbine. The OS ELM is used both in 1-by-1 and chunk-bychunk mode and the results are compared with batch learning algorithms, namely Back Propagation (BP) and
Extreme Learning Machine (ELM) algorithm. Different activation functions such as Sigmoidal, Sin, Radial Basis
Function (RBF) and Hardlim have been used in OS ELM to decide upon most optimal function. It has been found that
OS ELM with fixed chunk size of 50-by-50 and sigmoidal activation function with training time of 0.080s, Root Mean
Square Error (RMSE) of 1.96%, prediction accuracies on training and test data of 100% and 99.95 % respectively,
is best suited for wind power modelling and simulation applications, where the data arrives in a sequential manner.
KEYWORDS
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1. INTRODUCTION
Wind energy harvesting has gathered great momentum in recent decades,
as it is found to be a feasible alternative to conventional energy sources
and thus helps in reducing global warming problem. This promising
alternate energy, though has significant social, environmental and
economic impacts, suffers from uncertainty, due to intermittency and
stochasticity involved in the wind, that restricts its integration with
existing power system. It is a great challenge to develop an accurate and
reliable prediction model, that will help to come out of this bottleneck for
large scale penetration of wind power.
Numerous efforts of using parametric and nonparametric techniques are
found in the literature in modelling and simulation of wind farm power
output of a turbine. There are set of modelling efforts that tries to map the
relationship between wind speed and the power obtained from the power
curve of the turbine [1-5]. Due to the fact that the manufacturer’s power
curve is obtained under standard conditions and does not depict the
performance of the turbine under actual working conditions, the second
category by considering several other parameters affecting the wind
turbine power, in addition to wind speed are developed. A researcher used
input variables namely, wind direction and wind speed collected from two
meteorological towers, to develop regression and artificial neural network
(ANN) models [6]. On comparison it was found that ANN performed better
than regression model. A previous researcher considered relative
humidity, wind speed and generation hours as the input variables to the
ANN model and observed that simulated results were close to actual [7,8].
Another researcher used BP and RBF neural networks for wind power
prediction by considering three inputs namely, wind speed, direction and
wind power as inputs and concluded that RBF perform better than BP [9].
An early scholar investigated most suitable input parameters to predict
energy output of a wind farm having limited measured data [10]. Wind
speed and power obtained in the previous time duration were found to be

