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Abstract – This study aims at developing and applying a hybrid model to the wind power prediction 
(WPP). The hybrid model for a very-short-term WPP (VSTWPP) is achieved through analytical data, 
multiple linear regressions and least square methods (MLR&LS). The data used in our hybrid model 
are based on the historical records of wind power from an offshore region. In this model, the WPP is 
achieved in four steps: 1) transforming historical data into ratios; 2) predicting the wind power using 
the ratios; 3) predicting rectification ratios by the total wind power; 4) predicting the wind power using 
the proposed rectification method. The proposed method includes one-step and multi-step predictions. 
The WPP is tested by applying different models, such as the autoregressive moving average (ARMA), 
support vector machine (SVM), and artificial neural network (ANN). The results of all these models 
confirmed the validity of the proposed hybrid model in terms of error as well as its effectiveness. 
Furthermore, forecasting errors are compared to depict a highly variable WPP, and the correlations 
between the actual and predicted wind powers are shown. Simulations are carried out to definitely 
prove the feasibility and excellent performance of the proposed method for the VSTWPP versus that of 
the SVM, ANN and ARMA models. 
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1. Introduction 
 
In the last ten years, the renewable-energy industry, 

especially wind-energy, has been rapidly developed in 
China, which has significantly contributed to the rapid 
economic growth and sustainable development in the 
country. Generally, wind energy has several advantages, 
for instance, lower cost, relatively mature technology, high 
reliability, etc. Thus, wind energy now plays an important 
role in the energy strategy all around the world. WPP is 
one of the most important topics of the wind power grid 
integration. WPP should be accurate enough to facilitate 
the practical control of the power grid.  

It is imperative for the WPP to deal with the power 
variability and should be implemented before wind 
generation is integrated into the power grid. The predicting 
techniques can be classified into several types depending 
on the different predicting horizons. The horizon of very-
short-term predicting can be 5 minutes up to 1 hour. For 
the VSTWPP, many statistical approaches, such as the 
ARMA, and ARIMA models are found to be useful to 
develop time-series models. An accurate prediction is 
crucial for ensuring operational security and enhancing the 
economic feasibility of the power system [1, 2]. 

An accurate WPP of up to 1 hour ahead could 
significantly contribute to reliable wind power integration. 
It can improve the stability of the wind power generation to 
the power grid [3]. As known, a good prediction ensures 
grid stability and has a positive trading performance of 
the power market, and can reduce the potential risks of 
the high penetration of wind power into the power grid 
[4, 5]. The accuracy of the short-term WPP was achieved 
by several studies such as physical numerical weather 
prediction models, statistical models based on historical 
data and statistical models with numerical weather 
prediction data as additional exogenous inputs [6]. 

In recent years, utilizing wind energy has shown rapid 
growth in many regions around the world [2, 3, 7]. China 
has a growing wind power that revealed a growth rate of 
34% in 2020, and the generating capacity is assumed to 
reach 610 MW at that time [3-6]. Most of the wind power 
projects are achieved based on national goals without 
causing environmental pollution, and producing a high-
output and reducing electricity cost [8]. 

The estimation of the wind power output with an accurate 
prediction would significantly reduce the uncertainty to 
the system operation. This can be achieved by using 
meteorological data. VSTWPP is required for the monitoring 
and scheduling of the power grid. The probabilistic 
prediction is definitely representing the best prediction 
solution, since it provides a wealth of uncertainty 
information on wind power [5]. The variability and high 
penetration of wind power in to the power grid cause many 
challenges to power system operators and instability [9, 10], 
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if not properly managed. 
In this study, we developed a modern hybrid model to 

predict the wind power with a high accuracy. This is 
achieved by applying a time-series analysis for the data 
obtained from the wind power plant, which relies on the 
predicting methods to use a time-series with different 
widths and period lengths of the prediction sample. The 
developed approach is the MLR&LS based hybrid model, 
which utilizes a new principle. The developed approach by 
using the MLR&LS for a hybrid model paves the way to 
utilize a new principle for the predication methods. The 
proposed hybrid model involves two main steps to predict 
the wind power. The first step is data transformation, which 
converts the historical wind power data into ratios and 
using these ratios as values for the prediction. The second 
step is inverse-transformation, which converts the 
predicted ratios into actual values and then predicts the 
total wind-power. In many research cases, there are sets of 
alternative predicting methods such as the SVM and ANN 
models. The WPP with a single model (PSM) may not 
always show the appropriate values. On the other hand, 
predicting with the hybrid model (PHM) is more suitable 
because the hybrid strategy can use the advantages of each 
PSM and is more likely to provide better results.  

