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ABSTRACT
Wind power prediction (WPP) is of great importance to the safety of the power grid and the
effectiveness of power generations dispatching. However, the accuracy of WPP obtained by
single numerical weather prediction (NWP) is difficult to satisfy the demands of the power
system. In this research, we proposed a WPP method based on Bayesian fusion and multisource NWPs. First, the statistic characteristics of the forecasted wind speed of each-source
NWP was analysed, pre-processed and transformed. Then, a fusion method based on Bayesian
method was designed to forecast the wind speed by using the multi-source NWPs, which is more
accurate than any original forecasted wind speed of each-source NWP. Finally, the neural
network method was employed to predict the wind power with the wind speed forecasted by
Bayesian method. The experimental results demonstrate that the accuracy of the forecasted
wind speed and wind power prediction is improved significantly.
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1. INTRODUCTION
Wind power is a renewable, clean, plentiful and widely distributed energy, and does not produce
greenhouse gas during operation [1-3]. WPP is of great importance to the safety of the power
system and the effectiveness of power generations dispatching, which has become one of the most
attractive research fields [4-6]. As wind power is major determined by the wind speed, the most
key factor to predict accurate wind power is to forecast accurate wind speed. However, the wind
speed is easily affected by many factors, such as air pressure, cloud chart, temperature, etc. These
factors make the wind speed fluctuant and hard to be forecasted [7]. Therefore, the accurate
forecasting of the wind speed is of great significance to achieve the effective prediction of wind
power.
There are two main types of WPP approaches: physical approaches and statistical approaches.
The physical approaches means that the wind power is predicted by the mathematical model of
the generation process which is very difficult to build and need many hard-measured parameters.
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The statistical approaches to predict wind power use the weather forecast, combining with the
operating condition, to obtain the value of the wind power based on the historical values
relationship between the power and NWP. WPP is considered at different time scales: long-term
prediction (several days or weeks, even mouths ahead), short-term prediction (1-2 days ahead)
and very short-term prediction (several minutes to hours ahead). The difficulty of short-term
prediction of wind power is much more than that of the very short-term prediction; while the
required accuracy of short-term prediction is much higher than that of the long-term prediction.
Many literatures have demonstrated some good results about the short-term wind power
prediction. In [8], a wind-forecasting method based on intrinsic time-scale decomposition (ITD)
and least squares support vector machine (LS-SVM) was proposed. In [9], a time series model of
WPP at different time scales was studied. In this study, with the step of the prediction increasing,
the error would rise up, since the time series model used its own previous forecast value. In [10],
a wind power prediction model based on empirical mode (EMD) and support vector machine
(SVM) was proposed to reduce the influence of non-linear and non-stationary characteristics on
wind power prediction. In [11], GUO Pengfei et al. presented a short-term wind power prediction
method based on genetic algorithm to optimize RBF neural network. The RBF neural network
was optimized by genetic algorithm to get the best value of the weights, base width and centre of
the basis function of RBF neural network. In [12], a method based on sliding window weighted
recursive least squares for wind power prediction was proposed. The historical data in the method
was weighted so that the model would be able to adapt the varied environment. In [13], the
constraint factor particle swarm optimization was used to optimize the parameters of the
autoregressive model to accurately predict the wind power.
Overall, scholars have proposed many methods for WPP, but most of the researches only use the
single NWP data to predict the wind power. The NWP data cannot always accurately predict the
actual weather, so using only one NWP can hardly ensure the accuracy of wind power prediction.
In this work, a new WPP method based on Bayesian method and multi-source NWPs was
proposed. In this method, three independent NWPs given by different weather forecast companies,
called multi-source NWPs, are employed and fused using Bayesian method to predict wind power.
The three independent NWPs have different characteristics; each one has its own advantages and
disadvantages. This fusion method can fully use the complementarity of the three NWPs, which
can effectively improve the statistical accuracy of WPP.

