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Forecasting the wind speed is indispensable in wind-related engineering studies and is important in the
management of wind farms. As a technique essential for the future of clean energy systems, reducing the
forecasting errors related to wind speed has always been an important research subject. In this paper, an
optimized hybrid method based on the Autoregressive Integrated Moving Average (ARIMA) and Kalman
filter is proposed to forecast the daily mean wind speed in western China. This approach employs Particle
Swarm Optimization (PSO) as an intelligent optimization algorithm to optimize the parameters of the
ARIMA model, which develops a hybrid model that is best adapted to the data set, increasing the fitting
accuracy and avoiding over-fitting. The proposed method is subsequently examined on the wind farms of
western China, where the proposed hybrid model is shown to perform effectively and steadily.
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1. Introduction

Considering the world energy crisis, the use of renewable energy
is becoming an increasingly essential approach to reduce the
influence of higher oil prices in many countries [1]. In this regard,
wind power has been increasingly recognized as a significant
source of renewable energy that is clean and pollution-free [2].
Currently, wind power represents approximately 10% of the
energy consumption in Europe and over 15% in Germany, Spain
and the USA [3]. In China, abundant wind energy resources exist,
especially in the Gansu Corridor, which annually produces over
1.5 � 1015 kW h/m2 of power over a 70-m area near the ground
[4]. Thus, the analysis and estimation of wind energy in this area
is a meaningful but notably difficult task for research. As is well-
known, one of the primary reasons for the low utilization rate of
wind power is the volatility of the wind speed. This volatility makes
it hard to predict when wind power will be brought into the grid,
and energy transportation becomes difficult, as well [1]. An effec-
tive way to resolve this problem is wind speed forecasting, which
can improve the power grid efficiency. Therefore, wind speed fore-
casting is a key issue in achieving the management of wind farms.

In recent studies, there have been two primary methods of
wind speed prediction, which are based upon the weather
forecasting and the time series. The former uses hydrodynamic
atmospheric methods and contains physical phenomena, includ-
ing thermal, frictional and convection effects. Several of these
approaches are good for long-term wind speed forecasting but
perform poorly in the short-term, such as Mesoscale Model 5
(MM5), Consortium for Small Scale Modeling (COSMO), Weather
Research Forecast (WRF) and High Resolution Model (HRM). The
time series-based model (which is the subject of this paper) uses
only historical wind data to build statistical models and provides
a suitable short-term forecasting result for wind farms [5]. Among
the statistical approaches, many models have been used to
advance the accuracy of prediction. The regression method,
least-squares method, time series analysis, wavelet analysis and
other algorithms have been widely applied [6]. The above models
are all time series-based. Pousinho et al. [7] published a forecast-
ing model using particle swarm optimization and adaptive-
network-based fuzzy inference system, as the use of a single
statistical method cannot always satisfy forecasting accuracy
due to the complex nonlinearity and seasonality of wind speed.
Both theoretical and empirical research projects have suggested
that different prediction models can supplement the capturing
properties of data sets; thus, a combination method may perform
much better than any individual forecasting model [8–10]. In this
paper, a hybrid forecasting model is built for daily wind speed
forecasting in the Gansu Corridor, employing both statistical
and artificial intelligence methods.
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Considering that the Autoregressive Integrated Moving Average
(ARIMA) model is suitable for capturing short-range correlations
and has been used widely in a variety of forecasting applications
[5], the ARIMA model is taken as a basic model in this study. Ergin
Erdem published a technique based on ARIMA in wind speed
forecasting [9]. The ARIMA model was initially presented by
Box–Jenkins [10] and was successfully used in such applications
as forecasting economic, marketing and social problems. However,
the main disadvantage of the ARIMA method is that it has low
accuracy in forecasting non-stationary or fluctuating time series.
Based on a PSO algorithm proposed by Eberhart and Kennedy
[11], an optimized ARIMA model has been developed by us after
the basic model. The advantage of this optimized model is that
few assumptions are needed, and no a priori postulation of the
models is required. Furthermore, with the constant adjustment of
the ARIMA parameters in the modeling process, the features of
the data can be better explored.

Although the basic and the PSO-optimized ARIMA models are
well-suited to capture short range correlations [5], another limita-
tion of the ARIMA model is the difficulty of adjusting the model’s
parameters when the time series contains new information. To
solve this problem, it was proposed to test the ARIMA model in
combination with a Kalman filter; this testing constitutes the main
objective of this paper. The Kalman filter, which is proposed by
Kalman [12], is a sequential algorithm for minimizing state error
variance. Along with an extended version, the Kalman filter has
been used successfully by several researchers [13]. The primary
advantage of the Kalman filter is that the method can be applied
in both linear and nonlinear systems [14] and thus is able to over-
come the shortcomings of the ARIMA model.