We propose a MLR&LS-based hybrid model for the 
VSTWPP. Simulation work is achieved via the proposed 
model, the ARMA model, the SVM model and ANN model. 
This is carried out by using the historical wind power 
obtained from the Northeast China electricity demand. The 
simulation results showed that the proposed hybrid model 
outperforms the other prediction models, i.e., the ARMA, 
SVM and the ANN.   

 
 

2. Related Work and Model 
 

2.1 Time-series models in prediction 
 
Time-series modeling has attracted the attention of 

research community over the last few years. Its main 
objective is to carefully collect and rigorously analyze the 
past observations of a time-series to develop an improved 
model which describes the inherent structure of the series. 
The main idea of the time-series methods is that the 
evolution data in the past will continue into the future by 
stationary, trend-based and ext. From the applied time-
series data analysis method, VSTWPP is important and 
contributes to the stability of a power system. 

There are many different modern and traditional 
techniques to time-series modeling such as artificial 
intelligence and statistical method. The time-series analysis 
is now performed by using the ARMA model and 
MLR&LS model. There are three main objectives for the 
time-series analysis. The first one is to identify the 
nature of this phenomenon represented by the sequence of 
observations. The second one is to predict the future values 

of the time-series variable, and the third one is the ability 
of the time-series to predict the future based on the past 
history data. These objectives require identifying and 
describing the pattern of the observed time-series data. The 
time-series data of the WPP processing is developed by 
understanding the behavior of the wind power signals on 
different time scales. Researchers from different study 
fields have applied machine learning, data mining 
techniques, and statistical approaches in an attempt to 
solve problems associated with the time-series predictions 
[10-13]. 

 
2.2 ARMA model 

 
The ARMA model is a type of time-series analysis with 

a statistical model proposed by the American G. Box and 
British G. Jenkins statisticians in 1970 [14]. This model is 
one of the most popular and frequently used models that 
utilize stochastic time-series models to predict the wind 
power with different times. Additionally, it can also be 
used to predict the behavior of the time-series from only 
historical values. This prediction serves as a baseline to 
evaluate the possible importance of other variables to the 
system [15]. The objective of the ARMA model for the 
WPP is to investigate the wind variability and its effect on 
the prediction accuracy [16]. 

ARMA models are mathematical models of the 
persistence, and can be described by a series of equations 
in the time-series. The general form of the ARMA model is 
stated as in (1): 

 

 
1 1

p q

t i t i j t j t
i j

W wf q e e- -
= =

= + +å å     (1) 

 
Where t is the time to be predicted; tW represents the 

prediction value at time t ; itw - represents the historical 
sample data at time t i- ; if  is the autoregressive part; 

jq  is the moving average part; t je - represents the error at 
time t j- , is a random variable; p  is the order of the 
autoregressive terms; and q  is the order of the moving-
average process. 

The algorithm steps of the ARMA model for the WPP in 
Matlab code are as follows:  

Step 1: Data processing 
Assume that the known data (actual) { }1 2, ,..., nw w w  as 

the research object. Process the data according to the 
following equation to stabilize at a two order difference 
will be carried out 

 
)1( --= iii wwy        nmmi ,...,1, +=  

( 1)i i il y y -= -           1, 2,...,i m m n= + +  
 
Step 2: Correlation coefficient computing 
Use the auto correlation coefficient (ACF) to find the 

stationary random sequence data and partial auto 
correlation coefficient (PACF) as the formulas 
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where ),( cttr + is the covariance. 

Step 3: Order determining 
Determine the order number of model (1) by ACF and 

PACF. If PACF is truncated at p, then it’s an AR(p) 
sequence. If ACF is truncated at q order, it’s an MA(q) 
sequence. 

Step 4: Parameter estimating 
Estimate the parameters of the model by the appropriate 

methods. There are three common methods that can be 
used for this task: moment estimation method, maximum 
likelihood estimation method, and least square's estimation 
method. 

