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Abstract—Wind power industry plays an important role in
promoting the development of low-carbon economic and
energy transformation in the world. However, the randomness
and volatility of wind speed series restrict the healthy
development of the wind power industry. Accurate wind speed
prediction is the key to realize the stability of wind power
integration and to guarantee the safe operation of the power
system. In this paper, combined with the Empirical Mode
Decomposition (EMD), the Radial Basis Function Neural
Network (RBF) and the Least Square Support Vector Machine
(SVM), an improved wind speed prediction model based on
Empirical Mode Decomposition (EMD-RBF-LS-SVM) is
proposed. The prediction result indicates that compared with
the traditional prediction model (RBF, LS-SVM), the EMDRBF-LS-SVM model can weaken the random fluctuation to a
certain extent and improve the short-term accuracy of wind
speed prediction significantly. In a word, this research will
significantly reduce the impact of wind power instability on the
power grid, ensure the power grid supply and demand balance,
reduce the operating costs in the grid-connected systems, and
enhance the market competitiveness of the wind power.

Index Terms—renewable energy, wind speed prediction,
empirical mode decomposition (EMD), radial basis function
neural network (RBF), least squares support vector basis (LSSVM).

I. INTRODUCTION
The sharp decrease of traditional energy and the
aggravation of environmental pollution have a negative
impact on the survival and development of human beings.
Laszlo VARRO, the chief economist of the International
Energy Agency (IEA) [1], pointed out that the total global
energy investment in 2016 was about 17 thousand dollars, of
which the share of the low-carbon industry increased by
twelve percentage points over the same period, reaching to
43%, while that of oil and natural gas accounted for 40%,
the low carbon industry surpassed the fossil fuel supply and
became the largest industry in energy investment industry
for the first time. The rapid development of the green energy
has been coping the global energy crisis and environmental
deterioration, thus promoting a virtuous circle of energy and
environment.
Wind power is considered as one of the fastest growing
sources of energy in the world recently due to its relatively
mature technologies, higher cost efficiency and resource
1
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effectiveness. According to the statistics of Global Wind
Energy Council [2], the global installed capacity of wind
power has increased from 23.9GW to 486.7GW from
December 31, 2001 to December 31, 2016, and the
compound annual growth rate is 22.25%, with a cumulative
increase of 12.5% over the same period. However, due to
the uneven distribution of traditional energy and renewable
energy and insufficient power grid capacity, all countries
have different degrees of abandonment. Reliable wind
power prediction facilitates the power dispatching
department to adjust the dispatching plan in time, formulates
the wind farm control strategies, and promotes wind power
to be configurable; at the same time, it mitigates the impact
of wind power instability on the power grid and significantly
reduces the power grid rotating reserve capacity, thereby
reducing the power generation cost and maintain market
competitiveness [3].Therefore, the improved wind speed and
power forecasting methods for the wind farms has become
the research focus on the wind power development. Among
them, the wind speed prediction is the basic work and a key
link.
In general, the wind speed prediction methods are divided
into four categories, including physical methods, statistical
methods, artificial intelligence techniques and combined
forecasting methods. The physical method which is
combining with the geographical factors is the process of
analysis and calculation on the basis of improving the resolution of the numerical weather forecast (NWP).
Statistical method is establishing a mapping relationship
between input and output based on a large number of
historical data, and the commonly used methods include
grey prediction [4-6], time series prediction model [7-9] and
so on. The artificial intelligence technology describes the
nonlinear relationship between system’s inputs and outputs
by means of artificial intelligence. The Artificial neural
network [10-13], the support vector machine (SVM) [14,
15] and so on are commonly used. In order to improve the
forecasting accuracy, researchers around the world have
tried to combine different forecasting methods and have
obtained many ideal forecasting results. Paper [16] proposes
a networked linear control model using a multi-objective
genetic algorithm that is optimized, and the model achieves
a simpler and more effective networked control. Paper [17]
proposed a fuzzy control method by studying the stability
conditions of the controlled equipment. This method is
applicable to the control of a class of arbitrary nonlinear
power stations. The essence of the above several kinds of
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prediction methods is directly matches the wind speed
sequence and the influencing factors, and its prediction
effect is overly dependent on the model prediction
performance. In reality, the wind speed sequence has the
strong non-stationary and non-linear characteristics as well
as the periodic variation with different nested cycles [18].
Therefore, it can be regarded as the superposition of several
different frequency components. Empirical Mode
Decomposition (EMD) method is used to decompose the
original wind speed data into an intrinsic mode function
(IMF) with local time-varying features adaptively, and it can
reduce its nonstationarity effectively. By using a large
number of actual data to simulate, we finds that the
prediction error mainly comes from high frequency
components. Based on this, a combined wind speed
prediction model based on empirical mode decomposition is
established in this paper, namely, then we separate the high
frequency component and the low frequency component
based on the mean instantaneous frequency, next we use the
least squares support vector machine (LS-SVM) to establish
the prediction model of high frequency components, and use
the RBF neural network (RBF) to establish the prediction
model of low frequency component and the remainder,
finally, the prediction results of each component are added
to get the final wind speed prediction sequence. Compared
to the traditional prediction methods, this method digs out
the characteristics of the wind speed series deeply, reduces
the random fluctuation of the wind speed sequence to a
certain extent and effectively improves the prediction
accuracy. The structure of this paper is as follows: The
sections 2 introduces the Empirical Mode Decomposition
method and the numerical algorithm. The section 3
describes the modeling process of EMD-RBF-LSSVM
model. The section 4 presents the comparison of prediction
results and error analysis of each model. The summary and
prospect of the full text are in the section 5.
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Step 3 In each time period t, the average of upper and
lower envelope is calculated as