Recently, considerable research has focused on wind speed
forecasting, and several hybrid methods have a good performance
in this area. In the hybridization of artificial neural networks
achieved by Sancho et al. [15,16], the superiority of the hybrid
model is demonstrated and found to be successful and feasible.
In this paper, the ideas of parameter optimization and information
mining have been manifested. Combining the Kalman filter with
the ARIMA model, the basic steps taken were as follows. First,
the basic ARIMA model was established based on historical data;
as a standard time-series method, the ARIMA model has good
properties for forecasting. Second, the ARIMA model’s parameters
were optimized by the PSO algorithm. PSO is a useful method in
selecting a model’s parameters and improving its forecasting accu-
racy. As used by Marcela et al. [16] on the reactive power dispatch
of wind farms, this algorithm has been tested to be effective and
optimal. Finally, a model combining the Kalman filter with the
PSO-optimized ARIMA method was established for wind speed
forecasting. As time goes on, more wind speed information
obtained, more accurate wind speed characteristic will be derived
by forecasting models, the new information on the wind speed is
absorbed by this hybrid optimized model. Therefore, the perfor-
mance of this hybrid, optimized model will be stable and accurate.

The remaining sections are arranged as follows. The preparation
methods and main modeling process are described in Section 2.
Section 3 predicts the wind speed of the Gansu Corridor using
three different methods and provides the forecasting results and
analyses. Finally, the conclusion is presented in Section 4.
2. Preparation methods for forecasting and modeling process

2.1. ARIMA model

The ARIMA model, which is among the most popular
approaches, was introduced for use in forecasting by Box and Jen-
kins [10]. Hybrid forecasting method, which generally employs an
ARIMA model as a linear model to predict the linear component
and employs nonlinear model to predict the other component in
time series. It is always valid to improve the forecasting
performance of wind speed [1]. The applications of ARIMA model
[17–19] also demonstrate its superiority in many areas.

A general ARIMA (p,d,q) model describing the time series is
written as follows:

/ðBÞrdxt ¼ hðBÞet ; ð1Þ

where xt and et represent wind speed and random error at time t,
correspondingly. B is a backward shift operator defined by Bxt = xt�1,
and related to »; d is the order of differencing; » = 1 � B, »d =
(1 � B)d. /(B) and h(B) are autoregressive (AR) and moving averages
(MA) operators of orders p and q, separately, that are defined as
follows:

/ðBÞ ¼ 1� /1B� /2B2 � � � � � /pBp; ð2Þ

hðBÞ ¼ 1� h1B� h2B2 � � � � � hqBq; ð3Þ

where /1, /2, . . . ,/p are the autoregressive coefficients and h1, h2,
. . . ,hq are the moving average coefficients.

The time series xt can also be represented as a linear transfer
function of the noise series:
xt ¼ lþuðBÞet ; ð4Þ
where

uðBÞ ¼ 1þu1Bþu2B2 þ � � � : ð5Þ

/(B) can be computed as u(B) = h(B)//(B).

2.2. PSO algorithm

Particle Swarm Optimization (PSO) is a society-based swarm
algorithm that was initially developed by Kennedy and Eberhart
[11]. Bonabeau et al. [20] gave a detailed description and analysis
of swarm intelligence in 2000. At the same time, some PSO models
have also been applied in forecasting. Zhao and Yang [21] proposed
a PSO-based single multiplicative neuron model in the forecasting
field. Hong Kuo et al. [22] discussed an improved method based on
fuzzy time series and PSO for forecasting enrollments. Hong [23]
researched chaotic PSO algorithms using support vector regression
in electric load forecasting.

The procedure is defined by a population of random solutions
that then searches for an optimal state through renovating gener-
ations. However, compared to genetic algorithms, the advantages
of PSO are easier to actualize and possess fewer parameters to reg-
ulate [24]. At the same time, PSO, compared to differential evolu-
tion, is an important characteristic from an end-user attitude,
according to which a clustering algorithm must not only be exact
but also must propose reproducible and reliable results [25].

In this paper, the particle of PSO is autoregressive coefficients
and moving average coefficients in ARIMA model. Let m represents
the number of particles and n is the number of optimized
parameters. Thus, the ith particle xi(t) is xi(t) = (xi1, xi2, . . . ,xin)
(i = 1, 2, . . . ,m) in the search space. The ith particle’s velocity is also
a n-dimensional vector that is represented as vi(t) = (vi1, vi2, . . . ,vin)
(i = 1, 2, . . . ,m). There are two best values during the optimization
process, called Pbest and Gbest, respectively, which are the best
value obtained by each single particle or by all particles in the pop-
ulation. The sensitivity analysis experiment was carried out by
changing the number of particles and the number of iterations in
order to assure the convergence to a minimum of the PSO swarm.