Step 5: Performance testing and application 
Test the performance of the estimated model. If the error 

satisfies the requirements of the engineering application, 
the estimated data can be applied to the VSTWPP. 

 
2.3 SVM model  

 
The SVM model technique is closely related to the ANN 

model, in which the nonlinear functions are searched to 
model the complex composition of the variables. In the 
SVM nonlinear functions, it is converted by the kernel into 
a more dimensional space, where it is possible to express 
them in linear equations. The basic idea of the SVM is to 
choose the linear transformation function in order to 
transform the multi-dimensional training samples from the 
original space in to a high-dimensional space, and then 
construct the optimum regression function in the high-
dimensional space structure. The SVM has been 
successfully used in terms of dealing with the nonlinear 
regression and time-series problems [17]. The SVM is a 
new powerful method for predicting the load consumption. 
The SVM based on the structural risk minimization 
principle has a better performance for the nonlinear short-
term WPP and small sample problems [18], and has been 
developed for solving pattern recognition and nonlinear 
regression estimation problems. 

The aim of the SVM is to minimize the upper bound of 
the generalization error, and to deal with nonlinear 
regression and time-series problems [17]. The SVM model 
has the ability to increase the prediction accuracy via the 
suitable selecting parameter [19]. The main idea of the 
SVM for regression is to map the data into a high-
dimensional feature space by using a nonlinear mapping 
and to apply a linear regression in the feature space. Its 
general regression function is formulated as follows: 

 
 cmwW ii +=ˆ  (2) 

 
Where iw  and ˆ

iW are the actual and predicted wind 
powers at the thi time interval, respectively, m  is the 

scaling factor, and c the prediction axis. 
 

2.4 ANN model 
 
ANN has been widely utilized in various fields, 

including time-series prediction and pattern recognition. 
The ANN model is considered as an advanced technology 
of very-short-term prediction, as well as becomes an 
alternative technique for the time-series prediction, and 
gained immense popularity in the past. The ANNs have a 
comfortable and flexible structure to model a wide variety 
of nonlinear problems. The main advantage of the ANN 
model compared to the other classes of the nonlinear model 
is that it has a great potential to approximate a large class 
of functions with a high degree of accuracy [20]. Beside 
the other goal of use, ANN for the WPP is to find the 
neural network weights that reduce the model errors. 
Recently, ANNs have attracted increasing attention in the 
domain of time-series prediction [21]. The wonderful 
feature of ANNs is their inherent capability of non-linear 
modeling without any presumption around the statistical 
distribution followed by the observations when applied 
to time-series prediction problems. The ANN has general 
nonlinear mapping capabilities, and has increasingly 
attracted attention in the field of time-series prediction [17]. 

The ANN consists of many interconnections of identical 
basic processing units called neurons. Each contact of a 
neuron has the ability to edit the weight factor associated 
with the input and output. Every neuron in the network 
sums its weighted inputs to produce an activity level. In 
this paper, the ANN is composed of a three-layer feed-
forward BP neural network, and all of the processes are 
performed on the input layer, hidden layer and output layer. 
A brief description of the sample set is as follows: training, 
validation and testing samples account for 70%, 15% and 
15%, respectively. For this study, the data are used in the 
three phases to model the relationship between the input 
and the output target variable as shown in Fig. 1. 

In general, the input-output relationship of the radial 
basis function (RBF) as ANN, widely used as a time-series 
prediction, can be written as follows: 

 
Fig. 1. ANN process method of prediction 
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Where outW represents the dependent output variables 

(predicted wind power values); inw  represents a set of 
input variables (historical wind power data); m  is the 
number of RBF units in the hidden layer; iw  and b  are 
the weight and bias between the thi RBF unit and the 
output; (.)ij  is the activation function; ic and iB are the 
center and width, respectively. 

A number of tests has been performed in order to choose 
the suitable number of inputs and number of neurons in the 
hidden layers. 

 
2.5 Multiple linear regressions 

 
We first applied the multiple linear regression analysis 

to the WPP technique using the weighted least square 
estimation method based on a statistical analysis. This 
method is simple and commonly used to calculate the 
relationship between dependent and independent variables. 
The least square method is widely used to minimize the 
sum of the squared differences between the parameter 
estimating predicted values by MLR. Based on this method, 
it can lead to the least mean square error between the actual 
and predicted values. 