the potential input parameters. A previous study used wind direction and
wind speed data to build a complex valued recurrent neural network
model to predict wind turbine power and the model was observed to be
highly accurate [11]. Another study considered wind speed, direction and
temperature as input parameters for wind turbine power prediction using,
neural network, k - nearest neighbor cluster center and fuzzy logic models
[12]. It was proved that in developing models for predicting the wind
turbine power, temperature and wind direction are the potential input
parameters. A researcher-built models for prediction of wind farm power
output by integrating evolutionary algorithms and data mining techniques
[13]. The k-nearest model along with the principal component analysis
(PCA) outperformed other techniques.
Most of these ANN models used BP, which is a most popular and widely
used learning algorithm. Being iterative in nature, BP learning algorithm
results in slow learning and gets stuck in local minima easily. To obtain
better learning performance, it demands tuning of several simulation
parameters. Recent study introduced a fast and non-iterative learning
algorithm, known as Extreme Learning Machine (ELM) [14]. Learning
using this algorithm takes place in one epoch, hence there is a drastic
reduction in computational time especially for large data sets.
A group of researchers found that, wind power prediction models based
on ELM are fast and accurate than BP [15]. Another researcher developed
a RBF model to simulate the wind turbine power using ELM learning
algorithm [16]. They used hybrid Particle Swarm Optimization (PSO)
based Fuzzy C Means (PSO-FCM) clustering algorithm. The number of
centers as well as the width of the RBF units were optimized by using PSO.
The model developed was compact and efficient. Fast and improved
generalization performance of ELM has opened the doors for ANN in
online applications. Wind power prediction is one such area, where online
sequential learning is very much suitable when compared to batch
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learning, since it avoids training the model, when a new set of observation
is obtained. A previous scholar introduced online sequential ELM (OS
ELM) with sigmoidal or RBF activation function in a unified framework,
which can learn when the data arrives in 1-by-1 or chunk-by-chunk form
[17]. OS ELM and many of its variants find diverse applications [18]. A
researcher presented rolling ultra-short term of wind power prediction
using an OS ELM algorithm by considering error interval evaluation and
wind speed correction [19]. Three models were independently developed
by using Numerical Weather Predicted (NWP) wind direction, air density
and wind speed as the input parameters. It was observed that wind speed
correction improves the accuracy and OS ELM algorithm has an advantage
with regard to computation time compared to support vector machine
(SVM)and BP.
As it is observed from the literature, most of the efforts in wind power
modelling and prediction are based on batch learning either using BP or
ELM, by using offline data. But the data acquired from the wind turbine is
online in nature. Hence, OS ELM can be used effectively by considering
newly arriving data for updating the network parameters online and make
it suitable for online learning and avoid efforts in storing large amount of
data. In one of the efforts, the authors have used OS ELM for wind power
prediction by considering the NWP wind direction, air density and wind
speed as the inputs. However, some of the significant input parameters
affecting the wind turbine power, which includes rotor speed and blade
pitch angle have not been considered, as they are related to wind turbine
operation. Also, they have not considered other aspects of modelling using
OS ELM with respect to the mode of data usage namely, 1-by-1 or chunkby-chunk and use of different activation function, thus failing to fully
exploit the modelling capabilities of the algorithm.
Thus, in the present work, an ANN model based on OS ELM algorithm has
been used to simulate the power output of a wind turbine with carefully
selected input parameters. The model capabilities of OS ELM have been
studied in detail with respect to different modes of learning namely 1-by1, chunk-by-chunk, and the use of different activation functions namely,
Sigmoidal, Sin, Radial Basis Function (RBF) and Hardlim. The performance
is then compared with models based on BP and ELM batch learning
algorithms to propose a most suitable ANN model for wind power
prediction application. The model that is found to be most accurate and
suitable has been validated. The data stored in a supervisory control and
data acquisition (SCADA) system of a wind farm present in central dry
zone of Karnataka state, India has been used.
2. FEEDFORWARD NEURAL NETWORK (FNN)
FNN, a simplest type of ANN, has the ability to accurately map complex
nonlinear relationships. Hence it finds extensive application in many fields
[20]. The FNN consists of three layers where, the input layer is connected
to the external world to receive the information, hidden layer uses some
activation function to process the data and the output layer provides the
output. The synaptic weights between input, hidden and output layer are
modified during the learning process. The FNN consists of connections
only in the forward direction from input through hidden to the output
layer. The information does not flow in backward direction [21]. Various
activation functions namely Sigmoidal, Sin, RBF and Hardlim as given in
equations (12), (13), (14) and (15) can be used. Out of these, the Sigmoidal
and RBF are most widely used.
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where,𝑥𝑖 is the input data, xj, 𝜎  are center, width of the RBF unit, i =
1,2,...p , µ = 1,2,..n, j = 1,2,3...s and k = 1,2,...r are the input features, numbers
of patterns, number of hidden layer neurons and output features
respectively, b is the bias and 𝑤𝑗𝑖 is the weights between hidden and input
layer.
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where,𝑤𝑗𝑘 is the weights between hidden and output layer.
One of the properties of the FNN is its capacity to learn from the
environment. In case of batch learning, all the training samples are fed at
once to the network. Two commonly used batch learning algorithms are
i)
ii)

Backpropagation algorithm
Extreme learning machine algorithm

2.1 Backpropagation algorithm
In BP learning, the weights are updated in an iterative manner based on
the error signal that is the difference between the actual and the network
output. The weights are updated as given in equation (17).
(17)

𝑤𝑘𝑗 (𝑛 + 1)  =  𝑤𝑘𝑗 (𝑛)  +  ∆𝑤𝑘𝑗 (𝑛)

where ∆𝑤𝑘𝑗 (𝑛), the adjustment applied to the synaptic weights, is
calculated using equations (18) and (19)
𝛿𝑘 (𝑛)  =  (𝑂𝑘 (𝑛) −  𝑦𝑘 (𝑛))𝑂𝑘 (𝑛)(1 −  𝑂𝑘 (𝑛))

(18)