m1 

emax (t )  emin (t )
2

(1)

Step 4 Minus the average envelope of the input signal:
h1 (t )  x(t )  m1 (t ) . This is an iteration of the screening
process. The next step is to check if

h1 (t ) is an intrinsic

model function. In Huang's original work, when the
difference between two successive screens was less than a
selected threshold SD, the screening process stopped and SD
was defined as

 h (t )  h (t ) 2 
1( k 1)
1k

(2)
SD   
2
t 0 
h1( k 1) (t )



In this case, h11  h1  m11 if this is the kth iteration,
T

then h1k

 h1( k 1)  m1k .

Step 5 When all the conditions are satisfied, the intrinsic
mode function is defined as c1  h1k , after deriving the
intrinsic mode function c1  h1k , we define the remainder
as r1 (t ) 

x(t )  c1 (t ) .

Step 6 Take the remaining amount as the input signal,
then repeat the step 1- 6. Therefore, the result is

r1  c1  r2 , , rn 1  cn  rn

(3)

The empirical mode decomposition process is completed
when the residual value does not contain any extreme points.
This means that the residual value can be constant or
monotone functions. The signal can be expressed as the sum
of the intrinsic mode functions and the final residual
values：
n

II. EMPIRICAL MODE DECOMPOSITION AND THE
NUMERICAL ALGORITHM
Empirical Mode Decomposition (EMD) is an adaptive
screening method that can screen the trend of different
features existing in complex signals step by step to obtain
several intrinsic mode functions (IMF) from high frequency
to low frequency and the intrinsic mode functions need to
meet the following two conditions [19-21]:
(1) In the whole data interval, the number of the extreme
points is equal to the number of zero-crossing points or at
most one difference;
(2) At any point, the mean value of the envelope defined
by the local maximum and minimum point are zero.
For a given original wind speed sequence  x (t ) , the

steps of empirical mode decomposition are as follows [22]:
Step 1 Find the position and amplitude of all the local
maximum and minimum values in the signal;
Step 2 The spline interpolation of the local maximum
value composes the upper envelope, and the spline
interpolation of the local minimum value composes the
enveloping lower line, represented by emax (t ) and emin (t )
respectively;

