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Abstract-With the installed wind capacity increasing rapidly,
the security, stability and economic operation of the power
grid have been influenced because of the randomness and
volatility of the wind power. Wind power prediction is an
effective approach for the above problems. This article is
about the theory of combination forecast and establishes two
combination forecast models by combining RBF network
power prediction model, time series model and support vector
machine (SVM) model. Finally, through comparative analysis
of the results, combination model can get better prediction
accuracy, and better meets the actual needs.
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I.  INTRODUCTION

With the rapid increase of installed capacity of wind
generation and the construction of large scale wind farms,
the power grid of every country pay more attention to wind
power [1]. The short-term prediction of wind speed and
wind power generation for wind integration and grid
dispatching plays a vital role. Currently, mathematical
models of wind prediction can be classified into: time series
model, neural network model and SVM (support vector
machine) model. Single prediction models have their own
advantages and disadvantages and can affect the prediction
result differently because of their different raw data, so that
it is not a mutually exclusive relationship but a compensate
one among the single models. Therefore, the combined
forecasting method in wind farms has taken more and more
attention.

II.  RBF NEURAL NETWORK MODEL BASED ON PHASE

SPACE RECONSTRUCTION [2]

RBF (Radial Basis Function) is a kind of feed forward
neural network with single hidden layer, it has been verified
that RBF neural network can approximate arbitrary
continuous function with arbitrary precision.

Affected by wind speed, wind direction and other
weather element, the power output of wind farms presents a
sort of chaos. The first step to analyze chaotic dynamic
system is to reconstruct phase space. According to the
embedding theorem presented by Takens, evolution of any
component is determined by components interacting with it,
so that phase space reconstruction takes only one component
into consideration. Since we can find a m-dimensional
vector through some fixed point data, it can reconstructed a
new phase space that is equivalent to the original one. As for
chaotic time series Xl,X2,---,Xn, it’s important to chose

proper embed dimension and time delay. Set the two

parameters m and t respectively, the reconstructed phase

space can be described as formula (1).

Ym(i) =[X(i), X(i + 7), X(i +27), -+, X(i + (M=1)7)]
(i=12,-,N; N=n—-(m-1)7) D
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As for time series sequence{x}, three models can be
used to describe it: autoregressive (AR) model, moving
average (MA) model and autoregressive moving average
(ARMA) model. The third model has characteristics of both
AR(p) model and MA(q) model, and {x}can be described as
the following formula(2).

X =@IXi—14-+gX-p+d—-6G1d-1—--—hd —q
Where {a} presents noise series.

Since ARMA(p,q) model can only describe stationary
time series, most of the time the raw time series need d order
difference disposal. Therefore, with the operator, the mixed
model ARIMA(p,d,q) is formed and it embody obvious
advantages at prediction issues.

TIME SERIES MODEL [3]
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IV.

SVM’s core is that it uses nonlinear transformation
defined by inner product function to transform input space to
higher space, and generalized optimal separate hyperplane
can be work out. At present the theory is still in the
development, in the article least squares support vector
machine (LS-SVM) is adopted.

For sample space (x,yi)(x2,y2)--,(x,y) , firstly a
nonlinear mapping ¢() is needed to be constructed
between sample space and characteristic space ¢(x), and then
optimal decision function will be established in the high
dimensional space as follow:

y(x)= 0p(x)+b ©)

So nonlinear estimation function could be converted to
linear estimation function which belongs to high
dimensional space, and then it calculates the minimum of
. baccording to Structural Risk Minimization so that:

0 17 b]_[o

L 72" + y’ll} [u} _[y}
Where y=[y1,y2,--,9|" s a=|oas,alf : 2zz"is a square
matrix ofxl;z=[p(x)¢(x)--,¢x)";s The element of m
line and n column is  g(xm)p(xn) o

It adopts kernel function K(x,x) to take the place of
o(xm)p(xn) and transform dot product in high dimensional
characteristic space to kernel function to make calculation.

SVM(SUPPORT VECTOR MACHINE) MODEL [4]

3)
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aandbcan be figured by formula(3), regression analysis
consequence of nonlinear function could be described as:

f(x):|Za1K(x,>q)+b “)

LS-SVM improves the training speed of traditional SVM
observably; especially it is more efficient to solve the
problem of large-scale data calculation

V. LINEAR COMBINED FORECASTING MODEL

In 1969, Bates and Granger first proposed the concept of
combined forecasting mode described as “Synthesizing the
characteristics of each single prediction method and the
information provided by each method, combined forecasting
model is to combine different single prediction method
together with appropriate weight”. Combined forecasting
method for wind power prediction is at the very beginning
and is the future research direction.

As for linear combined forecasting model, supposing m
is the number of single prediction models and fi is the
predicted value of the ith model, the linear combined
forecasting model is described as f =lifi+l2f2+---+Infm,

wherel1,12,---Impresent the weight of each single prediction

model, respectively. The key problem of establishing
combined forecasting model is to determine weight of each
single model. The common approaches to get weighting
coefficients are as follows.