∆𝑤𝑘𝑗 (𝑛)  =  𝛿𝑘 (𝑛)𝑉𝑗 (𝑛)𝜂𝛼

(19)

where, α is the momentum parameter, ƞ is the learning rate, 𝑉𝑗 (𝑛) is the
hidden layer output and 𝑦𝑘 (𝑛) is the target output. This algorithm is
generally slow and convergence early to local minima. It needs tuning of
many network parameters namely weights and bias iteratively.
2.2 Extreme learning machine algorithm
The ELM algorithm introduced by a researcher draws the attention of
researchers by overcoming the limitations of BP algorithm. This is a noniterative learning algorithm, where the learning takes place in only one
epoch using the Moorse- Penrose generalized inverse operation. Due to
this reason, it is extremely faster in comparison to BP. The algorithm
overcomes the problem of getting stuck in local minima and overtraining.
Hence results in good generalization performance.
2.2.1 Description
Let there be N arbitrary distinct samples (xi, ti), here xi is input vector and
ti is target vector and Q hidden nodes with activation function g(x). The
network output 𝑂𝑗 can be mathematically expressed as given in equation
(20).
𝑂𝑗 = ∑𝑄𝑖=1 𝛽𝑖 𝑔𝑖 (𝑤𝑖 𝑥𝑗 + 𝑏𝑖 ) , j=1,…, N.

(20)

where wi is the weights between input and hidden neurons, bi is the bias
of ith hidden neuron and βi is the output weight matrix ie. weight between
the hidden and output layer neurons. Equation (20) can be expressed as
equation (21).
Hβ=T

(21)

where H and T are hidden layer output and target matrix respectively. H,𝛽
and T are given in equations (22), (23) and (24) respectively.
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The output of the network is then calculated using equation (16)
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4. WIND POWER MODELLING

The output weight matrix is found by equation (25).
(25)

𝛽 = 𝐻ϯ𝑇

In a wind turbine, wind interacts with blades of the turbine, thus rotating
the rotor, which results in power generation. Wind turbine power is
mainly a function of wind speed. But it is also true that there are a few
other parameters, which have significant effect on power generation. The
theoretical power from a wind turbine is expressed using Equation (33)

where 𝐻 ϯ is the Moorse- Penrose generalized inverse of matrix H, which
can be determined using equation (26).
−1

𝐻 ϯ = (𝐻 𝑇 𝐻 ) 𝐻𝑇

(26)

3. ONLINE SEQUENTIAL EXTREME LEARNING MACHINE
However, both BP and ELM are batch learning algorithms, demanding
complete training data to develop the model. But in many of the industrial
applications, the training data arrives in a sequential manner appealing for
online sequential learning rather than batch learning. The OS ELM
algorithm proposed by a researcher can learn from online sequential
training data arriving 1-by-1 or chunk-by-chunk. Both additive and RBF
nodes, which can use any bounded nonconstant piecewise continuous
activation functions and any integrable piecewise continuous activation
functions respectively, can be handled by this versatile learning algorithm.
It discards the training observation(s) immediately as the learning action
for that observation(s) is complete. The OS ELM algorithm is discussed
below.
It works in two stages namely an initialization stage and a sequential
learning stage.
Step 1. Initialization stage:
a)
b)
c)
d)

(32)

Initially feed a small block of data N0, which is not smaller than
number of hidden neurons, from the given set of training data.
Randomly allocate input weights, bias, (for sigmoidal activation
function) or center, widths (for RBF activation function)
Determine the hidden layer outputs
Calculate the initial output weight matrix using equation (27)
(27)

𝛽(0) = 𝑃0 𝐻0𝑇 𝑇0

where𝑃0 and 𝑇0 are given in equations (28) and (29) respectively. 𝐻0 , 𝑇0
are hidden layer output and target matrix respectively for initial block of
data N0.
(28)

𝑃0 = (𝐻0𝑇 𝐻0 )−1 
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.
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(29)
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(33)

P = ρπR2 Cp (λ, β)v 3
2

where,
P is the power captured by the rotor of a wind turbine in kW, ρ is the
density of air in kg/m3, R is the rotor radius in m, Cp is the power
coefficient, β is the blade pitch angle in degree, λ is the tip speed ratio, v is
the wind speed in m/s
Cp is a function of tip speed ratio λ and blade pitch angle β. The tip speed
ratio is defined as the ratio of the tangential velocity of the blade tips and
the effective wind speed.𝜆 can be determined using Equation (34) [22].
λ =

RΩr

(34)

