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Forecasting of oil price is an important area of energy market research. Based on the idea of decomposition-reconstruction-
integration, this paper built a new multiscale combined forecasting model with the methods of empirical mode decomposition
(EMD), artificial neural network (ANN), support vector machine (SVM), and time series methods. While building the model, we
proposed a new idea to use run length judgment method to reconstruct the component sequences. Then this model was applied to
analyze the fluctuation and trend of international oil price. Oil price series was decomposed and reconstructed into high frequency,
medium frequency, low frequency, and trend sequences. Different features of fluctuation can be explained by irregular factors,
season factors, major events, and long-term trend. Empirical analysis showed that the multiscale combined model obtained the
best forecasting result comparedwith singlemodels including ARIMA, Elman, SVM, andGARCH and combinedmodels including
ARIMA-SVMmodel and EMD-SVM-SVMmethod.

1. Introduction

International commodity price fluctuates sharply and rises
in the long run. Commodity prices’ fluctuation creates large
impact on global economy, for example, surging the cost of
imports, triggering inflation, slowing economic growth, and
diminishing the effectiveness of fiscal and monetary policy.
Therefore analyzing the features of international commodity
price fluctuations so as to predict the price and trend has a
very important significance for global economy.

From the view of nations and governments, commodities
are indispensable for economic development and have major
strategic impact onnational economic security. If the prices of
commodities can be predicted more accurately, commodities
can be imported when prices are low so that the imported
inflation pressures will be greatly eased. Due to lower import
costs, government can reduce the subsidies for enterprises,
therefore, increasing the flexibility of fiscal policy. What is
more, due to the reduction in foreign exchange expenditure,
a country’s foreign exchange reserves can be used to adjust
the stability of the exchange rate, therefore, increasing the
flexibility of monetary policy.

From the view of producers, commodities are raw mate-
rials for industries such as aviation, transportation, food
processing. They are also products for industries such as oil
exploration and nonferrous metals enterprises. Commodity
price fluctuations have impact on business costs and profits.
If the price fluctuation of commodities can be predicted
more accurately, producersmaymake production plansmore
precisely, thus reducing costs and obtaining higher profits.

As for the trading companies, sharp fluctuations in
commodity prices often result in great loss. However, due to
lack of research team, operations team, and corresponding
decision-making mechanism, the risk of price fluctuations
is underdetermined. Especially when dealing commodity
futures, the predicted price deviates greatly with actual price.
Through building commodity price forecasting model and
price fluctuation warning system, trading companies are able
to avoid the risk of price fluctuations and reduce trade losses.

In general, in order to provide rational support for
government and business decisionmakers, it is necessary and
urgent to research on commodity prices forecast.

This paper is organized as follows. Section 2 is a literature
review,mainly discusses singlemodels and combinedmodels
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of forecasting oil prices, as well as the shortcomings of
the existing multiscale combined model. Section 3 gives the
detailed process of establishing a new multiscale combined
model and gives a new idea, that is, the run-length judgment
to reconstruct subsequences. In Section 4 the empirical
results of forecasting oil prices are reported and commented.
Section 5 concludes the paper.

2. Literature Review

Researchers have developed quite a lot of methods to ana-
lyze and forecast oil price, which can be roughly divided
into single models and combined models. Single models
include qualitative methods, causality regression methods,
time series methods, and mathematical methods. Combined
models are formed by combining single models according to
certain rules.