4

x(t )   ci (t )  rn

(4)

i 1

The inherent modal functions extracted are symmetric and
have a unique local frequency, and at the same time, the
different intrinsic modal functions do not show the same
frequency.
For each of the IMF's Hilbert transformations:

yj 

1





P 

ci ( )
d
t 

(5)

In the formula, P is the Cauchy principal value, ci ( ) is a
signal.
The analytical signal z j (t )  ci (t )  iy j (t ) , is expressed
as polar coordinates:

z j (t )  ai (t )e

i j

(6)

Where
1

ai (t )  c 2j (t )  y 2j (t )  2
 y j (t ) 

 c j (t ) 

 j  arctan 

.
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The instantaneous frequency of each IMF is:

 j (t ) 

d
 j (t )
dt

(7)

Radial Basis Function (RBF) is a kind of feed forward
neural network structure proposed by J. Moody and C.
Darken in the late 1980s. It is an artificial neural network
that uses a locally accepted domain to perform function
mapping based on biological local regulation and
overlapping acceptance region knowledge [23].

 ( x, c )    x  c 
Where



n
1
1 n
L( , b,  ,  )   T   r   i2    ( xi )  b
i 1
2
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is the radial basis function， c is the center

and  is set as Euclidean distance in general. The most

 (r )  exp(r 2 /  2 )

is the Lagrange Multiplier.

By the conditions of KTT

(8)

commonly used radial basis function is the Gaussian
function：

(13)

The elimination of

(9)

y ( x)   i  x  ci
k

i 1

 ( x  ci )



is the activation function

of the i hidden layer node, ci is the center of the i hidden
layer,

i

(15)

Where

1  1,1, ,1 , K  kij    ( xi )T  ( x j )

(10)

Among them, y ( x) represents results of the output layer,
x is the output layer of the vector, k is the number of the
hidden layer nodes,

in (14) is available:

1T   b   0 
0
 

1   
1 K  r   a   y 

Where r is the Euclidean distance from x to c .
The objective function from the input layer to output layer
is:

,

(14)

is the connection of the i hidden layer.

LS-SVM is an improvement to SVM [20]. It changes the
inequality constraint of traditional SVM to equality
constraint and takes the error square sum loss function as the
empirical loss of training set, transforming the solution of
quadratic programming problem into the solving linearity
equations, which increases the speed of solving and the
accuracy of convergence [24-26].

y   y1 , y2 , , yn 
The increase of dimension after space mapping leads to
the complexity of calculation and the increase of
computation. According to the functional theory, the inner
product calculation of the high-dimensional space can be
equivalent to a kernel function of the original input space, so
the inner function  ( xi )   ( x j ) can be replaced by the
kernel function K ( xi , x j ) ， Thus the high dimensional
problem is solved. The Least Square method is used to solve
the above equation to get a, b , and the least squares support
vector machine model is:
n

y ( x)    i K ( xi , x j )  b

A sample can be expressed as (x1, y1),(x2, y2 ),,(xn, yn ) ,

firstly, a nonlinear mapping    is used to map the sample

(16)

i 1

In

the

formula,

K  xi , x j  is kernel function,

from the original space R to the feature space   xi  , and

K  xi , x j    ( xi )   ( x j ) , which is equal to the inner

the optimal decision function is constructed in this high
dimensional space [27]:

product of

n

y ( x)   ( x)  b
Where   x  is the mapping function,

(11)



is the weight

vector and b is the constant.
Use the principle of structural risk minimization to
find  , b . The objective function and restrictions are:

1
1 n
min J ( ,  )   T   r   i2
2
2 i 1
s.t.
yi   ( xi )  b   i
Where

i

(12)

is the relaxation factor, r is the penalty

parameter. The Lagrange function is constructed as:

 ( xi )

and

(xj )

its characteristic space

 ( xi )

the eigenvector xi and x j in
and

(xj ) .

