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Due to the environmental degradation and depletion of conventional energy, much attention has been devoted to wind energy in
many countries.The intermittent nature of wind power has had a great impact on power grid security. Accurate forecasting of wind
speed plays a vital role in power system stability. This paper presents a comparison of three wavelet neural networks for short-term
forecasting of wind speed. The first two combined models are two types of basic combinations of wavelet transform and neural
network, namely, compact wavelet neural network (CWNN) and loose wavelet neural network (LWNN) in this study, and the third
model is a new hybridmethod based on the CWNN and LWNNmodels.The efficiency of the combinedmodels has been evaluated
by using actual wind speed from two test stations in North China.The results show that the forecasting performances of the CWNN
and LWNN models are unstable and are affected by the test stations selected; the third model is far more accurate than the other
forecasting models in spite of the drawback of lower computational efficiency.

1. Introduction

Utilization of renewable energy has been paid increasing
attention to around theworld.Wind energy is one of themost
promising energy resources, and wind power generation has
been growing rapidly in many countries [1–3]. Wind power
generation has rapidly developed over the last decade and
global wind power installations reached 240GW in 2011,
accounting for about 5% of global power installed capacity;
global wind power generation will increase to about 450GW
by the year 2020 [4]. However, the randomness of wind in
speed and direction leads to the fluctuation of wind power.
The large-scale wind power generation integrated in electrical
power systems may cause some problems, including power
quality, stability, and especially power dispatching [5]. The
accurate forecasting of wind speed has an important effect
on solving the instability of wind power generation and
increasing wind power penetration [6].

Recently, some researchers have proposed a number of
methods to forecast wind speed and wind power, which
can be classified as physical methods, spatial correlation
methods, conventional statistical methods (i.e., persistence

method, ARMA), and artificial intelligence methods [7–
14]. In the last two decades, artificial intelligence methods,
including artificial neural network (ANN) [15–18], fuzzy
logic, support vector machine [19, 20], are applied widely
in energy engineering area [21, 22]. Among the methods,
ANN is one of the most widely used models and a promising
technology in wind speed forecast [3, 15–18].

However, ANN methods have limitations with nonsta-
tionary data, which may not be able to handle nonstationary
data if the preprocessing of the input data is not done
[23]. Wind speed is influenced by many factors, and its
change displays a strong stochastic and intermittent feature.
A single forecasting model cannot fully approximate the
characteristics of wind speed.

Wavelet transform has been applied to a number of
disciplines outside of the power system, and it has been
found to be very effective to analyze nonstationary time series
[24]. Wavelet transform not only has the multiresolution
characteristics but also can capture the local feature of signal
in both time and frequency domains [25]. The wavelet-
transformed data can improve the ability of a forecasting



2 Mathematical Problems in Engineering

model by capturing useful information on various resolution
levels.

Recently, some hybrid prediction techniques using the
combination of wavelet transform and ANN have been
developed for wind speed prediction. There are two types
of basic combination forms based on wavelet transform and
ANN. The first combination method uses discrete wavelet
transform (DWT) as a preprocessing tool to decompose
the original time series signal into some subsequences with
different frequency bands. Then ANN models are used as
forecasting modules to predict these subsequences, respec-
tively.The combinationmethod, namely, loose wavelet neural
network (LWNN) in this study has been applied in energy
and power systems [26, 27].The second combinationmethod
is similar to back propagation neural networks (BPNN) and
uses a kind of wavelet basis function to replace sigmoidal
activation function of the hidden layer nodes of BPNN.
This combination network is presented firstly by Zhang and
Benveniste [28], namely, compact wavelet neural network
(CWNN) in this study. At present, this method has been
widely applied to various fields [29, 30]. Other combination
methods are rarely reported in the literature [31–35].

In this study, we are interested in combinedmodels based
on the wavelet transform and neural network for wind speed
forecasting. This paper presents three types of short-term
wind speed forecasting models, including the preceding two
wavelet neural networks (CWNN and LWNN). The third
model is a new hybrid method based on a combination of the
preceding two types of wavelet neural networks. The aim of
this paper is to investigate the three models and compare the
forecasting performance for wind speed by using the actual
wind speed data in two different wind farms.