Abramson and Finizza [1] predicted the trend of oil
price based on OPEC member countries’ output volume,
transport capacity policy, and expert judgment. This qual-
itative method is flexible, easy, and quick to use. But it is
of constraint to the knowledge, experience, and capacity of
people who use it and it lacks the quantitative description.
Ye et al. [2] established a regression forecasting model based
on oil reserves, oil output, and oil import volumes. As a
primitive constant coefficient regression model, it has some
limitations. On one hand, the factors affecting oil prices
are numerous and complex. It is impossible to include all
the influencing factors. On the other hand, this model
only considers the linear impact on oil prices. However,
many studies showed that the fluctuation of commodity
prices is nonlinear. Gori et al. [3] examined the evolution
of oil price and consumption of oil in the last decades
to construct a relationship between them and then pre-
dicted the trend of oil price. Lanza et al. [4] used the
ECM specification to predict crude oil prices. In addition,
some researcher applied mathematical methods into oil
price forecasting. Fan et al. [5] proposed futures weighted
oil price multistep prediction method based on PMRS.
Ghaffari and Zare [6] applied a data filtering algorithm
to predict daily oil price variation. Meade [7] established
an oil price forecasting model based on Gaussian process.
Mathematical methods are outstanding in fitting complex
nonlinear functions and make improvement in oil price
forecasting.

Based on the above singlemodels, Krogh andVedelsby [8]
proved such a thought: when the single models are accurate
and diversified enough, establishing a combined model with
them can obtain better forecasting result. Combined models
have become important for oil price forecasting after that.
Wang et al. [9, 10] integrated text mining techniques, econo-
metric models, and artificial neural networks to establish
TEI@I, a new combined model, and used it to predict oil
price. Nguyen and Nabney [11] built a combined model by
putting together wavelet decomposition, adaptive machine
learning methods, and adaptive GARCH and improved
the prediction accuracy. de Souza e Silva et al. [12] used
wavelets and hidden Markov models to predict oil price
trends. Ahmad Kazem et al. [13] built a combined model

based on chaotic map, firefly algorithm, and support vector
regression.Their empirical results showed that the combined
model performed better than artificial neural network and
support vector regression model based on genetic algorithm.
Azadeh et al. [14] presented a flexible algorithm based
on artificial neural network (ANN) and fuzzy regression
(FR) to cope with optimum long-term oil price forecast-
ing.

As oil price sequence showed characteristics of nonlin-
ear, nonstationary, and multiscale, researchers began to use
multiscale methods such as wavelet analysis, empirical mode
decomposition (EMD) to analyze the fluctuations of oil price.
These methods have good time resolution and frequency
resolution and can enhance the variation regularity. Xie et
al. [15] demonstrated that EMD has remarkable effect in
time series decomposition and provided a powerful tool
for adaptive multiscale analysis of nonstationary signals. At
the same time, they proposed a bandwidth criterion for
EMD and used bandwidth EMD to decompose electricity
consumption data into cycles and trend which help us
recognize the structure of the electricity consumption series.
Zhang et al. [16, 17] used EMD to analyze the underlying
characteristics of international crude oil price movements.
They gave economic explanations to the reconstruction
components such as normal supply-demand disequilibrium,
the shock of significant events, and long-term trend. Yu et
al. [18] decomposed oil price series with EMD, predicted
all components with FNN, and then integrated them with
ALNN. Li et al. [19] proposed a decomposition hybrid
approach (DHA) to predict country risk for oil exporters
based on the principle of “decomposition and ensemble”
and the strategy of “divide and conquer.” Experimental
results, with ten major oil exporters as study samples,
demonstrated that DHA with decomposition process was
statistically proved to be much stronger and more robust
than other prediction models. A hybrid ensemble learning
paradigm integrating EEMD and LSSVR was proposed in
Tang et al. [20]. The hybrid ensemble method was helpful to
predict time series with high volatility. Mingming and Jin-
liang [21] proposed a multiwavelet recurrent neural network
model.