III. THE COMBINED WIND SPEED PREDICTION MODEL
BASED ON EMD (EMD-RBF-LS-SVM)
The wind speed data used in the simulation experiments
in this paper are all from the Sotavento wind farm in
Galicia, Spain [28]. Galicia is located in northwest Spain,
facing the Atlantic Ocean, rich in wind resources. There are
four seasons in a year. Under the control of the subtropical
high in summer, it is hot and dry and affected by the west
wind in winter, it is mild and rainy. The kind of climate
characteristics is unique in all kinds of climate in the world.
In general, the three months in a certain season tend to
have similar weather conditions [29]. Thus, we separately
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choose one month from each season as their representative.
Therefore, the wind speed data collected every 10 minutes
in February, May, August and November, are used to verify
the adaptability of the research method to wind speed in
different seasons. Figure 1 shows the actual wind speed
distribution over the past four months. The prediction model
data usage as shown in Table I, the maximum wind speeds
in May and August are only 16.27m/s and 14.41 m/s,
respectively. The wind speed changes stably. The maximum
wind speed in November is 20.83 m/s, which fluctuates
more than in the previous two months. Affected by the
westerly wind, the fluctuation in February reaches the
maximum, the minimum wind speed is 0.35 m/s, the
maximum wind speed is 38.93 m/s.
Using EMD to decompose the four-month original wind
speed sequences. The decomposition results are shown in
Figure 2. In each exploded picture, the first figure represents
the original wind speed signal, the red curve in the last
figure represents the remainder describing the trend of the
wind speed sequence. There are eight IMF components
separately in February, August and November, May have
seven IMF components.
In each month, the IMF components are respectively
subjected to Hilbert transform, and according to the
instantaneous frequency formula, calculate the instantaneous
frequency of each component, and then obtain the average
value. Table II shows the four-month instantaneous
frequency average value of each IMF component. From the
average instantaneous frequency of each component in
February and August, the average instantaneous frequency
of IMF3 has a large gap with the mean of the average
instantaneous frequency of IMF2, so IMF1 and IMF2 are
determined as the high frequency components and IMF3IMF8 are the low frequency components. In May and
November, the average instantaneous frequency of IMF4 is
obviously less than the average instantaneous frequency of
IMF3, so the high frequency component in May and
November is IMF1-IMF3, the Low-frequency component in
May is IMF4-IMF7 and the Low-frequency component in
November is IMF4-IMF8.
The prediction method of this study is as follows:
Step 1 Use EMD method decompose the original wind
speed sequence. The original wind speed sequence
is
decomposed into several IMF components and the
remainder, which show the trend of wind speed sequence;
Step 2 The determination of the IMF prediction
components at different frequencies. Each IMF components
are subjected to Hilbert transform, we can obtain the
instantaneous frequency, According to the feature that the
highest frequency goes to the lowest one, calculate the
instantaneous frequency of each component, then obtain the
average sequence of each IMF. In this sequence, a
distinction is made on the basis of a significant decrease in
the high frequency components, the former is identified as
the higher frequency component, and the latter is identified
as the low frequency component.
Step 3 The prediction of high frequency component. The
high-frequency components obtained by the decomposition
of the original wind speed sequence, have higher frequency
values and larger fluctuations in frequency, including highfrequency volatility and random components. Therefore, the
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LS-SVM, which has strong fitting ability to complex
nonlinear problems, is used to establish the forecasting
model for each high frequency component, and obtain each
prediction value and sum each prediction value up to obtain

the final high frequency prediction value y1 (t ) ;
Step 4 The prediction of Low-frequency components and
the remainder of. The RBF neural network is used to
establish the forecasting models for the low-frequency
components, and the predicted values are obtained and
added together to obtain the final low frequency prediction

value y2 (t ) ;
Step 5 The high-frequency and low-frequency prediction

value is added to obtain the final result y ( t ) , that is




y (t )  y1 (t )  y2 (t ) ;

Step 6 The analysis of the model error. In this paper, two
error indexes, average absolute error (MAE) and root mean
square error (RMSE), are used to quantitatively evaluate the
forecasting results. The specific formulas are as follows:

MAE 

1 k

 y (t )  y (t )
k t 1

1 k
 2
RMSE 
  y (t )  y (t ) 
k t 1

(17)

Among them, y (t ) is the true wind speed value and

y (t ) is the wind speed forecasting value.
Follow the detailed modeling steps above we can get the
model flow chart, as shown in figure 3.