The PSO algorithm can be displayed by the following equations:

v iðt þ 1Þ ¼ w � v iðtÞ þ c1rand1ðPbesti � xiÞ þ c2rand2ðGbest � xidÞ
ð6Þ
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xiðt þ 1Þ ¼ xiðtÞ þ v iðt þ 1Þ ð7Þ

In the above equations, the parameters c1 and c2 are constants
called acceleration coefficients, and w is the inertia coefficient. c1

and c2 are set to 1.49445 in this paper [26]. The objective function
of PSO is the square root of the mean square error (RMSE) in this
paper, and the iteration limit is set to 50 in this paper. And the
parameters of the PSO optimization are calculated after three
experiments.
Fig. 1. Main cycle in Kalman filter.
2.3. Kalman filter

Compared with some of the other forecasting methods, Kalman
filtering is an effective approach to regulating real time series of
wind speed, as it is calculated from unbiased minimum variance
estimates. This filter can accomplish the prime estimation of state
variables in the approach while simultaneously updating the glo-
bal state of the modeling approach through a dynamically consis-
tent interpolator based on information from the measurements
[27–29]. Al-Hamadi and Soliman [30] researched short-term elec-
tric load forecasting using a moving window weather model based
on the Kalman filtering algorithm. Tsiaplias [31] explored factor
estimation using MCMC-based Kalman filter methods. Another
hybrid wavelet-Kalman filter method for forecasting was proposed
by Zheng et al. [32] in 2000.

The Kalman filter also could be described as an approach con-
sisting of a state equation and a measurement equation [33].

System state equation:

XðtÞ ¼ AðtÞXðt � 1Þ þwðtÞ; ð8Þ

Measurement equation:

ZðtÞ ¼ HðtÞXðtÞ þ vðtÞ; ð9Þ

where X(t) denotes n-dimensional system states; A(t) denotes n � n
state transition matrix; Z(t) denotes m-dimensional measurement
vector; H(t) denotes m � n output matrix; w(t) denotes n-dimen-
sional system error; and v(t) denotes m-dimensional measurement
error.

The noise vectors w(t) and v(t) are white noise. Known covari-
ance matrices

E½wðtÞwTðtÞ� ¼ Q ; E½vðtÞvTðtÞ� ¼ R; ð10Þ

where Q and R are positive definite and positive semi-definite
matrices, correspondingly. The basic Kalman filter algorithm could
be suggested by the following equations.

Time update equation:

X̂ðtjt � 1Þ ¼ AðtÞX̂ðt � 1Þ; ð11Þ
Pðtjt � 1Þ ¼ AðtÞPðt � 1ÞATðtÞ þ Q ; ð12Þ

State update equation:

KðtÞ ¼ ½Pðtjt � 1ÞHTðtÞ�½HðtÞPðtjt � 1ÞHTðtÞ þ RðtÞ��1
; ð13Þ
X̂ðtÞ ¼ X̂ðtjt � 1Þ þ KðtÞ½ZðtÞ � HðtÞX̂ðtjt � 1Þ�; ð14Þ
PðtÞ ¼ ðI � KðtÞHðtÞÞPðtjt � 1Þ: ð15Þ

Before the Kalman filter is used to determine an optimal esti-
mation of the time series X(t), certain quantities should be speci-
fied: A(t), H(t), R(t) and Q(t). After updating X(t), the two main
circulation X- and P-cycles are shown in Fig. 1. Then, the loop is
begun again in the head of project and continued until all measure-
ments have been adopted; then, X(t) is calculated.
2.4. Main modeling process

The modeling process was organized as follows. First, the basic
ARIMA model of wind speed series was calculated; second, the
parameters of the ARIMA model were optimized by the PSO algo-
rithm until the optimum particle was calculated (the definition
of the parameters is given in the next paragraph). Finally, the
optimized hybrid model combining the Kalman filter and PSO-
optimized ARIMA was established. The entire modeling process is
shown in Fig. 2.
3. Case studies and results

3.1. Region description and data collection

China has plentiful wind resources across its long coastline and
large land mass. According to the low-height wind speed estimates
of the China Meteorological Administration, the supposedly con-
sumable wind resources of potential power generation capacity
are over 4300 GW, and the supposedly consumable wind resources
amount to 297 GW [34]. Especially in the Hexi Corridor of China,
the abundant wind energy theoretically amounts to 2105 MW; this
region is famous for acting as a global leader in wind energy
resources [35]. In this article, real-world experiments are applied
to the wind speed forecasting of five sites situated on five different
areas along the Gansu Corridor of China. These include the Jiuquan,
Mazong Mountain, Zhangye, Wuwei and Minqin regions, which are
shown in Fig. 3. The historical wind speed data of the five areas in
2005 were used in this case study. To show the consistency of the
models in different areas, the 120 samples from the wind speed
data of the five areas is selected from April 10, 2005 to July 28,
2005.
3.2. The forecasting of wind speed for Gansu corridor

One of the most important parts in the evolution of a satisfying
time series prediction model is choosing the input data that decide
the structure of the model [36]. As wind speed time data have
some non-stationary properties, so different methods must be
applied to change the non-stationary properties. The basic ARIMA
model parameters, which are shown in Table 1, are calculated
according to the Akaike Information Criterion (AIC) [37], which is



Fig. 2. Flow chart of the main method.