Currently, the multiscale combined model is still in its
early development stage, but its application prospect can
be wide. There are still some problems. Firstly, the decom-
posed sequences are relatively numerous and the forecast-
ing workload is large. Many papers did not reconstruct
the subsequences and some papers reconstructed the sub-
sequences subjectively rather than objectively. This paper
puts forward run-length-judgment method to reconstruct
all subsequences based on the feature that it has unified
criterion and can reconstruct objectively. Secondly, the recon-
structed sequences have little economic implications. This
paper explores relevant economic implication which will
help us understand oil price fluctuations. In addition, the
selection of prediction methods will affect the accuracy of
prediction. This paper chooses different prediction methods
to predict different reconstructed sequences according to
their characteristics.
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3. The Establishing and Analysis of
Multiscale Combined Model

3.1. The Basic Idea of Multiscale Combined Model. Generally
speaking, the fluctuations of commodities price sequences
have showed features of nonlinear, nonstationary, and mul-
tiscale. Multiscale refers to multiple frequencies. These fea-
tures bring difficulties to the forecast of oil price. Some
general prediction methods failed to grasp the complex
characteristics and the laws of the data fluctuation therefore
the prediction accuracy was reduced. In order to excavate
the rules behind the commodity prices fluctuations, it is
a good idea to decompose the original data sequence and
analyze the features of each decomposed sequence. Among
many decomposition methods, the multiscale method can
mine inherent laws and essential features hidden in the
data fluctuations of different scales and can determine the
effect size of influencing factors. It also has advantages such
as simple and low computation complexity. Therefore, the
multiscalemethod is used in this paper to decompose the data
sequences. It is efficient to analyze the influencing factors of
price sequences and to better predict the trend of price series.

The basic idea ofmultiscale combinedmodel is as follows:
firstly to decompose the sequence in different scales with
multiscale decomposition method; secondly to reconstruct
the subsequences; then to predict reconstructed sequences
with different predictionmethods; and finally to integrate the
predictions and obtain the final prediction value.

The process is shown in Figure 1.

3.2. The Process of Multiscale Combined Model. In detail, the
basic process of model building is as follows.

Firstly, EMD is applied to decompose commodity price
sequence. EMD is superior to wavelet analysis and Fourier
decomposition method, in that it is direct and self-adaptive.
EMD has better time resolution and frequency resolution,
highlighting the local characteristics of data and enhancing
the fluctuation rules of subsequence. It is also helpful in
grasping the characteristic information of the original data in
further analysis. With EMD decomposition, the original data
sequence will be decomposed to 𝑛 IMF components whose
frequency is from high to low and one residual component.

Secondly, a new method, that is, run-length-judgment
method, is proposed in this paper to reconstruct these sub-
sequences. Generally, price sequence can be reconstructed
into high frequency, medium frequency, low frequency, and
trend part by run-length-judgment method. But some com-
modity price sequences may only be reconstructed into high
frequency, low frequency, and trend part. Here we consider
the general case.

Thirdly, ANN, SVM, and time series methods are used
to predict the four parts. The machine learning methods
such as ANN and SVM have advantages for high vibration
frequency sequences. They have good learning ability and
capture the nonlinear features of the data. The time series
method such as ARIMA is a linear model and suitable for
trend part forecasting.

Finally, SVM is selected to integrate.

The concrete steps of establishing multiscale model are as
follows.

(1) The First Step: Multiscale Decomposition by EMD. Assume
the original price series are 𝑦(𝑡) (𝑡 = 1, 2, . . . , 𝑁), and it can
be decomposed into several IMFs by EMD; these IMFs are
obtained by “sieving.”

(a) Find out all maxima of 𝑦(𝑡) and use cubic spline
function to interpolate them into the upper envelope of the
original data. Find out all minima of 𝑦(𝑡) and interpolate
them into the lower envelope of the original data with cubic
spline function. The mean of upper and lower envelope of
original data is the average envelope 𝑚

1
(𝑡). Subtracting the

average envelope from the original data 𝑦(𝑡)will obtain a new
data sequence ℎ

1
(𝑡):

𝑦 (𝑡) − 𝑚
1
(𝑡) = ℎ

1
(𝑡) . (1)

If ℎ
1
(𝑡) is an IMF, it will be the first subsequence. IMF

must satisfy two conditions. Firstly, the number of its extreme
points must be the same as or a different one at most with
the number of zero crossing points. Secondly, the upper and
lower envelope must be locally symmetric about the axis.