2. PROBLEM DESCRIPTION AND SCHEME OF WPP
It is generally believed that the power of wind generation is directly proportional to the wind
speed. In the meantime, the temperature, humidity, pressure and other weather factors have a
certain impact on the power of wind generation. But based on our research, in some wind farms,
the impact on the wind power caused by these factors is limited. We established a relational
model between the actual measured wind speed and the actual wind power by using a neural
network. The accuracy of the model is over 95%, which means that the wind power can be
predicted by introducing the wind speed as a single input. Therefore, the key problem of WPP for
this type of wind farm is how to obtain an accurate forecasting wind speed.
In the research, there are three independent NWPs provided by different weather forecast
companies. The problem we need to solve is to predict the wind power generation of the wind
farm at intervals of 15 minutes from 00:00 to 24:00 of the next day according to the multi-sources
NWPs. Thus there are 96 output prediction points which is used for dispatching power
generations by power grid companies.
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In this research, first, a relational model between wind speed and wind power was established
based on a back propagation neural network (BPNN) which was trained by the historical data of
actual measured wind speed and actual wind power. By using the data driven method, the
inherent relationship of the wind power generation is described. Then, instead of using one NWP,
a Bayesian method was designed to fuse the three independent NWPs to calculate the wind speed
which is more accurate than that of any of the three NWP. Finally, the wind speed forecasted by
the Bayesian method is imported into the relational model to predict the wind power.
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Wind Speed
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Figure 1. The scheme diagram of the proposed WPP method

In this paper, three layers BPNN structure is applied to build the relational model between wind
speed and wind power, which contains one input node which is the wind speed and one output
node which is the wind power. The incentive functions of the model are logsig and purelin,
respectively. Since the basic idea of the BPNN is clear, this paper will not discuss further.

3. ANALYSIS OF WIND SPEED CHARACTERISTICS OF INDEPENDENT NWPS
Three NWPs, defined as NWPA, NWPB and NWPC, have different characteristics. In the view
of the instantaneous characteristics, sometimes NWPA is more accurate; sometimes NWPB
and/or NWPC are/is more accurate. In the view of statistical characteristics, the wind speed
values of the three NWPs and the actual measured wind speed value basically follow the normal
distribution. The statistical characteristics of the historical actual wind speed and the wind speed
of historical three NWPs are shown in Figure 2, which illustrates that the means and variances of
each wind speed value are different. The values of the means and variances of each wind speed
are shown in the Table 1.
Figure 3 (a), (b) and (c) show the comparison of forecasting wind speed of each NWP and the
actual measured speed value in a certain period of history. As is shown the figure, the errors
between the forecasting wind speed and the actual speed are fluctuating. The three kinds of wind
speed of the NWPs fluctuate around a certain value, which is shown in Figure 4. Figure 4 (a), (b)
and (c) show the fluctuation of the wind speed of NWPA, NWPB and NWPC when the actual
measured wind speed is between 6m/s and 6.5m/s. As mentioned above, sometimes NWPA is
more accurate; sometimes NWPB and/or NWPC are/is more accurate. Therefore, a suitable
method should be considered to fuse the three forecasting wind speed in order to calculate a more
accurate wind speed.
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Figure 2. Distribution of each wind speed
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Figure 3. The relationship between actual wind speed and wind speed of each NWP
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(c) Fluctuation of wind speed of NWPA
Figure 4. Fluctuation of the forecasting wind speed of each NWP when the actual wind speed is between
6m/s and 6.5m/s.
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4. BAYESIAN METHOD FOR FUSING THE MULTI-SOURCE NWPS
In the view of the statistical characteristics, the wind speed values of three NWPs basically meet
the normal distribution, but their feature are distinct account of different means and variance. It is
possible to achieve a more accurate forecasting wind speed by fusing these three original
forecasting wind speed values of the NWPs. The fused wind speed is more effective to predict the
wind power.
In this paper, the three wind speed values of NWPs, defined as x A , xB and xC , are fused by using
Bayesian method. Since the means of the history data of x A , xB and xC are not equal, we make a
transformation to let the means of them be equal in order to facilitate the solution. The
transformed wind speeds are defined as x′A , xB′ and xC′ .The transformation method is shown in
equation (1),

（
（
（

x′A = x A + ur − u A ),
xB′ = xB + ur − u B ), and
xC′ = xC + ur − uC ),

(1)

where ur denotes the mean value of the actual wind speed; u A , uB , and uC denote the mean
values of wind speed of NWPA, NWPB, and NWPC. After the transformation, the mean values
of the three wind speed of NWPs are equal. Then adopting the Bayesian method, the transformed
wind speed values are fused into one.
The fused wind speed is defined as x. The Bayesian fusion equation is given by

p( x | x′A , x′B , xC′ ) =

p( x′A , xB′ , xC′ | x) p( x) p( x′A | x) p( xB′ | x) p( xC′ | x) p( x)
=
p( x′A , xB′ , xC′ )
p( x′A , xB′ , xC′ )

