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Abstract—Abstract-To estimate wind energy availability for
stable economic scheduling in the electricity market, it is neces-
sary to forecast wind power. However, the uncertain nature of
wind, makes the estimation difficult. So, to achieve good wind
power estimation, a wind speed forecast is necessary. An hourly-
based wind speed data is used to predict wind power up to
24 hours ahead for a small wind power plant (> 5kW ). The
proposed method consists of two steps as wavelet-based recurrent
neural network (RWNN) is used for wind speed estimation and
the second step uses these estimated speed samples to predict the
wind turbine power. The results are compared to those obtained
using the traditional RNN technique. The effectiveness of the
result is shown by mean absolute error.

Index Terms—RNN, RWNN, MODWT

I. INTRODUCTION

INcrease in Renewable energy demand in electricity pro-
duction market gives rise to penetration of wind energy

in to existing power system. However, the intermittent nature
of wind speed causes stability issues such as power balance,
power quality and frequency balance in existing power system.
Hence, wind power prediction scheme can assist the wind
power generation into existing power system.

There are many model available to handle wind power
prediction. The objective of wind power estimation is how
much wind power is to be expected for a particular time
horizon. The prediction is based on short-term, medium or
long term time range [1]. There are basically two types of
models used in wind power prediction such as statistical, and
physical model [2]. In statistical model, the availability of
numerical weather prediction (NWP) data is not necessary
where as in physical model it is compulsory for designing
forecasting model.

The short-term model which is the statistical scheme is used
to predict the power upto 36h time ahead [3]. There are several
approaches available for modelling statistical structure of wind
power forecast such as autoregressive moving average model
(ARMA) [4]. A Conditional Kernel Density (CKD) forecast
model is used for density estimation rather than a single
value [5]. A Weibull estimation method is used to forecast
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wind energy for a small turbine by taking 96 months wind
speed data. The accuracy is achieved to 2.79% [6]. However,
it needed long time series of data to build a proper model
as well as the automatic updation of the procedure is not
available. Therefore, machine learning approach is used for
prediction such as fuzzy logic system, artificial neural network
(ANN), support vector machines (SVM) models [7] [8] [9]. It
is observed that SVM model is used over persistence model
in very short term or short term prediction upto 1 to 4 hour
ahead [10]. To overcome this issues, ANN is used to model a
suitable prediction scheme for wind power prediction. A num-
ber of benchmark models of ANN are available in literature
such as feed-forward ANN, rucurrent neural network (RNN).
However, RNN exhibit fast learning capability as compared
to FFNN [11]. In different climate or various geological site,
wind flow is different. Therefore, different model is used
in different site. The effectiveness of the same model used
in different site changes. A Weibull model is developed in
South Punjab for wind potential assessment [12]. A five years
hourly based wind speed data is collected at 50m height and 6
different turbine models are alalyzed for suitable wind energy
production at a particular site. In [13], three parameter Weibull
model is developed to figure out the wind energy available
in turbine between cut in and rated speed. However, this
estimated energy is higher than actual one because the turbine
works between cut in and cut out wind speed.

The objective of this paper is to forecast the wind power for
a small wind turbine of 4kW. The real time wind speed data
is taken into consideration for better accuracy of the predicted
model. The proposed neural network model predict the wind
power upto 24 hour ahead.

This paper presents wavelet based recurrent neural network
(RWNN) for wind speed estimation in first stage. In second
stage, a recurrent neural network (RNN) is used for wind
power output.

II. WIND SPEED ESTIMATION WITH RWNN

A hourly based 1000 wind time series data as shown in
Figure 1 are allowed for wavelet decomposition with Max-
imum Overlap Discrete Wavelet Transformation (MODWT).
As there is no down sampling in MODWT, it is best suitable
for data transformation into elementary forms. The decompo-
sition of wind speed data by MODWT is shown in Figure



0 200 400 600 800 1000
0

10

20

30

40

50

Time (Sec)

W
in

d
 S

p
ee

d
 (

m
/s

)

Fig. 1: 1000 number of Wind Speed Sample

3. Then the decomposed datas are pass through the RWNN
model for wind speed prediction.

RWNN predicts the hourly-based wind speed data decom-
posed with MODWT separately. The five level predicted
output is then pass through IMODWT to give acctual wind
speed data. Out of 1000 decomposed datas, 200 samples are
used for training purpose. Then standing at 200th sample,
the next 24 hours are estimated recursively. This process is
executed for the next 800 samples. The structure of RWNN
based prediction technique is given in Figure 2. Here, four
layer structure is used such as input layer, hidden layer with
a context layer, and the output layer. A non-linear activation
function that is the Gaussian second derivative function is used
in both hidden and context layer. The structure of both hidden
and context layer are same and expressed as

