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Abstract—As conventional energy sources are nonrenewable, the world's major countries are investing heavily in
renewable energy research. Wind power represents the
development trend of future energy, but the intermittent and
volatility of wind energy are the main reasons that leads to the
poor accuracy of wind power prediction. However, by
analyzing the error level at different time points, it can be
found that the errors of adjacent time are often approximately
the same, the least square support vector machine (LS-SVM)
model with error correction is used to predict the wind power
in this paper. According to the simulation of wind power data
of two wind farms, the proposed method can effectively
improve the prediction accuracy of wind power, and the error
distribution is concentrated almost without deviation. The
improved method proposed in this paper takes into account the
error correction process of the model, which improved the
prediction accuracy of the traditional model (RBF, Elman, LSSVM). Compared with the single LS-SVM prediction model in
this paper, the mean absolute error of the proposed method
had decreased by 52 percent. The research work in this paper
will be helpful to the reasonable arrangement of dispatching
operation plan, the normal operation of the wind farm and the
large-scale development as well as fully utilization of renewable
energy resources.

Index Terms—computer errors, error correction, support
vector machines, power engineering computing, wind energy
generation.

I. INTRODUCTION
In the 1970s, the emergence of energy shortage in the
world powers has made people aware of the need to find and
develop new energy sources in order to survive. Many
countries begun to set energy policy and actively engaged in
the adjustment of energy structure, greenhouse gas
emissions reduce, the strengthening of environmental
pollution mitigation and energy security and thus the
development of renewable energy using has been highly
valued. In these new energies, wind energy is considered to
be the most mature technology, commercialization of it has
been basically achieved and it is the most potential
renewable energy technology. At present, wind power is one
of the ways to use wind energy in large scale. According to
data released by the Global Wind Energy Association
(GWEC), from 2006 to the end of 2015, the global wind
1
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power installed capacity had increased from 74GW to
432.9GW, about 5 times. At the same time the International
Energy Agency (IEA) pointed out that in 2015, under the
premise that the growth rate of global economy is higher
than the 3%, global carbon emissions related to energy
amount about 322 million tons, essentially flat with 322
million tons in 2014. This is mainly due to the use of green
energy in more countries.
Due to the advantages of wind energy and the negative
impact of fossil consumption on climate change, wind
power market has good prospects for development. With the
development of wind power, power system is facing
complex changes in all aspects, while the accurate daily
power scheduling is the key to change the original energy
structure and implementation of the new energy plan. High
precision estimation of future power output of wind farm
can reasonably arrange power dispatching plan and reduce
operation cost of power system. Therefore, accurate
prediction of wind power is the key to optimize the grid
scheduling, reduce the cost of economic operation and
ensure normal operation of wind farm.
Many scholars have put forward a lot of methods to
improve the wind power prediction. At present, the
prediction model of wind power is roughly divided into four
categories: physical model, statistical model, artificial
intelligence technology and hybrid model. Physical model
[1] is based on the improvement of the resolution of
numerical weather prediction (NWP), combined with the
process of geographical factors. Numerical weather forecast
is difficult to obtain, it needs to be supported by the
abundant data in the field of statistics or meteorology.
Statistical model [2-4] is a mapping relationship between the
input of the system and the power of wind power generation.
The commonly used methods mainly include Autoregressive
moving average model (ARMA), generalized ARCH model
(GARCH), grey prediction, empirical mode decomposition,
Kalman filter model, etc. An autoregressive moving average
model (ARMA-GARCH) was proposed to predict wind
speed [5]. The results show that the proposed method can
effectively describe the characteristics of wind energy.
Based on the grey model, an effective and feasible method
of grey correlation weighted combination prediction model
was proposed in [6]. Commonly used artificial intelligence
technologies [7-9] are the radial basis function neural
network (RBF), the wavelet neural network (WNN), support
vector machine (SVM), the fuzzy forecast method and so
on. The uncertainty of wind speed and its inherent volatility
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make the prediction accuracy of the single model not ideal
and the processing and use of data of each model are not the
same. Therefore, each method has some limitations. In order
to get higher prediction accuracy, researchers put forward
some models based on the combination of two or more than
two kinds of prediction methods and had got new research
results. Self-Organizing Maps (SOM) and Multi-layer
perceptron (MLP) were combined into a computational
model to get a reliable prediction result in [10]. Combined
with the support vector machine model of the state space
and the unscented Kalman filter of the dynamic state
estimation, a new hybrid model is proposed [11]. The model
shows good robustness. But in order to meet the accuracy
requirement of the wind farm power prediction system, a
higher accuracy prediction model is needed.
In the prediction of wind power, we have carried out a lot
of research work. In paper [12], the dynamic characteristic
of the atmospheric system was introduced into the research
and a new wind prediction method based on wavelet neural
network was adopted, which significantly improved the
prediction of wind power. Based on grey generating and an
accumulated generating model, a new wind disturbance
model to improve the wind forecasting precision of BP
network methods is proposed [13]. In paper [14], the Lorenz
system is the theoretical basis of the atmospheric
disturbance, and a variety of artificial neural network
models are used to verify the short-term wind power
prediction and the feasibility analysis of the Lorenz system.
In most cases, due to the characteristics of self-adaptation
and self-learning, intelligent algorithm [15-17] is more able
to adapt to the nonlinear change of wind, such as neural
network (ANN) and support vector machine (SVM), etc.
But these methods are almost all based on the prediction
model of the optimization numerical algorithm, ignoring the
actual movement of the atmospheric system. Therefore,
based on the traditional SVM method, considering the
characteristics of wind energy forecasting, the least square
support vector machine (LS-SVM) model based on the error
correction is proposed in this paper. Compared with the
traditional prediction methods, the prediction effect of the
method proposed above is very significant.
The structure of this paper is as follows: the second
section mainly introduces the least square support vector
machine algorithm and error correction principle; The third
section introduces the modeling data and evaluation index of
two wind farms; the fourth section describes the power of
the prediction results and error analysis of the simulation of
two wind farm power data at home and abroad and the fifth
section summarizes the full text and makes a prospect.
II. WIND POWER PREDICTION MODEL OF LS-SVM BASED
ERROR CORRECTION
SVM is a new kind of machine learning method based on
statistical theory. By using nonlinear kernel function, SVM
maps the input sample space to high dimension linear
feature space, making the classification and regression of
processing highly nonlinear possible. SVM had overcome
the shortcomings of long training time, poor generalization
ability and easily trapping into local minimum points found
in artificial neural network. SVM improves the ability of
learning and generalization of the model.
4
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Combined with the related research of SVM [18], the
researchers put forward the LS-SVM, LS-SVM is an
upgrade for the SVM, which changes the traditional SVM
inequality constraints into equality constraints and taking the
error squared and the loss function as the training set
experience loss. In this way, solving the two programming is
transformed into solving linear equations, which improves
the speed and convergence of the solution [19].
Supposing the training data set as