(b) If ℎ
1
(𝑡) is not an IMF, put ℎ

1
(𝑡) into the original data

then repeat process (a) 𝑘 times until the average envelope
value tends to be 0. Then the first IMF component 𝐶

1
(𝑡) is

obtained which represents the high frequency sequence.
(c) Subtracting the first IMF 𝐶

1
(𝑡) from the original data

𝑦(𝑡) will obtain a new sequence 𝑅
1
(𝑡). Put 𝑅

1
(𝑡) into the

original data and repeat the processes (a) and (b), we will get
the second IMF component 𝐶

2
(𝑡). Repeat down until the last

𝑅
𝑛
(𝑡) is amonotonic function. Finally, the original data can be

expressed by n IMF components and a residual component.
Consider

𝑦 (𝑡) =

𝑛

∑

𝑗=1

𝐶
𝑗
(𝑡) + 𝑅

𝑛
(𝑡) . (2)

In (2), 𝑅
𝑛
(𝑡) represents the trend of the original price

series; 𝑦(𝑡) and𝐶
𝑗
(𝑡) (𝑗 = 1, . . . , 𝑛) represent frequency com-

ponents from high frequency to low frequency, respectively.

(2) The Second Step: Reconstruction by Run-Lengt-Judgment
Method. According to EMD decomposition theory, 𝑅

𝑛
(𝑡)

represents the trend of signal, so we classify it as the trend
term at first. Then, how to reconstruct these IMF sequences?
This paper proposed a new idea as follows.

For 𝑛 IMF sequences 𝐶
1
(𝑡), 𝐶
2
(𝑡), . . . , 𝐶

𝑛
(𝑡), use run-

length-judgment method to calculate the run number of
each IMF component. Assume that the mean of {𝐶

𝑖
(𝑡)} is

𝐶
𝑖
; if the observed data is smaller than 𝐶

𝑖
, we mark “−”;

if the observed data is greater than 𝐶
𝑖
, we mark “+.” Then

we obtain a symbol sequence. Among the symbol sequence,
each continuous identical symbol sequence is a run; thus, we
can calculate the run number of each IMF. The run number
reflects the volatility of data sequence.The larger the number
is, the higher the volatility is. It is obvious that the run number
of any IMF component will not exceed 𝑁, the total number
of sample data.
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Figure 1: The process of establishing multiscale combined model.

After that, since the maximum possible run number is
equal to the total number of samples, we divided the run-
length number [1, 2, . . . , 𝑁 − 1,𝑁] equally into n intervals.
Then, the IMFs whose run-length number falls in the same
interval will be reconstructed into one item. Those falling in
the interval of larger run number are high frequency items,
followed by medium frequency items and low frequency
items. Thus, we can use run-length-judgment method to
reconstruct IMFs into high frequency 𝑦

1
(𝑡), medium fre-

quency 𝑦
2
(𝑡), and low frequency 𝑦

3
(𝑡). The residual compo-

nent 𝑅
𝑛
(𝑡) is the long trend item 𝑦

4
(𝑡).

It can be seen that with the run-length-judgmentmethod,
the run interval number is determined by the number of
IMF components and the interval length is determined by
the number of samples and the number of IMF components.
Therefore, the reconstruction method is completely depen-
dent on characteristics of data fluctuation and data length and
it is objective.

(3) The Third Step: Prediction of Different Subsequences with
Different Methods. According to different scale features of
reconstructed items, differentmethods are selected to predict.

(a) It can be learned from previous literatures [9, 10, 18]
and our research work, Elman neural network is a suitable
forecasting approach for high frequency data. So here Elman
method is selected to predict high frequency sequences 𝑦

1
(𝑡)

and its predicted value is assumed as 𝑦
1
(𝑡).