The remainder parts of the paper are organized as
follows. In Section 2, three models based on the combination
of wavelet and neural network are outlined. In Section 3,
the model parameters are described, and some evaluating
indexes used in this study are presented. In Section 4,
obtained numerical results and discussion from these meth-
ods are presented. In Section 5, some relevant conclusions
about the performance achieved by comparing CWNN,
LWNN, and LCWNNmodels are provided.

2. Three Types of Wavelet Neural
Network Models

2.1.TheCWNNModel. Thearchitecture of theCWNNmodel
is based on the topology of BPNN. In this method, a kind
of continuous wavelet basis function (i.e., Morlet wavelet
or Mexican hat wavelet) is employed to replace sigmoidal
activation function of the hidden layer nodes, and the scaling
and shifting parameters of wavelet basis functions are used to
replace the corresponding connectionweights and thresholds
from the input to the hidden layer. Wavelet function is a
local function and influences the output of the hidden layer
only in some local range [36].The CWNNmethodmay solve
the conventional problems of poor convergence or trapping
in local optima encountered in BPNN. The structure of the
CWNNmodel is shown in Figure 1(a).
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is the weight for the connection between the
hidden and the output layer. ℎ(𝑖) is the output of the 𝑖th node
in hidden layer.𝑚 is the number of the output layer nodes.

Similar to the training algorithm of BPNN, the model
adopts gradient descent rule to correct the connection
weights and the parameters of wavelet basis function.

2.2.The LWNNand LCWNNModels. Both of the LWNNand
LCWNNmodels consist of two parts: the preprocessingmod-
ule based on discrete wavelet transform and the prediction
module based on neural network.

Figures 1(b) and 1(c) show the architecture of the LWNN
and LCWNN models, respectively. Their structures are sim-
ilar. In the preprocessing modules, both models take dis-
crete wavelet transform as preprocessing tools to decompose
original wind speed time series 𝑥(𝑛) into a set of wavelet
coefficients, then reconstruct these coefficients into the time
subseries. In the predictionmodules, bothmodels take neural
networks as forecasting methods to predict the subseries.
However, the difference between the two prediction modules
is that the LWNN model uses the conversional BP neural
networks to forecast the decomposed subseries, and the
LCWNN model uses the CWNN model to predict them.
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The modeling steps of the two methods are described as

follows:
(1) Use discrete wavelet transform to decompose original

time series 𝑥(𝑛) into a set of wavelet coefficients at
scaling factor 𝑗, including low-frequency coefficients,
𝑗 high-frequency coefficients, and then separately
reconstruct these coefficient series into a set of time
subseries that is equal to the length of original wind
speed time series.
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Figure 1: Structures of the three types of wavelet neural network
models.

(2) Establish the BPNN and CWNN prediction models
for these subseries, respectively, and make the short-
term prediction for each subseries.

(3) Calculate the sumof forecasting results of all subseries
to obtain the final forecasting for original time series.

3. Wind Speed Prediction Based on
the Three Models

3.1. Wind Speed Data. Two stations (test station 1 and test
station 2) located in Inner Mongolia Autonomous Region of
China are used in this study. The hourly wind speed data
are recorded from two wind farms in March 2010. Monitors
on site sampled the wind speed data for every five-minute
interval, which are collected 12 times in an hour. These
measured data have been averaged to obtain the hourly mean
wind speed (720 samplings).These samplings are divided into
two groups. The first group of the samplings (1st–600th) is
used for training and establishing models, and the second
group of the samplings (601st–720th) is used for testing the
validity of the prediction models.

3.2. Forecasting Model Parameters. For purpose of analyzing
and assessing the forecasting performances of the combined
models, two sets of wind speed data in two test stations are
input into CWNN, LWNN, LCWNN, and the conventional
BPNN models, respectively.

Wavelet transform is used in the LCWNN model as
well as the CWNN and LWNN models. In the LWNN and
LCWNN models, their preprocessing modules both apply
discrete wavelet transform, and the wind speed series of test
station 1 is decomposed discretely using db4 (Daubechies
wavelet family) at scaling factor 3, respectively; the wind
speed series in test station 2 is decomposed discretely using
db3 at scaling factor 2, respectively.

In the forecasting modules of CWNN and LCWNN
for every test station, the transfer functions both apply
continuous Morlet mother wavelet function. The neurons in
the input and the hidden layer in the forecasting modules
are chosen by trial and error. The model parameters of the
three wavelet neural networks and BP network with a single
algorithm are shown in Table 1.