Ve

where R is the rotor radius in meters, Ωr is the rotor speed in
radians/second and Ve is the effective wind speed perpendicular to the
rotor plane in m/s.
The wind direction is neglected in equation (33) due to the assumption
that wind blows orthogonally to the rotor. But it is not the case, because
wind blows from different directions in practice. Hence, it is an important
variable to be considered. Accordingly, wind speed, rotor speed, blade
pitch angle, direction and density are the parameters directly influencing
the wind power generation. Out of these parameters blade pitch angle is
one of the important controllable parameters.
5. DATA
DESCRIPTION,
DEVELOPMENT

PRE-PROCESSING

AND

MODEL

The advancement in data acquisition systems have provided golden
opportunities for the researchers. SCADA system is one of the vital
components of modern wind farms as it is a means of acquiring online data
about wind power generation. The data for the present study is collected
from SCADA of a large wind farm of Karnataka state, India. This region is
ideally suited for harvesting wind energy. A ten-minute resolution data
from a 1500 kW, three bladed, pitch regulated upwind horizontal axis
wind turbine, collected for a duration of six months during June December 2013, has been used. With regard to enhancing the accuracy,
the missing and erroneous data as a result of failure of sensors and several
subsystems have been removed from the data set. After the data is
averaged to 1 hour, it has been normalized between 0 and 1, so that each
data contributes equally towards the learning process of ANN, by using
equation (35).
𝑋′ =

𝑋−𝑋𝑚𝑖𝑛

(35)

𝑋𝑚𝑎𝑥 −𝑋𝑚𝑖𝑛

Step 2. Sequential learning stage:
Present the (k+1)th chunk of new data
a)
b)

Find the outputs of hidden layer using equation (30)
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Determine the output weight matrix β(k+1) using equation (31) and
(32).

c)
𝑇 (𝐼
𝑇 )−1
𝑃𝐾+1 = 𝑃𝐾 − 𝑃𝐾 𝐻𝐾+1
+ 𝐻𝐾+1 𝑃𝐾 𝐻𝐾+1
𝐻𝐾+1 𝑃𝐾

(31)

where, X ', X, 𝑋𝑚𝑎𝑥  and𝑋𝑚𝑖𝑛 are normalized data, actual data, maximum
and minimum values in the data set respectively.
The input variables considered are density, wind speed, rotor speed, wind
direction and blade pitch angle. The output is wind turbine power. The
general architecture of the neural network model is as shown in the Fig 1.
The simulations have been executed in MATLAB R2014a environment
using an Intel i-3, 2.2 GHZ CPU [23]. For each case, the results are averaged
over 10 trials. Mean Square Error (MSE) and Root Mean Square Error
(RMSE) given in the equations (36) and (37) respectively have been used
in this work. RMSE has been used as a performance metric to assess
different models.𝑋𝑖 and 𝑋̃𝑖 are the ith element of actual and predicted
values respectively and n is the total number of data. For assessing the
prediction accuracy of developed models, a MSE value of 0.01 kW 2 has
been considered.
1

2

MSE = ∑ni=1(Xi − X̃i )
n
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(37)

𝑛

Figure 1: General architecture of the ANN model

6. RESULTS AND DISCUSSION
This work aims to apply OS ELM to model and simulate wind power. The
results have been compared with ANN models based on BP and ELM batch
learning algorithms.
6.1 OS ELM Model
Determining the optimal value of learning parameters and network
architecture is an important step in ANN model development. The optimal
number of hidden neurons is the only parameter to be tuned in OS ELM
model. In the present work, it has been determined based on trial and
error for achieving minimum RMSE (%). The variation of RMSE (%) with
number of hidden neurons is shown in Fig 2. Decrease in RMSE (%) is
observed with increase in number of hidden neurons. The lowest RMSE
(%) is obtained for 30 neurons, and it increased thereafter. This behavior
was observed for both Sigmoid and RBF activation functions. Accordingly,
the optimum number of hidden neurons has been set to 30.