(b) SVM is selected to predict medium frequency 𝑦
2
(𝑡)

and low frequency 𝑦
3
(𝑡). SVMmodel maps the input variable

𝑦(𝑡) to the high feature space through a nonlinear mapping
0, then runs linear regression in the feature space, and
constructs the optimal learning machine. According to the
principle of minimizing structural risk, the Duality theory

and Saddle Point condition, we will obtain the following
output variables:

𝑦 (𝑡) =

𝑛

∑

𝑡=1

(𝛼
∗

𝑖
− 𝛼
𝑖
) 𝑘 (𝑦 (𝑡)) + 𝑏. (3)

Therefore, we will get the predicted values of medium
frequency 𝑦

2
(𝑡) and low frequency 𝑦

3
(𝑡), which we assumed

as 𝑦
2
(𝑡) and 𝑦

3
(𝑡).

(c) ARIMA is selected to predict trend item 𝑦
4
(𝑡).

We firstly determine the order of the model and estimate
the unknown parameters. Then we establish ARIMA (𝑝, 𝑞)

model 𝑦(𝑡) = 𝑐 + 𝜑
1
𝑦(𝑡 − 1) + 𝜑

2
𝑦(𝑡 − 2) + ⋅ ⋅ ⋅ +𝜑

𝑝
𝑦(𝑡 − 𝑝) +

𝜀(𝑡) + 𝜃
1
𝜀(𝑡 − 1) + ⋅ ⋅ ⋅ + 𝜃

𝑝
𝜀(𝑡 − 𝑝). Finally we will obtain the

predicted value of trend item 𝑦
4
(𝑡), which is assumed as𝑦

4
(𝑡).

(4) The Fourth Step: Integration of Prediction Results of
All Subsequences with SVM Model. The method of SVM
integration is to set all predicted results as input and actual
price as output. After learning certain amount of samples, it
will build a mapping function between component predicted
results and actual price. For a trainedmodel, when the inputs
are predicted results of four components, the output is the
final predicted value 𝑦(𝑡).

We can get the final predictive value 𝑦(𝑡) by integrating
the predicted values of the four components with SVM. The
equation of this multiscale combined model is

𝑦 (𝑡) = svm (𝑦
1
(𝑡) , 𝑦
2
(𝑡) , 𝑦
3
(𝑡) , 𝑦
4
(𝑡)) . (4)
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Table 1: The run number of each IMF.

IMF IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7
Run number 186 77 32 13 8 5 3

Table 2: The cycle and variance contribution rate of each sequence.

High frequency Medium frequency Low frequency Trend
Cycle 1.6 4 13 312
Variance contribution rate (%) 0.4 1.8 14.5 82.2

4. International Oil Price Forecasting

In this paper, we use the abovemultiscale combinedmodel to
analyze the characteristics of oil price fluctuation and forecast
the oil price trend.

4.1. Data Selection and Evaluation Criteria. This paper selects
monthly spot price of the USWest Texas international (WTI)
crude oil from January 1986 to November 2013, 335 data in
total. The unit of price is US dollar/barrel. Data from January
1986 to December 2011 are used as the training set, and
data from January 2012 to November 2013 are used as test
set. All oil price data are from the US Energy Information
Administration (http://www.eia.doe.gov).

NMSE and MAPE are used to measure the prediction
accuracy and DS are used to measure the trend prediction
ability.These three evaluation index are calculated as follows:

NMSE = 1

𝑛𝛿
2

𝑛

∑

𝑡=1

(𝑦 (𝑡) − 𝑦 (𝑡))
2

,

𝛿
2
=

1

𝑛 − 1

𝑛

∑

𝑡=1

(𝑦 (𝑡) − 𝑦 (𝑡))

2

MAPE = 1

𝑛

𝑛

∑

𝑡=1










𝑦 (𝑡) − 𝑦 (𝑡)

𝑦 (𝑡)










DS = 1

𝑛

𝑛

∑

𝑖=1

𝑑
𝑖
,

𝑑
𝑖
= {

1, (𝑦 (𝑡) − 𝑦 (𝑡 − 1)) (𝑦 (𝑡) − 𝑦 (𝑡 − 1)) ≥ 0

0, (𝑦 (𝑡) − 𝑦 (𝑡 − 1)) (𝑦 (𝑡) − 𝑦 (𝑡 − 1)) ≤ 0.