 x , y  i  1, 2,..., l ,
i

i

where l represents the total number of samples, xi  R
represents

input

variables,

n

yi  R represents output

variables, n is the dimension of xi . According to the
theory of support vector machine, mapping the samples
from the original space R n to the feature space   xi  by a
nonlinear mapping     [20], the optimal decision function
is constructed in high dimensional space as:

y  x   T  x   b

(1)

  x  is the nonlinear function;  is the weight; b is the
constant,  and b are uncertain parameters.
By using the structural risk minimization principle,  ,
b can be found. The objective function of the LS-SVM
optimization problem [21-22] is defined as:

1
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min J  ,     T   r  i2
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2
2 i 1
Subject to:

yi    xi    b  i

 i  1, 2,..., l 

(2)

(3)

i is a relaxation factor, which represents the error
between actual output and predictive output; r is the
penalty parameter, which control the degree of punishment
beyond the error of the sample. The Lagrange function is
constructed as:
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ai is the Lagrange multiplier.
According to KTT:
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Where 1  1,1,...,1 is a l dimension vectors. E is unit
T

array of l dimension. a and b represent the parameters of
the LS-SVM model, a   a1 , a2 ,..., al  , b is a constant; K
is

an l  l kernel

function

symmetric

matrix,

and

K ij    xi    x j   K  xi , x j  , where K  xi , x j  is the
T

kernel function that satisfy the Mercer condition.
The least square method is used to obtain the formula (6)
and the corresponding parameters are given as:
1

E
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 100
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(7)

From the above formula, we can get the regression
equation of the LS-SVM model:
l

speed and wind power of the wind farm is plotted in Figure
2, it can be seen that the power and speed distribution of the
two wind farms are random and show the obvious nonlinear
characteristics.
In order to make a more accurate evaluation of the LSSVM model with error correction, mean absolute error
(MAE), mean square error (MSE) and mean absolute
percent error (MAPE) are selected to evaluate the prediction
results quantitatively in this paper. The specific formulas are
as follows:

(8)

i 1

K  xi , x j  is called a kernel function, a and b are
obtained from formula (7).
At present, the research scholars pay less attention to the
error of wind prediction. However, by analyzing the error
level at different time points, it can be found that the error of
adjacent time is often approximately the same [23]:
(9)
Et 1  Et

predictive value of the moment power.
The LS-SVM modeling with error correction process is as
follows:
First, this paper used MATLAB software to write LSSVM power prediction model, and selected radial basis
function as the kernel function of the LS-SVM model, as
shown in formula (13). And the grid search method is used
to determine the parameters in the program, the optimal
parameters were shown in table 1. After the training of LSSVM model, the initial value Pt of power prediction is
obtained.

 xi  y j
K  xi , x j   exp  

2 2


predictive value Pt at time t :
(10)
Et  Pt  Pt
The power predictive value Pˆt 1 at the next time t  1

r

Wind farm in Spanish

0.005

9

Wind farm in China

0.0101

13

Second, the error correction model is used to correct the
initial power prediction value Pt at time t , and the correction
power Pˆt is obtained by:



Pˆt  Pt  Et 1  Pt  Pt 1  Pt 1

III. DATA DESCRIPTION AND ERROR INDEX OF THE
SIMULATION



(14)

Where Pt 1 denotes the measure value at time t  1 ;

Pt 1 denotes the initial prediction value at time t  1 .
3

Power [MW]

In order to verify the validity of the LS-SVM wind
prediction model with error correction, the power data of
two wind farms at home and abroad were chosen to carry
out experiments. 1107 groups of data from Spanish wind
farm are as shown in Figure 1(a), the first 1007 sets of the
data constitute the training set and the rest are the prediction
set; As shown in Figure 1(b), there are 506 sets of power
data from wind farm in China, where the first 456 sets of
data are the training set and the rest are the prediction set.
The power data of the two wind farms in Figure 1 were
measured at intervals of 10 min, the horizontal coordinate
represents the predicted time point, and the longitudinal
coordinate indicates the power value. The scatter of wind

(13)



(11)

E t 1 denotes the measured value at time t  1 , Et denotes
the error at time t .






TABLE I. THE PARAMETERS SET OF LS-SVM MODEL
parameters
Wind farm

after the correction is

Pt 1 denotes the predictive value at time t  1 ,

(12)

Pt and P̂  t  respectively denote the actual value and

Et denotes the error of the measured value Pt and

Pˆt 1  Pt 1  E t 1  Pt 1  Et
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Figure 1. Power distribution of wind farm. (a) Wind farm in Spain, (b)
Wind farm in China.
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From the graph, it also can be seen that although the overall
trend of the traditional prediction models (RBF, Elman, LSSVM) are basically consistent with the original data, the
green curve is more close to the original power curve,
maintaining the overall trend of the raw data, which shows
that the LS-SVM model is more close to the actual power
curve after the error correction and can reflect the true
power better.
As shown in Figure 3, the randomness and volatility of
wind make the LS-SVM model not show a good predictive
performance, and the prediction results of the modified LSSVM model are satisfactory. The prediction error of the LSSVM model both before and after the correction of the wind
farm in Spain is shown in Figure 4(a), and the error
distribution is shown in figure 4(b1) and 4(b2). The blue
solid line shows the prediction error of LS-SVM before the
correction and the red solid line shows the prediction after
the error correction. Although the most errors of the blue
line are in [-1.5MW, 1MW], the error distribution in Figure
4(a) is larger and positively biased, which reveals the poor
forecasting performance. While the red curve in Figure 4(a)
in the vicinity of 0 fluctuation and the errors are basically in
[-0.5MW, 0.5MW]. The error distribution in Figure 4(b2) is
concentrated and almost unbiased, indicating the significant
effect of error correction in LS-SVM model.
Also, Figure 5 shows the data error and distribution of the
LS-SVM model before and after the error correction for
wind farm in China. As shown in figure 5(a), the blue line
significantly deviated from the horizontal line, while the
forecast error after error correction is more evenly
distributed on both sides of the horizontal line; Error
distribution range in Figure 5(b1) is large and in the range of
[-0.6MW, 0.4MW], while Figure 5(b2) shows that most of
prediction errors lie in the interval of [-0.4MW, 0.3MW]
and the distribution is basically concentrated, which also can
prove that the LS-SVM prediction model with error
correction is effective.