Figure 3. Modeling flow chart of EMD-RBF-LS-SVM wind speed
forecasting model
TABLE I. STATISTICS OF WIND CONDITIONS IN FEBRUARY, MAY, AUGUST
AND NOVEMBER
Data collection time
2
5
8
11
Sample sizes
1200
1500
1150
1350
Average wind velocity
6.674
6.008
6.1994
9.2685
Maximum wind speed(m/s)
38.93
16.27
14.41
20.83
Minimum wind speed(m/s)
0.35
0.35
1.29
3.58
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Figure 1. (a)-(d) Separately depict actual wind speed distribution in February, May, August and November in the Sotavento wind farm

Figure 2. EMD decomposition results in February, May, August and November
TABLE II. INSTANTANEOUS FREQUENCY AVERAGE
Component
IMF1

IMF2

IMF3

IMF4

IMF5

IMF6

IMF7

IMF8

February

0.1760

0.1946

0.0789

0.0654

0.0347

0.0147

0.0071

0.0028

May

0.1704

0.1828

0.1481

0.0512

0.0232

0.0095

0.0040

NUN

August

0.1713

0.1987

0.0821

0.0626

0.0276

0.0136

0.0049

0.0023

November

0.1702

0.1935

0.1537

0.0579

0.0282

0.0108

0.0049

0.0027

Month

IV. EMD-RBF-LS-SVM MODEL RESULTS AND ERROR
ANALYSIS
According to the modeling process of the section III and

the wind speed sequence modeling flow chart, we can get
high frequency component prediction results and wind speed
prediction results.
The stochastic volatility of the high frequency
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components brings many difficulties in improving the
accuracy of wind speed prediction. The EMD method is
used to decompose the wind speed sequence and extract the
high frequency components. The least square support vector
machine with strong non-linear fitting ability is used to
model each high frequency component to obtain the
prediction results and add them to obtain the high frequency
component prediction result. The forecasting curves of the
high frequency component in February, May, August and
November are shown in Figure 4 (a) - (d) below. In the
figure, the horizontal axis represents the prediction period,
the vertical axis represents the high frequency component
value, the blue line shows the actual high frequency
component sequence, the red line represents the prediction
result of the high frequency component, (a) and (d)
represents the forecasting curve in February and November
respectively, The prediction curves show that the highfrequency components fluctuate greatly, but the trend of
their predicted curves is basically the same as the real ones,
and they all fit the real ones. The first rapid decline at the
thirteenth point in the figure (a) indicates that the LSSVM
prediction model not only maintains a downward trend, but
also does not differ significantly from the real data. Figure
(b) and figure (c) are the predicted curves in May and
November, respectively. The real high-frequency
components are more stable and the prediction error is
smaller. Thus, the separate prediction of the high-frequency
components reduces the interference of the stochastic
volatility to the prediction results, effectively improve the
prediction accuracy of the high frequency component.
Based on the prediction algorithm in Section 3, the
combined wind speed prediction model based on empirical
mode decomposition is respectively established in different
seasons. The RBF neural network and the least squares
support vector machine LS-SVM, the traditional forecasting
model, are used as the reference model.
Figures 5 (a) - (d) respectively describe the wind speed
prediction curves in February, May, August and November.
the reddish-brown band depict the wind speed prediction
results of the RBF model, the red band depict that of the LSSVM model and the blue band depict that of the EMD-RBFLSSVM model. The black curves depict the actual wind
speed distribution. The forecast results of different seasons
show that both the RBF neural network prediction model
and the LSSVM prediction model wind speed prediction
model can describe the trend of the original wind speed
series, but the values of the LSSVM prediction model are
more close to the original wind speed data.The forecast
results are better in May and August, because the wind
speed fluctuate smaller. The predictions results of the two
models are unsatisfactory and even worse in February.
Figures (a) and (d) show the wind speed prediction in
February and November. The wind sequence fluctuated
greatly during the two-month forecast period. As shown in
Figure (a), the first sharp decline trend occurs after the sixth
point in the forecast period. We can see that the prediction
curve of the RBF model only keeps the trend of the
historical wind speed data and can not timely feed back the
obvious change of the original wind speed sequence.
Although the predicted curve of the LS-SVM model timely
feedbacks its obvious change, its prediction error is very
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large. After each larger fluctuations, the wind speed
forecasting results will have a greater deviation. On the
contrary, the prediction results of the EMD-RBF-LSSVM
model not only basically coincide with the actual wind
speed series but also closer to the original wind speed series.
This fully shows that the prediction results of the EMDRBF-LSSVM model are closer to the actual wind speed
curve and can more accurately reflect the wind speed
prediction result. Figures (b) and (c) show the wind speed
prediction results in May and August, respectively, which
shows that the EMD-RBF-LSSVM model also shows good
performance when predicting a gentle wind speed sequence.