(5)

The smaller NMSE and MAPE are, the larger DS is, and
the prediction method is better. MATLAB and EVIEWS are
used in this paper to process the data. The core part of
SVM modeling was finished based on LIBSVM designed by
Lin. EMD and Elman were developed in MATLAB. ARIMA
modeling was done in EVIEWS.

4.2. Oil Price Sequence Decomposition and Reconstruction. In
this part of the training set data, 312 in total, from January
1986 to December 2011 are decomposed and reconstructed.

Firstly, EMD is applied to decompose WTI oil spot price
series into seven IMF components and a residual component.
The result is shown in Figure 2.

According to the EMD theory, we firstly classify 𝑅 as the
trend component. Then we calculate the run number of the
seven IMF components. The result is shown in Table 1.

The run-length-judgment method is used to reconstruct
the seven IMF components. Firstly, we divide the run-length
number [1, 2, . . . , 311, 312] into 7 equal intervals, that is,
[1, 44], [45, 88], [89, 132], [133, 176], [177, 220], [221, 264],
and [264, 312]. It is obvious that IMF1 falls in the fifth
interval [177, 220], IMF2 falls in [45, 88], and IMF3, IMF4,
IMF5, IMF6, and IMF7 fall in [1, 44]. Therefore, according to
the run-length-judgment method, IMF1 is classified as high
frequency item, IMF2 as medium frequency, and IMF3 to
IMF7 as low frequency after summation. The WTI oil prices
and the four reconstructed sequences are shown in Figure 3.

4.3. Fluctuation Features of Reconstructed Sequences. To
observe the fluctuation features of the four sequences, the
cycle and variance contribution rate are calculated. The cycle
is determined by the data number of each sequence divided
by the number of extreme point. The variance contribution
rate is the ratio of the variance of each sequence divided by the
overall variance of the original data; that is,𝐴

𝑖
= 𝜉
𝑖
/𝜉, 𝜉
𝑖
is the

variance of the 𝑖 sequence and 𝜉 is the variance of the original
oil prices series. Statistical results are shown in Table 2.

It is shown from the table that the four reconstructed
sequences have different features.

For trend component, its variance contribution rate
reaches 82.2% and its cycle is 312. Trend component is
the most important component of oil price and plays a
decisive role for long-term fluctuation. The rising trend
component is synchronous with the world economy growth,
which indicates that the long-term trend of oil price is
fundamentally determined by world economy. Although oil
price may fluctuate heavily by the influence of some major
events such as wars, it will return to trend price in the long
run. In a word, trend component represents the long-term
trend of oil price without the influence of other factors.

For low frequency component, its variance contribution
rate reaches 14.5% and its cycle is 13 months. It is shown
in Figure 3 that the shape of the low frequency sequence is
consistent with oil price sequence. Specially, every volatility
point is correspondent with major event influencing the oil
price. For example, oil price rise from 1990 to 1991 (at 58
point in Figure 3) resulted from the Gulf War. High volatility
in 2008 (at 270 point in Figure 3) was caused by the US
subprime crisis.These illustrate that low frequency sequences
reflect oil price volatility affected by major events. Therefore



6 Mathematical Problems in Engineering

Table 3: Oil price forecasting in short-term: one year forecasting (Jan. 2012 to Dec. 2012).

Multiscale combined model ARIMA Elman SVM GARCH ARIMA-SVM EMD-SVM-SVM
NMSE 0.5594 1.7079 0.8756 2.1201 2.0306 1.733 0.7999
MAPE 0.0506 0.0927 0.0728 0.1017 0.0999 0.0963 0.0579
DS (%) 75 66.67 66.67 66.67 66.67 50 75

Table 4: Oil price forecasting in long-term: 23 months forecasting (Jan. 2012 to Nov. 2013).