(2)

where p ( x) is the probability of the wind speed x; p ( x′A , xB′ , xC′ | x ) is the probability of forecast
wind speed values of x′A , xB′ , and xC′ when the wind speed is x; is the p ( x | x′A , xB′ , xC′ ) is the
probability of the wind speed x when the forecast wind speed values of NWPA, NWPB, and
NWPC are x′A , xB′ and xC′ , respectively. p ( x) and p ( x′A , xB′ , xC′ | x ) are priori probabilities which
can be calculated by the historical data. p ( x | x′A , xB′ , xC′ ) is the posteriori probability of the wind
speed x. In this method, the purpose is to find the x whose posteriori probability p ( x | x′A , xB′ , xC′ )
is the highest.

The wind speed meet normal distribution, they are described as
x ~ N ( x0 , σ 02 ),
x′A ~ N (ur , σ A2 ),
xB′ ~ N (ur , σ B2 ), and
xC′ ~ N (ur , σ C2 ).
Let a =

1
which is a constant. The equation (2) can be transformed to
p ( x′A , xB′ , xC′ )

(3)
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2πσ 0

where σ A , σ B , and σ C denote the root mean square of x′A , xB′ and xC′ , respectively.
The exponential part in the above equation is a quadratic function with respect to x, so
p ( x | x′A , xB′ , xC′ ) is still normal distribution. It can be described as N ( xN , σ N2 ) . Then
p ( x | x 'A , xB' , xC' ) =

1 x − xN 2
exp{- [
] }.
2 σN
2πσ N
1

(5)

xN can be obtained by comparing the parameters between the equation (4) and (5),

xN = [

xA'

σ

2
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(6)

So fused wind speed based on the Bayesian estimation is x̂
xˆ = ∫ x
Ω

1 x−x
exp{− [ 2 N ]}dx = xN .
2 σN
2πσ N
1

(7)

The wind speed calculated by Bayesian method is used to predict the wind power by the BPNN
relational model between wind speed and wind power.

5. EXPERIMENTS AND RESULTS ANALYSIS
In this paper, the relational model between wind speed and wind power is built by a three layer
BPNN. The model is trained and testified by historical data of the actual measured wind speed
and wind power. Figure 5 shows the actual wind power and calculated wind power by actual wind
speed. It illustrates that the accuracy of the model is above 95% which means that the model is
able to describe the relationship between the wind speed and power. The data is obtained from
one certain wind farm of China from March 2016 to May 2016.
Figure 6 shows the actual wind speed, forecasted wind speed of NWPA, NWPB, and NWPC and
the fused wind speed based on Bayesian method. From Figure 6 we can find that the fused wind
speed is more closed to the actual measured wind speed than the three wind speed of NWPA,
NWPB, and NWPC. The mean squared errors (MSE) between actual wind speed and the speed
forecasting accuracy of the fused wind, wind speed of NWPA, NWPB, and NWPC are 0.84, 1.58,
2.22, and 0.91, respectively.
The fused wind speed, wind speed of NWPA, NWPB, and NWPC were used to predict the wind
power as the input of the BPNN, respectively. The results were shown in Figure 7 which shows
that the MSE between actual wind speed and the speed forecasting accuracy of the fused wind,
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wind speed of NWPA, NWPB, and NWPC are 3.02, 7.13, 4.32, and 4.23, respectively. The
predicted power by fused wind speed is more accurate than the original forecasted wind speed of
NWPA, NWPB, and NWPC.
The results demonstrate that the proposed Bayesian fusion method can achieve more accurate
forecasting wind speed than that forecasted by the original NWPs. By using the fused wind speed,
the accuracy of WPP is also much improved.
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Figure 5. Actual wind power and calculated wind power by actual wind speed based on BPNN
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Figure 6. Actual wind speed, fused wind speed, and wind speed of NWPA, NWPB, and NWPC
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Figure 7. Actual wind power and wind power predicted by fused wind speed, the wind speed of NWPA,
NWPB, and NWPC
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6. CONCLUSION
This paper presents a new WPP method based on Bayesian method and multi-source NWPs. The
proposed method fuses the three NWPs to get more accurate wind speed value; and the fused
wind speed is employed to predict the wind power, the accuracy of which can satisfy the demand
of the power grid companies. This method has the advantage of lower calculation, higher
reliability and practicability.
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