Fig. 3. Topographic map of the Gansu Corridor.
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a measure of complexity and model performance that uses wind
speed data from five areas in the Gansu Corridor.

The experimental results suggest that forecasting functions
should be created by the low-order difference equation models
shown in Table 1.

The forecasting equations calculated by five ARIMA model are
as follows:

xðtÞ ¼ 1:890xðt � 1Þ � 0:484xðt � 2Þ � 0:246xðt � 3Þ
� 0:258xðt � 4Þ � 0:26xðt � 5Þ þ 0:35xðt � 6Þ
þ 0:996ðxðt � 1Þ � x̂ðt � 1ÞÞ; ð16Þ

xðtÞ ¼ 0:638xðt � 1Þ þ 0:398xðt � 2Þ þ 0:331xðt � 3Þ
� 0:297xðt � 4Þ þ 0:403xðt � 5Þ � 0:015xðt � 6Þ
� 0:358xðt � 7Þ; ð17Þ

xðtÞ ¼ 0:243xðt � 1Þ þ 0:182xðt � 2Þ þ 0:344xðt � 3Þ
þ 0:231xðt � 4Þ; ð18Þ

xðtÞ ¼ 0:343xðt � 1Þ þ 0:316xðt � 2Þ þ 0:419xðt � 3Þ
þ 0:200xðt � 4Þ þ 0:065xðt � 5Þ þ 0:178xðt � 6Þ
� 0:006xðt � 7Þ � 0:252xðx� 8Þ � 0:263xðt � 9Þ; ð19Þ

xðtÞ ¼ 0:869xðt � 1Þ þ 0:365xðt � 2Þ � 0:182xðt � 3Þ
þ 0:343xðt � 4Þ0:055xðt � 5Þ � 0:450xðt � 6Þ; ð20Þ

where x(t) represents the wind speed data, and x̂ðtÞ, the forecasting
data. Because the ARIMA model parameter is q = 1 in the Jiuquan
region, formula (14) contains x̂ðtÞ.

The wind speeds of the five regions can be predicted using these
equations. Model fitting and forecasting results are displayed in
Fig. 4, in which the forecasting data are arranged from 101 to 120.

It is obvious to recognize that the ARIMA model is able to
describe the variation of the time series in Fig. 4. To achieve a bet-
ter presentation of the learning parts, it is necessary to determine
which indices should be used to measure the training performance.
Traditional performance indices, such as the average relative error
(ARE), the square root of the mean square error (RMSE) and the
mean absolute error (MAE) are used as measures for prediction
accuracy. These indices are shown as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
ðyi � ŷiÞ2=n

q
; ð21Þ

MAE ¼
Xn

i¼1

jyi � ŷij
,

n; ð22Þ

ARE ¼
Xn

i¼1

ðjŷi � yij=yiÞ
,

n; ð23Þ

where yi is the real value, and ŷi is the forecasted value of yi.
The wind speed forecasting results of the ARIMA model have

been given, and the indices are shown in Table 2.
Although the basic ARIMA model has a good performance for

the description of wind speed variation, the forecasting accuracy
Table 1
ARIMA model parameters of five areas in Gansu Corridor.

ARIMA Jiuquan Mazong Mountain Zhangye Wuwei Minqin

p 3 5 3 7 4
d 3 1 1 2 2
q 1 0 0 0 0
of the basic ARIMA still cannot satisfy the demand for wind power
generation. To better predict the wind speed, PSO is suggested to
optimize the parameters of the ARIMA model.

In the PSO-optimized process, the parameters of the ARIMA
model, which were given in formulas (14)–(18), are regarded as
the particles of the PSO. For instance, if x(t) = a1x(t � 1) + a2

x(t � 2) + � � � + anx(t � n), which is based on the process of ARIMA
model, then a = (a1, a2, . . . ,an) is regarded as a particle of PSO. For
different regions, the parameters of the ARIMA model are opti-
mized by a PSO algorithm, and the fitting and forecasting results
are shown in Fig. 5.

The PSO-optimized ARIMA model describes the changes batter
in the time series from Fig. 5.

In Figs. 4 and 5, it can be ascertained that each model displays
similar trends to those of the real data. However, greater differ-
ences between the data predicted from the basic ARIMA model
and the real data are noticeable. The evaluation indices are shown
in Table 3.

The main idea of the proposed model is to combine the ARIMA
model with the Kalman filter, thus achieving the aim for the model
to be able to forecast the wind speed with the updated informa-
tion. The advantage of the Kalman filter is to correct the estimated
value immediately according to the latest observed values. Before
attaining the forecasting results in the Kalman filter, the state
equation and measurement equation must be derived. The ARIMA
model optimized by PSO will be rewritten as follows:

x1ðtÞ ¼ xðtÞ; x2ðtÞ ¼ xðt � 1Þ; . . . ; xnðtÞ ¼ xðt � nÞ: ð24Þ

x1ðt þ 1Þ ¼ a1x1ðtÞ þ a2x2ðtÞ þ � � � þ anxnðtÞ þwðt þ 1Þ; ð25Þ

Therefore, the state equation will be written as follows:

x1ðt þ 1Þ
x2ðt þ 1Þ
..
.

xnðt þ 1Þ

266664
377775 ¼

a1 � � � an�1 an

1 � � � 0 0
..
. . .