3.3. Evaluation Criteria. To compare the efficiency of the
three wavelet neural networks for the prediction of wind
speed, some error criteria are employed in this study. The
mean absolute error (MAE), the root mean squared error
(RMSE), and themean absolute percentage error (MAPE) are
defined as follows:
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Table 1: Model parameters of the three wavelet neural networks and BP networks.

Test station Model Wavelet preprocessing module Neural network prediction module
Wavelet
function

Decomposition
coefficients

Structure of
network

Transfer function of
hidden layer

Transfer function of
output layer

Training
algorithm

Test station 1

BPNN 4-12-1∗ tansig purelin trainlm
CWNN 4-9-1 Morlet purelin trainlm

LWNN 𝑐𝑎
3
, 𝑐𝑑
3
, 𝑐𝑑
2
, 𝑐𝑑
1

𝑐𝑎
3
: 3-11-1 tansig purelin trainlm

db4 𝑐𝑑
3
: 4-7-1 tansig purelin trainlm
𝑐𝑑
2
: 4-12-1 tansig purelin trainlm
𝑐𝑑
1
: 4-12-1 tansig purelin trainlm

LCWNN 𝑐𝑎
3
, 𝑐𝑑
3
, 𝑐𝑑
2
, 𝑐𝑑
1

𝑐𝑎
3
: 3-9-1 tansig purelin trainlm

db4 𝑐𝑑
3
: 4-7-1 tansig purelin trainlm
𝑐𝑑
2
: 4-7-1 tansig purelin trainlm
𝑐𝑑
1
: 4-12-1 tansig purelin trainlm

Test station 2

BPNN 4-11-1 tansig purelin trainlm
CWNN 3-8-1 Morlet purelin trainlm

LWNN 𝑐𝑎
2
, 𝑐𝑑
2
, 𝑐𝑑
1

𝑐𝑎
2
: 3-8-1 tansig purelin trainlm

db3 𝑐𝑑
2
: 4-7-1 tansig purelin trainlm
𝑐𝑑
1
: 4-12-1 tansig purelin trainlm

LCWNN 𝑐𝑎
2
, 𝑐𝑑
2
, 𝑐𝑑
1

𝑐𝑎
2
: 3-9-1 tansig purelin trainlm

db3 𝑐𝑑
2
: 3-10-1 tansig purelin trainlm
𝑐𝑑
1
: 4-11-1 tansig purelin trainlm

∗m-n-p denotes structure pattern of neural network.m, n, p are the numbers of the input, the hidden, and the output layer nodes, respectively.

Table 2:MAE, RMSE, andMAPEby deferentmodels for test station
1.

Model MAE
(m/s)

RMSE
(m/s)

MAPE
(%)

Average computation
time (s)

Persistence 1.279 1.432 36.65 0.12
BPNN 1.186 1.338 30.19 3.36
CWNN 1.015 1.296 29.44 5.73
LWNN 0.475 0.522 13.17 9.69
LCWNN 0.426 0.468 11.82 19.74

where 𝑛 is the number of testing wind speed values; 𝑦
𝑖

and 𝑦
𝑖
are the actual and predicted wind speed at time 𝑖,

respectively.

4. Comparative Analysis

In the study, the persistence method and the conventional
BPNN model are adopted as the benchmark for testing the
performances of the three wavelet neural networks. These
models are used for forecasting wind speed in two wind
farms. Figure 2 and Tables 2 and 3 are the forecasting results
for these prediction models.

Figures 2(a) and 2(b) show the forecasting results of wind
speed made in two test stations, respectively. The subfigures,
respectively, show the measured and the forecasted wind
speed values obtained by the persistence method, BPNN,
CWNN, LWNN, and LCNN.

Table 3:MAE, RMSE, andMAPEby deferentmodels for test station
2.

Model MAE
(m/s)

RMSE
(m/s)

MAPE
(%)

Average computation
time (s)

Persistence 1.382 1.593 16.71 0.10
BPNN 1.343 1.584 16.26 3.49
CWNN 0.879 0.984 10.65 6.26
LWNN 0.808 0.958 9.78 11.70
LCWNN 0.549 0.621 6.64 22.35

Tables 2 and 3 give the comparative MAE, RMSE and
MAPE error results obtained by the three types of wavelet
network models (CWNN, LWNN and LCWNN) along with
the persistence method and BPNN according to the error
criteria in (3).The computation time of each algorithm is also
shown in Tables 2 and 3.