 
2.6 One-step and multi-step predictions 

 
Assume the time-series sequence of the actual wind 

power is denoted as ),......,,( 21 twwwW = , and the actual 
wind power tw corresponds to the time t with a particular 
time period every one-minute. The one-step prediction is 
to get the predicted value of 1ˆ tw +  with one step ahead 
based on the historical observations of tptW :1+- . The 
multi-step prediction is to get the predicted values of 

1ˆ tw + , 2ˆ tw + , …, ˆ t nw + with n steps ahead based on the 
historical observations of 1:t p tW - + . Typically, n can be 5 
to10 steps ahead. 

The prediction error (e) for the lead time nt + is 
defined as the difference between the predicted and actual 
wind power values: 

 
 ntntnt wwe +++ -= ˆ  (4) 

 
 

3. Methods for VSTWPP 
 
In this part, we will describe the detailed procedure of 

the VSTWPP with a maximum width of the prediction time 
being one hour. The output power of a wind farm (WF) in 
the power grid will be determined using historical wind 
power data by the hybrid time-series model. 

 
3.1 Procedure of VSTWPP 

 
Wind has random and intermittent features, and the 

output power of a wind farm represents this characteristic. 
Therefore, it is vital to reduce these influences for 
improving the accuracy of the WPP. This issue will be 
analyzed from the following aspects: 

For different widths of the prediction (T ), what is the 
most appropriate length of prediction in this study? 

In this paper, the T will be assigned to 30 and 60 min; 
the length of prediction (Dt) will be assigned to 5 and 10 
min. 
Ÿ What’s the performance difference between the 
predictions of PSM and PHM? 

In this study, PSM is implemented by ARMA, SVM and 
ANN respectively, while PHM is implemented by the 
MLR&LS method. 
Ÿ What’s the performance difference between the one-step 
prediction and multi-step prediction? 

In this paper, the one-step prediction is to predict the 
wind power of the next one length period, and the multi-
step prediction is to predict the wind power of the next few 
lengths within the T. 
Ÿ For multiple wind farms (WF), what's the performance 
difference between the direct predictions for the total wind 
power and indirect prediction for single wind power? 

For the indirect prediction, first predict the wind power 
ratio of each WF; second, sum them to obtain the total 
wind power ratio of the multiple WF, and then predict the 
rectification ratios to calculate the WPP. The wind power 
of each WF can be from the direct WPP. 
Ÿ What is the importance of the WPP? 

WPP is essential for the higher penetration of the wind 
power into the power systems. Since no wind forecasting 
system is perfect, a thorough understanding of the errors 
that may occur is a critical factor for system operation 
functions, such as the setting of the operating reserve levels. 
However, the strong randomness and high uncertainty of 
wind power generation pose challenges to power system 
plans and operation. Thus, to improve the accuracy of the 
WPP and reduce the prediction errors are some of the 
fundamental and key issues of enhancing the wind power 
management and controlling the power system operation. 
Ÿ Why the prediction values by the proposed method have 
a higher accuracy than those of other predictions used in 
this paper? 

The main reason lies in the fact that the prediction with 
the proposed method uses the wind power ratio and its 
corrected value for the WPP. To a certain extent, the 
relationship between the single wind farm (WF) and the 
total wind power is better determined through the wind 
power ratio. In the process of the hybrid method, the 
historical data of the wind power time-series is first 
transformed into the form of the wind power ratio 
coefficients. The ratios for different WFs are then predicted 
using the MLR&LS model. The MLR allows finding the 
best linear prediction equation between the dependent and 
other predictor variables. The basic idea of the hybrid 
model in this study is to combine the MLR and LS (MLR 
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& LS), which retains the advantages of each approach and 
accesses to the largest combination advantages. The main 
goal of this is to improve the forecast accuracy. The LS 
method is widely used to minimize the sum of the squared 
differences between the estimated parameter values and the 
predicted parameter values by MLR. Finally, the WPP 
values of the different wind farms can be calculated based 
on the corrected wind power ratios and the predicted total 
wind power of the system. 