(b)
Figure 2. Scatter of wind power and wind speed. (a) Wind farm in Spain,
(b) Wind farm in China.
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IV. PREDICTION RESULTS AND ERROR ANALYSIS OF LSSVM WITH ERROR CORRECTION
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Based on the description of the prediction algorithm in
section II, and the modeling process in section Ⅲ of, the LSSVM power prediction model and the error correction
power prediction model of LS-SVM for two farms were
established, and RBF neural network model as well as
Elman neural network prediction model were established as
the reference model. Figure 3 shows the power prediction
curve for four models of two wind farms. The red curve
with ∆ represents the initial forecast results of LS-SVM
model; green curve with o represents the prediction results
of LS-SVM model with error correction and the black line
represents the actual power. Due to the weak relationship
between wind power output and wind speed, RBF, Elman
and LS-SVM model have not shown good performance,
especially in the place where the power series is more
volatile. The power distribution of the wind farm in Spain is
relatively stable, with only little fluctuations, so the forecast
effect is more obvious than that of the wind farm in China.
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Figure 3. Power prediction of LS-SVM models with error correction and
not. (a) Wind farm in Spain, (b) Wind farm in China.
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Figure 4. Error of wind farm in Spain. (a) Prediction errors. (b1)Error
distribution before correction. (b2) Error distribution after correction.
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Figure 5. Error of wind farm in China. (a) Prediction errors. (b1)Error
distribution before correction. (b2) Error distribution after correction.
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The good power prediction performance of the LS-SVM
model after error correction can be seen directly from the
results of the prediction curve and the error distribution of
Figure 3-5. At the same time, the prediction accuracy of the
four models can be clearly seen from the quantitative results
of Table Ⅱ. The biggest change of errors between the LSSVM model and LS-SVM with error correction occurred in
the wind farm of Spain, MAE and MSE respectively
reached 0.1692 and 0.0532. Compared with the simple LSSVM model, the mean absolute error of the LS-SVM
prediction model with error correction was decreased by
59.7% and 52.0% respectively and the mean square error
and mean absolute percentage error were reduced by at least
74% and 68.4% respectively. Through the above analysis, it
can be seen whether using Spanish wind power data or
Chinese wind power data, the LS-SVM model with error
correction was better than the simple LS-SVM model. This
once again confirmed the good performance and broad
practicability of the LS-SVM prediction model with error
correction. In short, the least squares support vector machine
based on error correction proposed in this paper is superior
to the traditional prediction models (RBF, Elman, LSSVM), which has a wide range of popularity.

TABLE Ⅱ. ERROR INDEX OF PREDICTION MODELS
wind farm in Spain

Model

wind farm in China

RBF

Elman

LS-SVM

LS-SVM with
error
correction

MAE ( MW )

0.3900

0.5363

0.4203

0.1692

0.3943

0.3135

0.2818

0.1354

MSE ( MW 2 )

0.2807

0.3509

0.2652

0.0532

0.2017

0.1346

0.1117

0.0282

MAPE (%)

23.18

26.33

33.59

10.60

69.85

36.38

67.86

16.98

Error index

RBF

Elman

LS-SVM

LS-SVM with
error
correction
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V. CONCLUSION
Energy problem is a top priority for all countries. Such as
renewable energy assistance program in Norway and
Sweden, energy transformation strategy of Germany,
development strategy of Denmark aiming to get rid of the
fossil energy in 2050, the core idea of which is the
reconstruction of power system in the future, that is to
construct the future power system fully using renewable
power. Wind energy is bound to become the first choice for
the new energy sources in the future with its mature
technology, rich source and characteristics of environmentfriendly. However, wind power is still facing a number of
challenges, including wind turbine load control [24] and its
unstable power output. The difficult storage and instability
of wind energy will affect wind power output and the safe
operation of the wind farm, making it more important to
further improve the accuracy of wind power prediction. The
formation of wind is nonlinear in nature, and subtle changes
will interfere with the formation of the atmospheric system.
Because the traditional power prediction method cannot met
the prediction accuracy, and it had been found that the error
of adjacent time is similar to the error level, so the error
correction was introduced into the LS-SVM model in this
paper to establish the least square support vector machine
power prediction model based on error correction and the
power data of two wind farms in Spain and China were used
for simulation. The results showed that the error correction
model is better than the traditional prediction models (RBF,
Elman, LS-SVM) and significantly improved the overall
level of wind power prediction, having a high practical
value.
In view of the significant effect of error correction, we
will continue to explore the error correction model for other
numerical prediction methods of wind power in the next
step. At the same time, we will also fully consider the
temperature, pressure, humidity and other climatic
conditions of wind farm and try to put the statistical
characteristics of wind power series and the dynamic
properties of atmospheric turbulence into the wind
prediction model to improve the original forecast.
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