by-1, use of fixed chunk size and randomly varying chunk size has been
compared, considering two widely used activation functions namely
Sigmoid and RBF. The corresponding results have been summarized in
Table 1. A fixed chunk size of 50 and random chunk size in the range of
[10,100] has been used. From the table it is found that the time taken for
training using 1-by-1 is longest and it reduced for chunk- by-chunk case
for both Sigmoid and RBF activation functions. For instance, for the
Sigmoid case, the 1-by-1 learning mode takes 0.159 s but it is decreased to
0.080 s for 50-by-50 case. It can be noted that time taken for RBF function
is much higher in comparison to Sigmoid activation function. This is
because Sigmoid function satisfies a property given in (38), between its
derivative 𝑓 ′ and itself. Thus, it is computationally easy to perform when
compared to RBF which uses Gaussian function. Higher RMSE (%) is
observed for RBF function over Sigmoidal function for all learning modes.
However, there is no noticeable difference in the prediction accuracies for
training and test data using the two activation functions, because the
calculation is based on a fixed MSE of 0.01 kW2. Hence, it can be noted that
use of chunk size 50 gives optimal performance for the considered wind
data.

The performance of OS ELM for three different learning modes namely 1-

(38)

𝑓 ′ = 𝑓(1 − 𝑓)

Table 1: Performance comparison of different learning modes of OS ELM
Activation
functions

Algorithm

Learning mode

Time (Seconds)

Sigmoid

OS ELM

1-by-1

RBF

OS ELM

RMSE
(%)

Accuracy on
training
data (%)

Accuracy on test data (%)

0.159

1.98

100

99.93

50-by-50

0.080

1.96

100

99.95

[10,100]

0.083

1.97

100

99.93

1-by-1

0.462

2.01

100

99.89

50-by-50

0.097

2.04

100

99.86

[10,100]

0.092

2.01

100

99.93
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Figure 2: Variation of RMSE with number of hidden neurons
6.2 Comparison of use of different activation functions in OS ELM

training and test data respectively, when compared to RBF, sigmoid and
sin. RMSE is observed to be 21.69 % which is too high, compared to other
three. Sigmoid activation function gives the best possible performance of
100% and 99.95% accuracy on training and test data respectively, with
least RMSE. The computational time for use of RBF function is higher
compared to other activation functions.

To further understand the modeling behavior of OS ELM, four different
activation functions have been investigated namely Sin and Hardlim in
addition to widely used RBF and Sigmoid functions. The results are
tabulated in Table 2, for fixed chunk size of 50-by-50. Hardlim activation
function resulted in poor prediction accuracy of 64.83% and 63.86% for

Table 2: Performance of OS ELM with different activation functions
RBF

Sigmoid

Sin

Hardlim

Accuracy on training data (%)

100

100

100

64.83

Accuracy on test data (%)

99.86

99.95

99.91

63.86

RMSE (%)

2.04

1.96

2.01

21.69

Time (s)

0.097

0.080

0.076

0.083

6.3 Comparison of performance of OS ELM with other models

training and test data respectively in comparison to 21.54 s training time,
97.10% and 96.17% accuracy for training and test data respectively with
the use of BP algorithm, when sigmoid activation function is used. Similar
trend has been observed with use of RBF activation function.
Since BP is a gradient descent learning algorithm and suffers from local
minima, it results in large number of RBF centers in the hidden layer [24].
A drastic reduction in number of RBF centers can be observed, when ELM
algorithm is used. But there is no much difference in the number of hidden
neurons, when sigmoid function is used during training using ELM
algorithm [25].

Performance of different learning modes of OS ELM namely1-by-1, fixed
chunk size of 50-by-50 and random chunk size between [10,100], has been
compared with models using ELM and BP batch learning algorithms. The
results are presented in Table 3. Sigmoid and RBF activation functions
have been considered for the performance comparison as they are the
most widely used activation functions. The models using batch learning
algorithms namely ELM and BP with Sigmoid and RBF activation function
have been simulated using customized MATLAB codes. Hence the time
taken by these algorithms are not comparable with that of OS ELM, which
makes use of functions available in MATLAB ANN tool box. It has been
observed by a researcher that the training time taken by batch learning is
shortest and for sequential learning in 1-by-1 learning mode OS ELM is the
longest. It is preferable to compare the two batch learning algorithms
namely ELM and BP, which are widely used in ANN modelling applications.
The learning in BP is iterative in nature and suffers from problems of easy
convergence to local minima and hence results in slow training and poor
generalization performance. ELM overcomes the drawbacks of BP
algorithm and results in quick learning in 0.458 s and results in
comparatively high prediction accuracies of 99.92 % and 99.54% for

From the literature it can be observed that, the prediction accuracies and
size of RBF neural network can be improved to a great extent by proper
selection of centers using suitable center selection strategy, there by
resulting in a more robust and compact model. It is thus concluded from
the table that OS ELM algorithm with fixed chunk size of 50 is superior,
when compared to all other models with regard to prediction accuracies
as well as the training time. Thus, it is the most suitable model, being fast
and accurate for real world wind power modelling and simulation
applications with data arriving in a sequential manner.