Fig. 2 shows the detailed procedure of the VSTWPP 
designed in this study. In Fig. 2, the VSTWPP procedure 
collects data from the SCADA systems of the WF, and the 
power grid dispatches the center, and predicts the WPP of a 
single WF, total WPP of multiple WF, and the power ratios 
of different WFs at different Dt & T and with different 
prediction method and prediction types. 

 
3.2 Processing framework of MLR&LS by the 

hybrid model 
 
A hybrid model, which is based on a combination of the 

MLR and LS, is a new analysis tool that contains the 
statistical learning mechanism to explain the behavior of 
one of the dependent variables as a function of many other 
predictor variables. The MLR allows a flexible and easy 
way to find the best linear prediction equation between 
the dependent and other predictor variables. The object of 
this model is to benefit from the advantages of each 
model and obtain the optimal prediction performance. 
The performance of the WPP and the predict accuracy 
depends on the historical time-series data. 

Next, we will review the hybrid model for the prediction 
method. The general form of the MLR model with 
response W and term’s 1,........, pw w  will have the form: 

 
 pp wwwWE bbb +++= ........)/( 110  (5) 

That conditioning of all the terms on the right side of the 
equation, and conditioning for specific values for the 
prediction as follows: 

 

 0
1

( / )
p

i j j j i
j

E W w wb b e
=

= + +å     (6) 

 
Where iW  is the predicted values; jw  is the historical 

values; p is the number of predictor variables; e  is the 
error terms; and b  is the regression coefficient. 

Using the ordinary least square to minimize a quantity 
called the residual sum of the squares. The fitted values for 
this case are given by: 

 
 0 1 1

ˆ ˆ ˆˆ ........ p pW w wb b b= + + +      (7) 
 
The ordinary least squares estimator’s values 0b  and 

ib  that minimize the function are: 
 

 2
0

1 1
( )

pn

i j j
i j

W wb b
= =

- -å å  (8) 

 
The optimal solution of the regression coefficients is: 
 

 1ˆ ( )T Tw w w Wb -=  (9) 
 
Transform the historical wind power values into the ratio 

of the total wind power by: 
 

 å
=

=
n

i
iii wwx

1
 (10) 

 
Where åw  is the summing of the wind power from the 

total WF. Predict the wind power by the ratios and the total 
wind power as in (11): 

 

 
1

n

i i i
i

W x w
=

= ´å  (11) 

 
The summation of the predicted power ratios iX must 

be equal to 1 as in (12): 
 

 
1

1
n

i
i

X
=

=å  (12) 

 
The predicted [ ]nXXX ,.....,, 21 is a vector. The 

summation of iX might not be equal to 1. Thus, a 
rectification is needed as the following: 

 

 repred

1

n

i i i
i

X X X
=

= å  (13) 

 
After predicting the total wind power iWå  and power 

ratio by the rectification equation repred
iX , the proposed 

method to calculate WPP by the rectification is as follows: 
 

 å
=

´=
n

i
iii WXW

1

repredrepred      (14) 

 
Fig. 2. Detailed procedure of VSTWPP 
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Where repred
iW is the WPP value of the ith WF by using 

MLR&LS with the rectification ratio. 
 
 

4. Simulation and Results 
 
In this section, simulations were carried out for 

VSTWPP using the time-series analytical method. The test 
data in this study are divided into two sets: 1) the 
comparing set; and 2) the confirmed set. 

 
4.1 Comparison between one-step & multi-step 

predictions 
 
The prediction accuracy is a function to describe the 

difference between the predicted value and actual values. 
In this section, the comparison of a numerical result of the 
one-step and multi-step prediction way is displayed in 
Table 1. In this table, the data are taken from the real wind 
power data, the T is assigned to 60 and 30 min, and the Dt 
is assigned to 5 and 10 min. To evaluate the accuracy of the 
approach in the WPP, different criterions are used, such as 
the root mean square error (RMSE), the mean absolute 
percentage error (MAPE), and the mean square error 
(MSE). 

Table 1 shows that the one-step prediction method gives 
the better results, and is slightly more prone to the MSE 
values. This way could outperform the others if fewer T 
sets were used, and a lower Dt was predicted. 

Fig. 3 gives the total WPP comparison of the one-step 
and multi-step prediction methods. In Fig. 3, T = 60 min, 
and Dt =5 min. 