. ..
. ..

.

0 � � � 1 0

266664
377775 �

x1ðtÞ
x2ðtÞ
..
.

xnðtÞ

266664
377775þ

1
0
..
.

0

266664
377775wðt þ 1Þ;

ð26Þ

The measurement equation will be the following:

zðt þ 1Þ ¼ 1 0 � � � 0½ �

x1ðt þ 1Þ
x2ðt þ 1Þ
..
.

xnðt þ 1Þ

266664
377775þ vðt þ 1Þ: ð27Þ

According to the formula (8), the error covariance is defined as
R(t) = 1 and as Q(t) = 1. After the Kalman filter iteration, the newly
forecast results are shown in Fig. 6.

So far, experimental research has shown that wind speed fore-
casting is a very difficult issue, and there is no one effective and
universal forecasting method to tackle it [38]. Bunn and Farmer
[39] suggested a £10 million operating cost of a 1% increase in fore-
casting error for wind farms. Similarly, in wind power generation, a
tiny improvement of the wind speed forecasting accuracy can yield
enormous economic benefits. Thus, this optimized hybrid model,
which decreases the forecasting error on the basis of a PSO-opti-
mized ARIMA model in all five regions, represents an important
improvement for wind speed forecasting in the Gansu Corridor.
The detailed indices are shown in Table 4.

3.3. Predictive accuracy testing

Considering the apparent credibility of a statistical approach in
comparing forecasting accuracies, a casual manner is critical to this
problem. Before measuring the forecasting error, predictive



Fig. 4. Fitting and forecasting results of ARIMA model.

Table 2
Indices of ARIMA model.

Jiuquan Mazong Mountain Zhangye Wuwei Minqin

ARE 43.32% 39.83% 30.33% 36.43% 45.18%
MAE 0.7824 1.4045 0.6351 0.5511 1.0283
RMSE 0.9867 1.8575 0.7254 0.7147 1.3530

Fig. 5. Fitting and forecasting results of the PSO-optimized ARIMA model.

Table 3
Indices of the ARIMA model optimized by PSO.

Jiuquan Mazong Mountain Zhangye Wuwei Minqin

ARE 41.47% 28.99% 28.18% 33.50% 39.08%
MAE 0.6957 1.1036 0.6116 0.5286 0.9850
RMSE 0.9115 1.3763 0.7001 0.6460 1.2144
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Fig. 6. Forecasting results of the optimized hybrid model.

Table 4
Indices of optimized hybrid model.

Jiuquan Mazong Mountain Zhangye Wuwei Minqin

ARE 34.80% 27.69% 27.44% 29.82% 36.62%
MAE 0.6628 1.0568 0.5952 0.4632 0.9254
RMSE 0.8664 1.3355 0.6942 0.5674 1.1366
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accuracy testing should be adopted to test the differences among
the three methods. This is very important because, as well as
known, the stability of a forecasting method is determined by
the distribution of its forecasting error. The gðyt ; ŷitÞ is written as
the forecast error; that is, gðyt ; ŷitÞ ¼ gðeitÞ. The null hypothesis of
forecasting accuracy for two equal variables is E[g(eit)] = E[g(ejt)],
or E[dt] = 0, where dt = [g(eit) � g(ejt)] is the error differential.

3.3.1. The sign test
The null hypothesis is a zero-median med(g(eit) � g(ejt)) = 0. The

test statistic is the following:

S ¼
XT

t¼1

IþðdtÞ; ð26Þ

where

IþðdtÞ ¼
1 if dt > 0
0 otherwise

�
ð27Þ

The importance may be estimated using a table calculating the
cumulative binomial distribution. The sign-test statistic is standard
normal:

S ¼ S� 0:5Tffiffiffiffiffiffiffiffiffiffiffiffiffi
0:25T
p � Nð0;1Þ ð28Þ
3.3.2. The asymptotic test
Consider that dt is stationary covariance with a short memory

and that the result will be applied to figure out the asymptotic dis-
tribution of the sample mean error differential. Therefore,ffiffiffi

T
p
ð�d� lÞ!d Nð0;2pfdð0ÞÞ; ð29Þ
where

�d ¼ 1
T

XT

t¼1

½gðeitÞ � gðejtÞ� ð30Þ

is the sample mean error differential, and

fdð0Þ ¼
1

2p
X1

s¼�1
cdðsÞ ð31Þ

is the spectral density at frequency 0 in the error differential.
cd(s) = E[(dt � l)(dt�s � l)] is the covariance of the error differential
at s, and l is the population mean error differential. When �d is
distributed with mean l and variance 2pfd(0)/T, the null hypothesis
for equal forecasting accuracy is

S ¼
�dffiffiffiffiffiffiffiffiffiffiffiffi

2pbfd ð0Þ
T

r ; ð32Þ

where bfdð0Þ is a consistent estimate of fd(0).