Table 3: Performance comparison of different ANN models
Activation
functions

Algorithm

Learning
mode

Time
(Seconds)

RMSE (%)

Accuracy on training
data (%)

Accuracy on
test
data
(%)

Number
of
hidden neurons

Sigmoid

OS-ELM

1-by-1
50-by-50
[10,100]
Batch

0.159
0.080
0.083
0.458

1.98
1.96
1.97
2.61

100
100
100
99.92

99.93
99.95
99.93
99.54

30
30
30
25

ELM
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BP
OS-ELM

RBF

ELM

Batch
1-by-1
50-by-50
[10,100]
Batch

21.54
0.462
0.097
0.092
0.631

5.93
2.01
2.04
2.01
1.96

97.10
100
100
100
100

96.17
99.89
99.86
99.93
99.77

25
30
30
30
75

BP

Batch

47.23

5.23

97.06

96.39
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6.3.1 Validation
The OS ELM model with sigmoidal activation function with fixed chunk
size of 50 has been validated by taking 5% of the entire data set which has
not been used in training as well as test data set. This data has been
collected during May 2017, from an identical turbine in the same wind
farm. The model is proved to be efficient with 97.68% prediction accuracy
and RMSE of 5.12%. The corresponding results are shown in Fig 3 for 50
number of randomly selected data. There is good agreement between
predicted and actual data.

power based on OS ELM. To prove the reliability of the model developed,
the results of the present work has been compared with one of the work
available in the literature, where OS ELM has been used for wind power
prediction. A researcher presented rolling ultra-short term of wind power
prediction based on an OS ELM algorithm by considering NWP wind speed
correction and error interval evaluation. The different modes of learning
of the model, 1-by-1 or chunk-by-chunk is unaddressed in this work. The
RMSE for the optimal OS ELM model and the data set combination ie. OS
ELM model after wind speed correction and summer season data is found
to be 5.08%, which is much higher in comparison to RMSE of 1.96 % of the
OS ELM model developed in the present study.

There are little efforts in modelling and simulation of the wind turbine

Figure 3: Comparison of simulated power with actual (Validation data)
7. CONCLUSIONS
A fast and accurate ANN model has been developed to simulate the power
output of a horizontal axis wind turbine based on online sequential
algorithm namely, OS ELM. Different activation functions namely Sigmoid,
Sin, RBF and Hardlim have been used and the performance has been
compared. In OS ELM, different modes of learning namely 1-by-1and
chunk-by-chunk have been investigated. The performance of the OS ELM
model has been compared with models based on ELM and BP batch
learning algorithms, by considering sigmoidal and RBF, the most widely
used activation functions.
From the study, the following conclusions can be drawn:
•
In OS ELM, the training time taken for 1-by-1 mode of learning is
high in comparison to chunk-by-chunk.
•
OS ELM model with RBF activation function takes more training
time compared to Sigmoid, Sin and Hardlim activation functions.
•
Sigmoid, Sin and RBF activation functions showed good
generalization performance when compared to Hardlim.
•
Batch learning using ELM learning algorithm is better than BP, as it
overcomes many of its drawbacks like slow learning, getting stuck
in local minima and hence reduced number of hidden neurons,
particularly when RBF activation function is used.
•
OS ELM using 50-by-50 chunk size with Sigmoid activation function
gives the optimal performance with 99.95% accuracy on test and
97.68% on validation data with least RMSE and training time.
•
Though the batch learning using ELM with RBF activation function
can result in a more robust neural network model with the proper
use of center selection strategy [16], an ANN model based on OS
ELM is more suitable for simulation and modelling of wind power

data, where it arrives in a sequential manner, through a SCADA, thus
reducing the effort and cost in storing large amount of data.
Thus, the study provides a detailed understanding of all aspects of wind
power modelling and simulation with respect to different activation
functions, modes of learning and learning algorithms, thereby helps in
identifying a reliable and efficient ANN model for wind power prediction.
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