Table 2 presents the results in test station 1. It can be
seen that the MSE, RMSE, and MAPE values for the three
combination wavelet neural network models are all smaller
than those obtained by the persistence method and BPNN.
For example, the MSE values for the CWNN, LWNN, and
LCWNNare 1.015m/s, 0.475m/s, and 0.426m/s, respectively,
which are reduced by 20.6%, 62.9%, and 66.7% compared
with those of the persistence method, and 14.4%, 59.9%,
and 64.1% compared with those of BPNN. Among the three
combination models, the LCWNN method presents better
forecasting accuracy. The MAE, RMSE, and MAPE values
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Figure 2: Forecasting results of wind speed series made by different models.

of the LCWNN model are 0.426m/s, 0.468m/s, and 11.82%,
respectively. Improvements in the errors of the LCWNN
model as against the CWNN model are 49.7%, 63.9%, and
59.9%. But the errors of the LWNN model are close to those
of the LCWNNmodel.

Table 3 also lists the simulation results where these fore-
castingmodels are applied in test station 2. Table 3 shows that
the prediction accuracy of the three wavelet neural network
models also outperforms that of the persistence method
and BPNN. But for the wavelet neural network models, the
prediction accuracy of CWNN are close to that of LWNN,
and both are much lower than that of the LCWWmethod.

From Tables 2 and 3, the error values of the LCWNN
model are the smallest in two test stations. In test station 1,
the error values of CWNN are worse than those of LWNN;
whereas in test station 2, the comparison between CWNN
and LWNN shows that the two models yield similar results,
and it is difficult to definitively conclude which model is
better.

Besides, it can also be observed that the prediction per-
formance of the persistence method is the weakest compared
with the other four models based on neural networks. The
persistence method assumes the current measured value
as the prediction value of the next wind speed, and its
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forecasting accuracy depends on the similarity of adjacent
wind speed data. Some research shows the models based
on neural networks generally outperform the persistence
method [18].

Additionally, simulation results also exhibit that the
prediction performance of BPNN model is weaker than the
other three models based on the combination of wavelet
transform and neural network, which can be explained by the
fact that BP algorithm is not a global optimization method
and easy to fall into local optimum, and its approximation and
generalization abilities relay on the learning sample selected.
The prediction accuracy can be improved byCWNN, LWNN,
and LCWNN approaches because the wavelet transform can
produce a good local representation of wind speed signals in
both time and frequency domains. However, the prediction
accuracy by CWNN and LWNN is unstable, easily influenced
by geographical conditions, and the LCWNN model based
on the combination of CWNN and LWNN can capture the
complex features of wind speed and overcome the instability
occurred in CWNN and LWNNmodels.

Unfortunately, the wavelet neural network methods
spend more computation time than the persistence method
and BPNN. Among the combined methods, the computa-
tional efficiency of the LWNN and the LCWNN methods
is lower than CWNN and BPNN, because the predic-
tion modules of the two methods both consist of several
other models (i.e., BPNN and CWNN) in Figure 1. As
shown in Tables 2 and 3, the average computation time
of LCWNN is much longer than the other models using
MATLAB on a PC with 2GB of RAM and a 2.8GHz based
processor.

5. Conclusions

In this paper, three types of forecasting methods for wind
speed based on the combinations of wavelet transform and
neural networks were proposed. These combined methods
were investigated by using two sets of wind speed data from
different test stations in North China and compared with
the persistence method and the conventional single BPNN.
Due to the ability of wavelet transform for revealing the
local characteristics of nonlinear time series and of neu-
ral network for self-learning and nonlinear approximation
properties, the three wavelet neural network models have
better forecasting accuracy than the persistence method and
BPNN. The comparative result of different wavelet neural
networks shows that the CWNN and the LCNNmethods are
unstable, easily influenced by different wind data sets; the
LCWNN method combines the advantages of the CWNN
and the LCWWmodels, and can reduce the prediction errors
and improve the uncertainty. However, the operation time
of the LCWNN method is much longer than other models
because its prediction module consists of several CWNN
models. In spite of its lower computational efficiency, it can
be recommended that the LCWNN model could be a robust
method for wind speed forecasting.
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