3.3.3. The Wilcoxon’s signed-rank test
A related distribution-free procedure that demands the symme-

try of the error differential is the Wilcoxon’s signed-rank test. The
test statistic is as follows:

~S ¼
XT

t¼1

IþðdtÞrankðjdt jÞ; ð33Þ

The accurate finite-sample crucial values of the testing statistic are
constant to the distribution of the error differential, which has been
tabulated only as zero-mean and symmetric. Moreover, the stan-
dard normal is as follows:

S ¼
eS � TðTþ1Þ

4ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TðTþ1Þð2Tþ1Þ

24

q � Nð0;1Þ: ð34Þ
3.3.4. The Morgan–Granger–Newbold test
Let xt = (eit + ejt) and zt = (eit � ejt), and let x = (eit + ejt) and

z = (eit � ejt). Then, the null hypothesis of forecasting accuracy is
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equal to the zero correlation with x and (zi.e., qxz = 0), and the test-
ing statistic is as follows:

MGN ¼ q̂xzffiffiffiffiffiffiffiffiffi
1�q̂2

xz
T�1

q ð35Þ

The statistical tests with 95% degrees of confidence, which were
described in the last paragraph, reflect the discrepancy and error
distribution of the different methods. For the five selected areas,
each forecasting method was tested mutually with each other
method. Comparing the final results in Table 5, a part of the
hypothesis tests were rejected, indicating that there are significant
differences between the three methods. For example, in the case of
the ARIMA and PSO-optimized ARIMA in Zhangye, three tests
showed a rejection, but because the MGN test showed an accep-
tance. There are obvious differences between these two methods.
However, in some areas, the answer was accepted, indicating that
the tests cannot effectively distinguish among their the predictive
results.

3.4. Predictive result analyses

To evaluate the performance of the developed approach pre-
cisely, according the measures defined above, the indices of differ-
ent models at five regions are shown in Fig. 7.

For example, consider the ARE in Jiuquan, in which the values
are between 40% and 45% on the basic ARIMA model and the
PSO-optimized ARIMA model but are reduced to 34.8% in the opti-
mized hybrid model. In another example of RMSE in Mazong
Mountain, the value of the basic ARIMA model is 1.8575. After
PSO optimization, the RMSE of the PSO-optimized ARIMA model
is already reduced to 1.3763, and the RMSE of the optimized hybrid
model is 1.3355. The experiments from different areas always
present the same results, namely that the optimized hybrid model
is superior to the PSO-optimized ARIMA model, which is, in turn,
superior to the basic ARIMA model.

In Tables 2–4, which compares the basic ARIMA model and the
PSO-optimized ARIMA model, the precision of the optimized
hybrid model is improved. As an example of Jiuquan, Tables 2–4
shows that all of the RMSE (0.8664), MAE (0.6628) and ARE
(34.8%) of the optimized hybrid model are the smallest of the three
evaluation indices. Similarly, in the other four regions, the RMSE,
MAE and ARE of the optimized hybrid model are also the smallest.
Hence, all of the indices imply that the optimized hybrid model can
effectively decrease the error of the forecasted values compared to
the other two forecasting methods.

4. Conclusions

A new optimized hybrid forecasting method based on ARIMA
and the Kalman filter has been described by this research. The per-
formance of the optimized hybrid model was evaluated by the five
examples above, and the results of the optimized hybrid model
were excellent in forecasting. These results also suggest that the
PSO algorithm and Kalman filter are valuable methods of designing
and optimizing the ARIMA model in wind speed forecasting.

There are several advantages of using the proposed method.
First, the use of the Kalman filtering technique ameliorates the
disadvantage of the ARIMA model, which is unable to adjust the
architecture of the model when the time series contains new infor-
mation. Second, the proposed ARIMA model as optimized by the
PSO suggests preferable improvements that are more satisfactory
in the current study. In certain cases, the original parameter in
the ARIMA is sufficiently complex that it is not effective for pre-
dicting wind speed; in such cases, the idea of combining PSO with
ARIMA is highly important. Third, the proposed hybrid model is
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virtually auto-kinetic and a non-requirement for making complex
determinations regarding the definite form for the models in each
case. Based on the above-mentioned reasons, it is suggested that
the proposed optimized hybrid model has better forecasting accu-
racy and ability.