From Fig. 3, the WPP curve with the one-step prediction 
method is closer to the actual wind power curve, and the 
correlation coefficient between the two curves is about 
0.85; while the WPP curve in the multi-step prediction 
method is less accurate with a correlation coefficient of 
about 0.82. 

 
4.2 Comparisons of single WF at WPP by direct and 

indirect prediction types 
 
This part shows the comparisons between the single 

WPP at WF by the direct and indirect prediction types. 
During the process of comparison, the values of the single 
WPP at the two wind farms are used, and T = 60 min, and 
Dt =5 min. Figs. 4 and 5 give the actual and predicted wind 
power curves of the two wind farms, respectively, with 
direct and indirect predictions.  

From Figs. 4 and 5, it was observed that the predicted 
curves were closer to the actual curves for the indirect 
prediction, thus the results of the indirect prediction are 
more satisfactory than those of the direct prediction for the 
two wind farms. 

As part of the comparison between the direct and 
indirect WPP, the correlation of the predicted and actual 
variables under the conditions for the latter is higher than 
that for the former. Therefore, the indirect WPP using the 
rectification values causes it to be better than the direct 
WPP. 

 
4.3 Comparisons between ARMA, SVM, ANN and 

proposed method 
 
This paper studied the VSTWPP using four methods; i.e., 

the ARMA, SVM, ANN and proposed method. The 
simulation results for the VSTWPP using the statistical 

Table 1. RMSE, MAPE and MSE comparisons of the two 
methods 

Error One-step Multi-step One-step Multi-step 
 T = 60 & Dt = 5 min T=60 & Dt =10 min 

RMSE 2.18 2.31 2.21 2.45 
MAPE 2.61 2.78 2.64 3.31 
MSE 16.17 16.68 16.26 18.19 

 T =30 & Dt = 5 min T=30 & Dt =10 min 
RMSE 1.48 1.50 2.02 3.27 
MAPE 1.12 1.27 2.19 5.32 
MSE 10.57 11.27 14.81 23.08 
 

 
Fig. 3. Total WPP with one-step and multi-step predictions 

 
Fig. 4. Single WPP by direct prediction 

 

 
Fig. 5. Single WPP by indirect prediction 



Mohammed Eissa, Yu Jilai, Wang Songyan and Peng Liu 

 http://www.jeet.or.kr │ 1095

methods are presented. Fig. 6 gives the comparison 
procedures of the four methods. To assess the performance 
of the proposed method WPP scheme, the prediction 
method was built as follows. 

The ARMA model is known to provide accurate 
results. Therefore, it is used as the benchmark in this 
study. The results indicated in Fig. 7 using the ARMA 
model show that the predicted values are very close to 
the actual values in the previous stage of the width of the 
prediction time window, and the ARMA model can get 
relatively more accurate results when dealing with the 
smallest length of the prediction. We can see that the 
predication values are almost similar to the actual values, 
and the error is very small. 

As shown in Fig. 8, the WPP using the SVM model 
appeared to be close to the actual values. However, the 
maximum errors are less than 3.20%, as given in previous 
studies. The predictions by the SVM model are more 

accurate and suitable for the VSTWPP of the time-series 
models. 

The prediction results of the ANN model are 
demonstrated after several experiments with various 
network architectures based on the BP algorithm as shown 
in Fig. 9 and Fig. 10. The high predicted values and the 
solid correlation between the actual and predicted values 
indicate high prediction accuracy. The ANNs have been 
successfully used to predict the integrated wind power. 

The proposed model for the VSTWPP has been 
successfully implemented in this paper. Fig. 10 shows a 
time-series of the WPP that is closest to the time-series of 
the actual wind power. In this study, the final predicted 
value by the proposed model is more accurate than that by 
the other models. It is observed that the minimum errors 
are obtained by the proposed model. Fig. 10 shows the 
skills of the proposed MLR&LS model as a function of the 
WPP. This indicates that the proposed model significantly 
outperforms the other models used in this paper. 