σij(n) = (1− (
Ai(n)− b

c
)2)× e−0.5((Ai(n)−b)/a)2 ,

i ∈ m; b, c ∈ ℜ (1)

Ai(n) = ai(n) + βij(n) (2)

βij(n) = fa(σij(n− 1)) (3)

Fj =

m∏
i=1

σij(Ai), j ∈ J (4)

where Fj is the hidden layer output, fa(.) is the context
layer activation function. σij is the context layer output, b and
c are the dilation and translation parameters. The input vector
Am to each neuron a are the decomposed samples of wind
speed. The hidden layer vector at nth instant is the output of
input layer and the output vector of context layer. The output
layer result is

Yo = ωbo +
∑
j

ωfjFj +
∑
i

ωiai (5)

where ωfj is the weights engaged to the hidden and output
layer unit, ωi is the weights involve to the input and hidden
layer, and ωb0 is the bias in output node. The back-propagation
method is used for learning process. To find the gradients of
errors at each iteration, the error is back-propagated. Training
process is achieved through cost function minimization and it
is defined as
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Fig. 2: Structure of Recurrent Wavelet Neural Network

Cf =
1

2k

k∑
n=1

[er(n)
2
] ; er(n) = yd(n)− ya(n) (6)

where ya(n) is the output of the actual model and yd(n) is
the desired value.

III. WIND POWER ESTIMATION WITH RWNN

As the relation between wind speed and wind power is
nonlinear in nature, the estimation of wind power is essential
for economic power system opeartion [14]. Wind turbine
involves in WECS convert kinetic energy associated in wind
into mechanical energy and then electrical energy. The kinetic
energy associated with wind flow is given as

ke =
1

2
mwvw

2 (7)

where ke is the kinetic energy, mw is the air mass (ρAwvwt),
and vw is the wind speed. The wind turbine power (pt) is
expressed as

pt =
1

2
ρAwvw

3Cp (8)

where Cp is the power coefficient of wind turbine. The
maximum theoritical value of Cp is 0.5926. The past wind
speed is used as input to wind turbine to get the power
output. A 3.7kW DFIG based WECS is used [15]. The wind
speed and wind power are used for further estimation of wind
power generation upto 24h time ahead. Here, for estimation
of wind power is carried out through RWNN. The structure
of RWNN is same as described described in Section II. The
1000 power samples output of wind turbine are decomposed
with MODWT technique. The RWNN structure is given the
decomposed samples to estimate power. For effectiveness of
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Fig. 3: decomposition of a signal by MODWT

Fig. 4: Wind Speed Estimation
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Fig. 5: decomposition of a signal by MODWT

Fig. 6: Wind turbine output power with



TABLE I: Performance of training with RWNN for power
estimation in terms of MSE

Level MSE with RWNN
D1 2.67528708120335e-05
D2 0.000965271376929554
D3 0.00314014507857590
D4 0.0289622311082922
D5 4.80431091301752e-05

the proposed model is varified by comparing it with existing
RNN structure.

IV. RESULTS AND DISCUSSION

The estimation process with RWNN is carried out in MAT-
LAB/SIMULINK environment. Total 200 samples are used in
training process and after training, the rest samples are used
in testing. The proposed model is validated by mean square
error (MSE) values. In Table 1, the obtained results of MSE
for each level are given. The result shows better performance
in MSEs for RWNN model. Figures 4 and 5 show the results
of the wind speed estimation. In Figure 4, the speed estimation
with RWNN structure is given. The result of speed estimation
with RNN is shown in Figure 5. The root mean square error
of Figure 4 is 0.0856 and for figure 5 is 1.5468.

The Mean Absolute Error (MAE) of RWNN model for wind
power estimation is expressed as

MAE =
1

k

k∑
i=1

∣∣∣Ỹi − Yi

∣∣∣ = 1

k

k∑
i=1

|epi| (9)

where
Ỹ is the wind power estimation vector, Y is the actual

power, and ep is the error generation over k number of
observation. The training of power samples with RWNN is
shown in Figure 6. The performance of turbine output power
with RNN is shown in Figure 7(a). The turbine output power
performance with RWNN is shown in Figure 7(b) and its MAE
and RMSE are found as 16.1242% and 16.5673% respectively.

V. CONCLUSIONS

A neural network based prediction model is developed for
wind power estimation upto 24 look ahead hours. Firstly, all
the measured wind speed and power samples are decomposed
through MODWT. The decomposed samples are then used
in RWNN structure for estimation in second step. In last
step all the estimated wind speed and power samples are
passed through inverse wavelet transformation process for
actual series of forcasted values.By comparing it to a standard
RNN model, the effectiveness can be determined. This model
can be used in short-term prediction for small wind power
(< 5kW ) plant.
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