Wind speed forecasting is a difficult issue. Currently, forecasting
errors are generally observed in between 25% and 40% of short-
term forecasts and are related not only to the forecasting methods
but also to the forecasting period and the characteristics of the
observation site [40]. Thus, the optimized hybrid model, combining
ARIMA with the Kalman filter, provides a valid method for
researching wind speed forecasting. The differing results in the dif-
ferent regions indicate that the approach developed in this study is
efficient and easy to implement. With a prepared setting, this
method can be extremely beneficial for economic dispatching
and electricity market bidding strategies for wind power, permit-
ting better scheduling of services. Therefore, these improvements
can expedite the integration of wind power into ordinary power
systems, developing a useful, renewable energy source.
Acknowledgement

This work was supported by the National Natural Science Foun-
dation of China (Grant No. 71171102).
References

[1] Liu Heping, Shi Jing, Qu Xiuli. Empirical investigation on using wind speed
volatility to estimate the operation probability and power output of wind
turbines. Energy Convers Manage 2013;67:8–17.

[2] Habalia SM, Amr Mohammad, Saleh Isaac, Ta’ani Rizeq. Wind as an alternative
source of energy in Jordan. Energy Convers Manage 2001;42:339–57.

[3] Salcedo-Sanz S, Pérez-Bellido Ángel M, Ortiz-García EG, Portilla-Figueras A,
Prieto L, Paredes D. Accurate short-term wind speed forecasting by exploiting
diversity in input data using banks of artificial neural networks.
Neurocomputing 2009;72:1336–41.

[4] Yirong W, Shu L, Guorong W. Three dimensional distribution characteristics of
wind energy over hexi corridor. Acta Energ Sol Sin 2007;4:451–6.

[5] Bivona S, Bonanno G, Burlon R, Gurrera D, Leone C. Stochastic models for wind
speed forecasting. Energy Convers Manage 2011;52:1157–65.

[6] Di-fu P, Hui L, Yan-fei L. A wind speed forecasting optimization model for wind
farms based on time series analysis and Kalman filter algorithm. Power Syst
Technol 2008;32:82–6.
[7] Pousinho HMI, Mendes VMF, Catalão JPS. A hybrid PSO–ANFIS approach for
short-term wind power prediction in Portugal. Energy Convers Manage
2011;52:397–402.

[8] Fili Ümmühan Bas�aran, Gerek Ömer Nezih, Kurban Mehmet. A novel modeling
approach for hourly forecasting of long-term electric energy demand. Energy
Convers Manage 2011;52:199–211.

[9] Erdem Ergin, Shi Jing. ARMA based approaches for forecasting the tuple of
wind speed and direction. Appl Energy 2011;88:1405–14.

[10] Box GEP, Jenkins GM, Reinsel GC. Time series analysis: forecasting and control.
4 ed. John Wiley; 2008.

[11] Kennedy J, Eberhart R. A new optimizer using particle swarm theory. In:
Proceedings sixth symposium on micromachine and human
science. Piscataway (NJ): IEEE Service Center; 1995. p. 39–43.

[12] Kalman RE. A new approach to linear filtering and forecasting problems. J Basic
Eng 1960;82(Series D):35–45.

[13] Hua X, Prokhorov DV, Wunsch II DC. Time series forecasting with a weighted
bidirectional multi-stream extended Kalman filter. Neurocomputing
2007;70:2392–9.

[14] Vasebi A, Bathaee SMT, Partovibakhsh M. Predicting state of charge of lead-
acid batteries for hybrid electric vehicles by extended Kalman filter. Energy
Convers Manage 2008;49:75–82.

[15] Salcedo-Sanz Sancho et al. Hybridizing the fifth generation mesoscale model
with artificial neural networks for short-term wind speed forecasting. Renew
Energy 2009;34:1451–7.

[16] Martinez-Rojas Marcela, Sumper Andreas, Gomis-Bellmunt Oriol, Sudrià-
Andreu Antoni. Reactive power dispatch in wind farms using particle swarm
optimization technique and feasible solutions search. Appl Energy
2011;88:4678–86.

[17] Che J, Wang J. Short-term electricity prices forecasting based on support vector
regression and autoregressive integrated moving average modeling. Energy
Convers Manage 2010;51:1911–7.

[18] Reikard G. Predicting solar radiation at high resolutions: a comparison of time
series forecasts. Sol Energy 2009;83:342–9.

[19] Tseng FM, Tzeng GH. A fuzzy seasonal ARIMA model for forecasting. Fuzzy Sets
Syst 2002;126:367–76.

[20] Dorigo M, Bonabeau E, Theraulaz G. Ant algorithms and stigmergy. Future
Gener Comput Syst 2000;16:851–71.

[21] Zhao L, Yang Y. Pso-based single multiplicative neuron model for time series
forecasting. Exp Syst Appl 2009;36:2805–12.

[22] Kuo I-Hong, Horng Shi-Jinn, Kao Tzong-Wann, Lin Tsung-Lieh, Lee Cheng-
Ling, Pan Yi. An improved method for forecasting enrollments based on
fuzzy time series and particle swarm optimization. Exp Syst Appl
2009;36:6108–17.

[23] Hong WC. Chaotic particle swarm optimization algorithm in a support vector
regression electric load forecasting model. Energy Convers Manage
2009;50:105–17.

[24] Sfetsos A. A comparison of various forecasting techniques applied to mean
hourly wind speed time series. Renew Energy 2000;21:23–35.