 
Fig. 6. Comparison procedures of the flowcharts among 

the 4 methods 
 

 
Fig. 7. Actual & predicted total wind powers by ARMA 

model 

 
Fig. 8. Actual & predicted total wind powers by SVM 

model 
 

 
Fig. 9. Actual & predicted total wind powers by ANN 

model 
 

 
Fig. 10. Actual & predicted total wind powers by proposed 

method 
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4.4 Comparison of the predicted results 
 
The numerical results of the ARMA, SVM, ANN and the 

proposed models are depicted in Table 2. From Table 2 and 
the Fig. (7-10), a highly accurate WPP with the SVM is 
observed compared to the ANN and ARMA models. It can 
be said that each model has achieved a good predicted 
response and their error values are low. This result is 
consistent with the findings of previous studies. Moreover, 
we observed that the WPP accuracy level with SVM 
compared to ANN is not quite significant. However, it is 
observed that the proposed method has a high-accuracy 
level for the total WPP, when compared to the other 
methods in this paper. The numerical results in Table 2 
showed that the proposed model is better than the other 
methods. We also noted that ARMA demonstrated a 
highly accurate prediction when using suitable parameters 
according to the algorithm steps and smallest Dt. These 
findings agree with several studies. Finally, all the 
comparisons, analysis and simulation results prove that the 
proposed method provides a better performance. 

 
4.5 Prediction accuracy comparisons of the four 

models 
 
In this section, we describe the framework for the 

evaluation of the error index about the prediction accuracy 
of the WPP methods. ARMA, SVM, ANN and the proposed 
models were adopted as time-series to the WPP in the total 
WFs of Northeast China. With the view to inspect the 
accuracy of the predicted results in general, the mean 
absolute percentage error (MAPE), mean square error 
(MSE) and correlation coefficient ( )r  were all investigated. 
The computation formula is shown as: 
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Where N is the number of data points; iw  and w  are 

the actual and means wind power values; and ˆ
iW and 

Ŵ are the predicted and means wind power values, 
respectively. 

The prediction accuracy is a function of the difference 
between the predicted and actual values. Table 2 gives the 
errors for the four models. It can be inferred that the 
predicted values are close to the actual values when the 
proposed model is applied. In these calculations, it is also 
shown that there is a high correlation between the actual 

curve and predicted curve in all the models, but the 
proposed model provides the better result. 

From Table 2, it is observed that WPP by the proposed 
model outperformed all the other models. The proposed 
model has both the lowest error and the maximum 
correlation coefficient. Compared to SVM, ANN and 
ARMA, the proposed model has the superiority of a high 
VSTWPP accuracy. Based on Table 2 and Figs. 7-10, we 
evaluated the predictive performances of the four methods 
in detail. In the total WPP of the multiple WF, it is shown 
that the proposed model is better than SVM, ANN and 
ARMA. 

Based on the simulation training for the historical data 
of the eight WFs, the VSTWPP is reasonable to avoid 
volatility due to the use of the proposed model. From Table 
2, the proposed model clearly performs much better than 
the SVM, ANN and ARMA models as the calculation of 
the total WPP, MAPE and MSE of the proposed model are 
reduced, and r of the proposed model is increased. 

 
 

5. Conclusion 
 
In this study, the VSTWPP was evaluated by a 

combination of four methods, including the proposed 
method. The WPP obtained from SVM and ANN is 
suggested to be more accurate compared to the ARMA 
model. Overall, the proposed method is better than the 
SVM and ANN. In the WPP, wind power follows the peaks 
and valleys of the actual power component patterns. The 
shape of the WPP obtained from the proposed method is 
more accurate than that obtained from the other methods 
in this study, and the VSTWPP by the proposed method is 
close to the actual power. Therefore, it is concluded that 
the forecasting accuracy with the combination method 
performs better than the individual ones in general. As 
our simulation results indicated, the proposed method has 
three improvements and best performance versus the 
same method for the individual forecasting process and 
contributes to a reasonable improvement in the final WPP. 
After several experiments with different widths as the 
prediction time window for the proposed method, the 
smallest MSE was noted to give the best prediction 
accuracy for the test and validity data. To assess the results 
of different prediction methods, the errors are reports in 
Table 2, including the results of the prediction MAPE, 
MSE and r for the different predictor models. 

Table 2. Error and correlation coefficient of the 4 methods 
for VSTWPP 

Model MAPE MSE r 
ARMA 1.42 1.03 0.93 
SVM 0.48 0.49 0.97 
ANN 1.31 1.01 0.94 

proposed 0.69 0.32 0.98 
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