Multiscale combined model ARIMA Elman SVM GARCH ARIMA-SVM EMD-SVM-SVM
NMSE 1.0925 1.844 1.3895 1.6791 2.2636 2.1074 1.1434
MAPE 0.0548 0.0844 0.0697 0.0787 0.0946 0.0938 0.0653
DS (%) 65.22 60.9 65.22 65.22 60.87 52.17 58.33

it is believed that low frequency component represents the
significant impact of major events. It is important to separate
low frequency to predict oil price.

For medium frequency, its variance contribution rate is
1.8% and its cycle is about 4 months. In Figure 3, medium
frequency sequence shapes as sine wave or cosine wave and
its cycle is about one season. In general, economic time series
is vulnerable to seasonal factors. It is believed that medium
frequency mainly reflects seasonal factors.

For high frequency component, its variance contribution
rate is 0.4% and its cycle is 1-2 months. Although high fre-
quency component has little effect on oil price, its cumulative
effect is not neglectable. With the financialization of interna-
tional crude oil market, the impact of speculation on short-
term fluctuation is on the rise. High frequency component
is highly volatile and its regularity is not obvious. This paper
argues that high frequency term represents the impact of
psychological factors, speculation, and other irregular factors
on oil price.

4.4. Oil Price Forecasting and Comparative Analysis. We
select oil price data from January 1986 to December 2011 as
a training set to train the multiscale combined model.

ANN is used to predict high frequency component, SVM
to predict medium frequency and low frequency component,
and ARIMA to predict trend component.The prediction and
integration methods are as follows.

(1) Predict high frequency component 𝑦
1
(𝑡) with Elman

Neural Network. Input layer node is 3, output layer
node is 1, and hidden layer node is 10.

(2) Predict medium frequency component with SVM.
Use cross-validation method to find the optimal
parameters: 𝑐 = 6, 𝛾 = 0.5, and 𝜀 = 0.05.

(3) Predict low frequency component with SVM. Use
cross-validation method to find the optimal param-
eters: 𝑐 = 3, 𝛾 = 5, and 𝜀 = 0.05.

(4) Predict trend component with ARIMA model. After
repeating attempts we chose ARIMA (5, 1, 3).

(5) Integrate the prediction results of the four compo-
nents with SVM. Use cross-validation method to find
the optimal parameters: 𝑐 = 4, 𝛾 = 2, and 𝜀 = 0.05.

To further prove the validity of the proposed multi-
scale combined model, we select oil price data from Jan-
uary 2012 to December 2013 as a test set. Then we make
comparative analysis with single models including ARIMA,
Elman, SVM, and GARCH, as well as combined models
including ARIMA-SVM model, EMD-SVM-SVM method
which is a decomposition ensemble model without “run-
length-judgment method” (i.e., using a uniform tool of SVM
to forecast all of IMFs) and the EMD-SVM-SVM method
advocated in the literatures [16, 17].

The short-term and long-term forecasting effects are
shown in Tables 3 and 4.

It can be seen from Tables 3 and 4 that the multiscale
combined model improves the prediction accuracy and
direction accuracy of oil prices forecasting. No matter in
short-term or in long-term, according to the three evaluation
indicators including NMSE, MAPE, and DS, the multiscale
combined model established in this paper performs better
than the single models such as ARIMA, Elman, SVM, and
GARCH, as well as the combined model such as ARIMA-
SVM model and EMD-SVM-SVM method. For examples,
in short-term forecasting, the most precise model among
previous models is the EMD-SVM-SVM method. Its NMSE
and MAPE are 0.7999 and 5.79%, respectively, and the DS
is 75%. However, for the multiscale combined model, NMSE
and MAPE are 0.5594 and 5.06%, respectively, and the DS is
75%. It is even better than EMD-SVM-SVMmethod. In long-
term forecasting, the NMSE and MAPE of the multiscale
combined model are smaller than those of other methods,
meanwhile the DS of the multiscale combined model is not
smaller than that of any other methods.