[25] Wang Ying, Zhou Jianzhong, Qin Hui, Lu Youlin. Improved chaotic
particle swarm optimization algorithm for dynamic economic dispatch
problem with valve-point effects. Energy Convers Manage 2010;51:
2893–900.

http://refhub.elsevier.com/S0196-8904(14)00469-5/h0005
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0005
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0005
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0010
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0010
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0015
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0015
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0015
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0015
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0020
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0020
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0025
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0025
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0030
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0030
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0030
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0035
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0035
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0035
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0040
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0040
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0040
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0040
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0045
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0045
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0050
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0050
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0055
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0055
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0055
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0060
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0060
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0065
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0065
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0065
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0070
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0070
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0070
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0075
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0075
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0075
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0080
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0080
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0080
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0080
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0085
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0085
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0085
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0090
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0090
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0095
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0095
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0100
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0100
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0105
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0105
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0110
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0110
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0110
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0110
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0115
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0115
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0115
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0120
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0120
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0125
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0125
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0125
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0125


452 Z. Su et al. / Energy Conversion and Management 85 (2014) 443–452
[26] Levitin Gregory, Hu Xiaohui, Dai Yuan-Shun. Particle swarm optimization in
reliability engineering. Comput Intell Reliab Eng 2007;40:83–112.

[27] Junping Wang, Jingang Guo, Lei Ding. An adaptive Kalman filtering based State
of Charge combined estimator for electric vehicle battery pack. Energy Convers
Manage 2009;50:3182–6.

[28] Kouhi Sajjad, Keynia Farshid. A new cascade NN based method to short-term
load forecast in deregulated electricity market. Energy Convers Manage
2013;71:76–82.

[29] Kıran Mustafa Servet, Özceylan Eren, Gündüz Mesut, Paksoy Turan. A novel
hybrid approach based on particle swarm optimization and ant colony
algorithm to forecast energy demand of Turkey. Energy Convers Manage
2012;53:75–83.

[30] Al-Hamadi H, Soliman S. Short-term electric load forecasting based on Kalman
filtering algorithm with moving window weather and load model. Electr
Power Syst Res 2004;68:47–59.

[31] Tsiaplias S. Factor estimation using MCMC-based Kalman filter methods.
Comput Statist Data Anal 2008;53:344–53.

[32] Zheng Tongxin et al. A hybrid wavelet-Kalman filter method for load
forecasting. Electr Power Syst Res 2000;54:11–7.
[33] Riddington G. Time varying coefficient models and their forecasting
performance. Omega 1993;21:573–83.

[34] Changliang Xia, Zhanfeng Song. Wind energy in China: current scenario and
future perspectives. Renew Sust Energy Rev 2009;13:1966–74.

[35] Guo Zhenhai et al. A corrected hybrid approach for wind speed forecasting in
Hexi Corridor of China. Energy 2011;36:1668–79.

[36] Barut Murat. Bi input-extended Kalman filter based estimation technique for
speed-sensorless control of induction motors. Energy Convers Manage
2010;51:2032–40.

[37] Che Jinxing, Wang Jianzhou. Short-term electricity prices forecasting based on
support vector regression and Auto-regressive integrated moving average
modeling. Energy Convers Manage 2010;51:1911–7.

[38] Yazhou L, Weisheng W, Yonghua Y, Huizhu D. Analysis of wind power value to
power system operation. Power Syst Technol 2002;26:10–4.

[39] Bunn D, Farmer E. Comparative Models for Electrical Load Forecasting. New
York: John Wiley & Sons; 1985.

[40] Xiu-yuan Y, Yang X, Shu-yong C. Wind speed and generated power forecasting
in wind farm. Proc CSEE 2005;25(11).

http://refhub.elsevier.com/S0196-8904(14)00469-5/h0130
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0130
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0135
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0135
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0135
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0140
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0140
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0140
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0145
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0145
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0145
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0145
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0145
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0160
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0160
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0160
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0165
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0165
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0150
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0150
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0155
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0155
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0170
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0170
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0175
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0175
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0180
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0180
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0180
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0185
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0185
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0185
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0190
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0190
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0195
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0195
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0200
http://refhub.elsevier.com/S0196-8904(14)00469-5/h0200

	A new hybrid model optimized by an intelligent optimization algorithm for wind speed forecasting
	1 Introduction
	2 Preparation methods for forecasting and modeling process
	2.1 ARIMA model
	2.2 PSO algorithm
	2.3 Kalman filter
	2.4 Main modeling process

	3 Case studies and results
	3.1 Region description and data collection
	3.2 The forecasting of wind speed for Gansu corridor
	3.3 Predictive accuracy testing
	3.3.1 The sign test
	3.3.2 The asymptotic test
	3.3.3 The Wilcoxon’s signed-rank test
	3.3.4 The Morgan–Granger–Newbold test

	3.4 Predictive result analyses

	4 Conclusions
	Acknowledgement
	References