A. least-squared-error criterion [5]

Suppose g and var(g )are respectively absolute error and

variance of the ith single prediction method, while e and
varle) are respectively absolute error and variance of the

combined forecasting model, so that they can be described
as formula(5)and formula(6)

e:ilie‘ (5)

m m 2 m m 6
Var(e):Var[ZlieJ:Zl Var(a)+ ZZZIinCov(ei,ej) ( )

i=l j i=l j=1
Take minimum variance as optimum target, the weight
coefficients can be obtained by the following formula.

y iVar(ek)Var(q‘)

| 2 Kok =177 i=12,..m (7
m m
Z ZVar(ek)Var(a‘)
k=1 =12k

B. Optimal non-negative variable weighting coefficient
method [ 6]

This is a variable-weight combined method. Forecast

m
object {Xt,t =12,---, N}is described as xt = Zlitxit .
t=1
Let etand et=xt—xit be respectively the absolute error
of the combined model and the ith single prediction model at
time t, the combined forecasting model of non-negative

variable weighting coefficient can be described as an

optimization problem shown in the following formula(8).
N m _m

min J =ZZZ|it|jteitejt

t=1 i=1 j=1

m
st 1D Nit=l, t=12,N, ®
i=12;-mt=12;N
Let L=(Iit,l2t,--,Im) T, Et=(eit,e2t,---,emt)T so et=Lt"Et and
e’ =Lt"EtEt"Lt where EtEt' presents the covariance
matrix of the prediction error at time t. Set non-negative
variable weighting coefficient vector L=(L1T,L2T,-~-,LmT)T,

so that the prediction error’s covariance matrix of the m
single prediction models can be described as formula (9).
EiEI"

E= E2E2" . 9)
ENEN"
So that, the sum square error can be expressed as
J=L'EL. LetR = (0,0,---,Rt,--,0),,,,y and the formula (5-11)
is further expressed as formula(10)

min J=LTEL
o R'L=1, t=12,---,N, (10)
“lL>o.

The weight coefficient L of the linear programming
problem can be worked out by the formula (10)

VI. APPLICATION EXAMPLE

A. Application of the three signal prediction models

In a wind farm in Inner Mongolia of China, chose the
generated power sequence from May 29th, 2011 to June
27th, 2011 and its sample rate is 10 minute, so the time
series include 4320 points which record temporal power data.
Similarly, construct time series of wind speed data. Then
utilize the data of previous 29 days to forecast the data of the
30th day with programming function of MATLAB.
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Figure 1. Prediction result by RBF model
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Figure 2. Prediction result by time series model
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Figure 3. Prediction result by LS-SVM model
Fig. 1, Fig. 2 and Fig. 3 are respectively the results of
prediction by RBF neural network model, time series model
and LS-SVM model.
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Figure 4. Error comparation of the three single models

As shown in Fig.4, prediction accuracy of neural
network model based on chaos theory is more accurate;
Time series model firstly make wind speed forecast by
original wind speed data, and then short-term power forecast
is obtained by wind power generation output model, so its
forecast error is biggish; Forecast consequence of LS-SVM
is more accurate than time series model. The first two
methods are more adaptive for complex short-term power
forecast in wind farm.

B. Application of two combined forecasting models
According to the results of the three single prediction
models, suppose erBF , eARIMAand eLssvM  are respectively
the errors of the single models; IrRsF , |aRIMA and
ILssym are the weight coefficients. This paper uses
least-squared-error criterion and optimal non-negative
variable weighting coefficient method to compute the

coefficients so that combined forecasting model [ and
combined forecasting model II are formed, respectively.

Combined forecasting model I : The coefficients values
are calculated as  IrReF=0.6830 IARIMA=0.1021
andlLssym=0.2149 respectively. RMS error and percentage
error of this model are respectively 46.6045 and 0.0269.
Fig.5 is the result of combined prediction model I .
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Figure 5. Prediction result by combined model [
Combined prediction model II: The coefficients are
obtained by formula(12) and the prediction results can be
obtained by formula(9). Fig.6 shows the prediction result;
RMS error and percentage error are 23.7537 and 0.0144.
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Figure 6. Prediction result by combined model I

TABLE [ ERROR COMPARATION OF THE MODELS
Eior RBF ARIMA LSSWM combined combined
bpe model model model modd | model [T

Cris p 53846 112498 67282 466045 237537

Crve p 00343 00687 00404 00269 00144
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Figure 7. Enor comparation of combined model 1 and RBF model
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Table 1 compares the root mean square error and
percentage error of each prediction model. Fig.7 shows the
comparison of combined forecasting model I and RBF
neural network model which is the most accurate among
single models. From Fig. 7 and Table 1, it can be seen that
combining three single prediction models together combined
prediction model 1 and combined prediction model 2 both
obtain more accurate prediction results. Furthermore,
combined model 2 is more accurate and practical than
combined model 1.

VII. SUMMARY

By analyzing prediction results of different models, it
can be seen that each single prediction method has its own
advantages and disadvantages; they share a relationship that

is not mutually exclusive but complementary with each other.

If only one method is used for prediction, the prediction
result can only reflect some of the elements that affect the
predicted results, so that information of other elements else
is lost and it will be quite important and not easy to chose a
appropriate prediction single model. In the practical
prediction work, combining some single prediction models
together to form a combined forecasting model will increase

the accuracy and reliability of the prediction. As mentioned
above, combined forecasting method will arouse more and
more interest and have a wide prospect for research and
application.
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