Overall, the multiscale combined model is a good fore-
casting method and suitable to forecast international oil
prices.

4.5. A Description of the Model Application. Comparing with
other existing prediction model including single model and
combinedmodel, themultiscale combinedmodel established
in this paper has several characteristics as follows.
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Figure 2: EMD decomposition of WTI oil spot price.

(1) According to the different scale characteristics of data,
the model decomposes the data into seven subse-
quences and a trend component. These subsequences
are independent with each other. So, this model can
grasp the data’s features from different scales and
reveal the underlying rules.

(2) Instead of analyzing the components sequences
obtained by EMD decomposition, this paper applies

the run-length-judgment method to reconstruct the
components sequences. The reconstruction has three
advantages. Firstly, the main feature of data fluctua-
tion is revealed and the movement pattern of recon-
structed sequences is found out. Secondly, the run-
length-judgment method is only dependent on the
data fluctuation features and the data length, so the
reconstruction of component sequences is objective.
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Figure 3: The fluctuation graph of oil prices and the four recon-
structed sequences.

Thirdly, it is easy to find out influencing factors
according to the fluctuation features of reconstructed
sequences and give economic explanations. If there
are too many sequences, it is impossible to analyze
and explain.

(3) This model applies ANN, SVM, and time series
method to predict the four reconstructed sequences,
respectively, which take the advantages of each pre-
diction method. It is different from other existing
combined forecasting model such as the literatures
[16–18], which use the same method to predict the
reconstructed sequences.

(4) Comparing with the simple linear integration, this
model prevails for using SVM to integrate and capture
the nonlinear relationship between variables.

Based on the above characteristics, the multiscale com-
bined model established in this paper has obvious advantage
in forecasting the oil price and improves the prediction
accuracy.

When using this model to predict commodity prices,
attention needs to be paid to several aspects. One is that this
model is suitable for the economic time series which have
characteristics of nonlinear, nonstationary, multiscale. But it
is not suitable for the high frequency financial time series (for
example, there is a data in one minute or several seconds).
This model is established through a complex process of
“decomposition-reconstruction-prediction-integration.” It is
necessary to give economic explanation to reconstructed
sequence. However, for the high frequency financial time
series data, it is hard to give the economic meaning to the
reconstruction sequences.The second point is that the sample
data need to be above certain length, which is required by
the multiple methods. For the small sample (no more than
30 data), this model is not appropriate.

5. Conclusions

Forecasting of oil price is a challenging problem. This paper
establishes a new multiscale combined model to analyze
oil price fluctuations and predict its trend. EMD is used
to decompose nonstationary oil price sequence into sev-
eral IMFs and a residual component. For the IMFs, we
propose a new run-length-judgment method to reconstruct
them. Empirical test shows that oil price sequences can
be reconstructed into high frequency sequence, medium
frequency sequence, low frequency sequence, and trend
sequence. By analyzing the fluctuation features of these four
components and referring to existing researches, we point out
that high, medium, and low frequency and trend sequences,
respectively, reflect the irregular factors, seasonal factors,
major events, and the world economy’s impact on oil price.
ThenElman neural networkmethod, support vectormachine
(SVM), and time series method are applied to forecast the
four components. Finally SVM is used to integrate the four
predicted results and obtained the final prediction value.
Empirical analysis shows that both in short-term and long-
term forecasting, the multiscale combined model is better
than single models including ARIMA, Elman, and SVM, as
well as combinedmodels including ARIMA-SVMmodel and
EMD-SVM-SVMmethod.

This multiscale combined model not only enhances the
prediction accuracy, but also confers certain economic impli-
cations to reconstructed sequences. The proposed multiscale
combined model is a combination of “data-driven modeling”
and “theory-driven modeling” and is suitable for commodity
price volatility analysis and prediction.
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