Figure 4. (a)-(d) Separately depict the high frequency component prediction
curves in February, May, August and November

The prediction results were quantitatively evaluated by
using two error indexes, mean absolute error (MAE) and
root mean square error (RMSE). Table III shows the
prediction accuracy of the model. It can be seen that the
EMD-RBF-LSSVM model shows the best prediction
performance in November, compared with the LSSVM
model, the MAE and RMSE values of the EMD-RBFLSSVM model decrease by at least 65%, compared with the
RBF model, that reduce at least 75%, the same statistical
data are at 63% and 68% in February, at 64% and 69% in
May, and at 64% and 73% in August. The wind speed
prediction accuracy of the EMD-RBF-LSSVM model is the
highest in May, MAE and RMSE are 0.1768 and 0.2349,
respectively. It can be seen that the wind speed prediction
accuracy will be significantly improved when the wind
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speed sequence is stable. From the above analysis, for every
wind speed sequence in different season, we know that the

Volume 18, Number 2, 2018
error index of the EMD-RBF-LSSVM model is superior to
the traditional wind speed prediction model.

Figure 5. The wind speed prediction curves in February, May, August and November
TABLE III. THE ERROR STATISTICS OF POWER PREDICTION MODEL
Error indicators
Forecast cycle
Prediction model
MAE（m/s）
RMSE（m/s）
February

May

August

November

RBF

1.1013

1.2591

LSSVM

0.9023

1.0674

EMD-RBF-LSSVM

0.3024

0.3917

RBF

0.6390

0.7767

LSSVM

0.5116

0.6680

EMD-RBF-LSSVM

0.1768

0.2349

RBF

0.9420

1.1236

LSSVM

0.6922

0.8377

EMD-RBF-LSSVM

0.2210

0.3005

RBF

1.3348

1.5889

LSSVM

0.9501

1.1391

EMD-RBF-LSSVM

0.3019

0.3927

V. CONCLUSION
As we all know, the over-consumption of conventional
energy sources (coal, oil and natural gas) has led to energy
shortages and environmental pollution. Reducing the
burning of fossil fuels and accelerating the development and
utilization of renewable energy have become the common
consensus and concerted action for all countries in the
world. So it is highly concerned by governments,
institutions and enterprises that wind power is an effective
way to mitigate climate change, improve energy security
and promote low carbon growth.
How to improve the accuracy of wind speed prediction is

a hot issue in wind power development. The traditional
prediction methods can’t meet the requirements of accuracy.
Therefore, in this paper, a new wind speed forecasting
model based on empirical mode decomposition is put
forward. Using the empirical mode decomposition method
to excavate the wind speed sequence characteristics and
selecting the appropriate prediction method can eliminate
the disturbance for the wind speed prediction, then
effectively improve the wind power forecasting reliability,
realize the accurate prediction for the wind farm power
generation, and lay a solid foundation for vigorously
promoting the wind power industry.
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