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Article history: Forecasting crude oil spot prices (COSP) are important as it affects other key sectors of
Received 15 September 2014 the economy including the stock market. This makes it crucial to develop reliable
Accepted 5 October 2014 models that would assist adequately in forecasting the fluctuation of international crude
Available online 25 October 2014 oil price. This is aimed at facilitating the parties involved in taking appropriate action to
avoid associated risk. In a current study, a new hybrid method based on empirical mode
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Empirical mode decomposition; (ELM) is presented. The crude oil price is adaptively decomposed into a series of
forecasting; extreme learning smooth intrinsic mode function (IMF) with different scales via EMD. Each extracted
machine; crude oil price and support IMF was forecasted with different SVM, the final results were obtained by adding
vector machines. together these forecasted results of each IMF. A hybrid method based on an extreme

learning machine with adaptive metrics of input is proposed for improving the forecast
accuracy of the prediction of all combined IMF. The EMD-SVM-ADD model applies
the SVM to predict IMF extracted by EMD and integrates the predicted results, using a
simple averaging method. To develop the model, we start by decomposing of the WTI
by the EMD extraction process after this for each of the IMF obtained a unique EMD-
SVM model is developed which we call IMF-SVM models. The desired EMD-SVM-
ADD model is achieved by summing up the predictions from the IMF-SVM. This
summing up is where the model derived its name from EMD-SVM because it is simply
the additions of the predictions from the smaller IMF-SVM models. To evaluate the
efficiency of the model, the study adapts the West Texas International (WTI) crude oil
spot price. The results revealed that the new proposed model (EMD-SVM-ELM)
performed better when compared with single SVM and EMD-SVM-ADD models
judging by their RMSE and MAE. We concluded, based on the results obtained
especially with the MAPE is less than 5% that the model is equally suitable for crude
oil spot price forecasting.
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INTRODUCTION

Forecasting crude oil spot price (COSP) is among the most significant issues facing energy economists in
recent time. Beside that limited the success is realized in arriving at a suitable model to capture the dynamics of
crude oil. The events that occur in the oil market over the years have reignited the question if the changes in
crude oil price can be predicted, or if it is merely a random walk. This is because of the price increase of crude
oil impacts greatly on the price of petrol which has its attendant effect on goods and services produced in the
country and by extension the gross domestic product (GDP).

The crude oil price and its forecasting important because it significantly affect the economy and stock
markets of the country. A number of researchers worked on crude oil forecasting using Box-Jenkins
methodology (Liu, 1991; Chinn et al., 2005; Agnolucci, 2009).

In this study, we use the new emerging data decomposition technique proposed by Huang (1998) known as
an Empirical Mode Decomposition (EMD) to decompose the popular Brent and WTI crude oil price data into
their respective intrinsic mode function (IMF) before combining with appropriate conventional and non-
conventional time series models. This is done because of the belief that it will lead to improve the forecast
accuracy of the models presented which is the overall goal of any forecast model.

EMD, Fourier and Wavelet transform are tools used for decomposing signals, but EMD is quite different
from the other two. With Fourier and Wavelet transforms, there is the need to select basis signal components
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and also it is needful to also compute the parameters for each of these signals. The aggregates of these signals
will compose the original signal. With EMD there is no need to make a priori assumption about the composition
of the signal. This EMD does by spline interpolation between the maxima and minima to be able to obtain the
intrinsic mode function (IMF) (Labate et al., 2013). Since EMD is known to make assumptions about signals,
the result is likely to be more meaningful than those of Fourier and wavelet transforms. The IMF, which is
products of EMD change over time, and since EMD makes no assumption about the stationary of the signal, this
property makes them better suited for nonlinearity and nonstationarity than either of the other two-Fourier and
Wavelet.

Lin et al. (2012) suggest a hybrid method that combines EMD and LSSVM for predicting foreign exchange
rates. Experiment results revealed show that the proposed EMD-LSSVM model performs better than EMD-
ARIMA, LSSVM and ARIMA models when the time series is not decomposed.

Li et al. (2012) used a hybrid EMD and LSSVM technique to predict country risk of oil exporters. In the
paper, EMD was employed in the decomposition of the data into a number of IMF which were then predicted by
LSSVM. The authors concluded that the presented model was statistical very robust than other models based on
the outcome from data of 10 countries.

Okolobah and Ismail (2013c) presented a combined model for peak load demand forecasting for Nigeria
using EMD and ANFIS. In the paper EMD extraction process was used to decompose the series into a number
of IMF. Each of the IMF were forecasted using ANFIS and they called this IMF-ANFIS models. The targeted
model was achieved by aggregating the outcomes of the IMF-ANFIS models. The results reveal that the EMD-
ANFIS model outperforms stand-alone ANFIS model judging by the MAPE of both models.

Liu et al. (2013) proposed an innovative model that combines both EMD and RBFNN. GPS PWV time
series is decomposing to several signals called intrinsic mode function, the phase-space reconstruction is done,
and each of the components is then predicted by RBF. The final prediction value is reconstructed. The result
shows that predictive value is close to the actual precipitation, which can better reflect the actual precipitation
change.

Xiong et al. (2014) suggested the incorporation of end condition models into EMD for decomposing and
assembling model frameworks for a- step as well as multi-step ahead forecast model for time series type. Four
well developed end condition, mirror, Coughlin’s, Slope-based and Ratio’s methods in which SVM is utilized
for modeling purposes. The outcome of the experiment showed that remarkable improvements are achievable
from the proposed technique when end-conditions are incorporated into them.

Extreme learning Machine (ELM) is a neural network training technology, that adopts the least square
solution approach. It was introduced by Huang and his team (Huang, 2004). ELM is a single hidden layer
feedforward network (SLFNs) architecture. ELM depends on some properties of the network such as; if the
weights and biases in the input layer are randomly adjusted and the transfer functions are infinitely
differentiable, then for any given training set it is possible to optimally determine its output. ELM has two
advantages and they are: it overcomes the drawbacks resulting from gradient descent and it also overcomes the
generalization performance of SVM faster with less interference. Below are reviews conducted into previous
researches on ELM. The advantages of ELM over traditional algorithms are as follows:

Huang et al. (2006) proposed ELM as a learning algorithm based on single layer feedforward networks. In
the paper, the network parameters were generated randomly as this makes tuning of the network not to be
necessary. The work compared the performance of ELM, SVM and back propagation neural network and
concluded that ELM is the best of the three techniques.

Frenay and Verleysen (2010) incorporated ELM algorithm into SVM and called the kernel function ELM
kernel. The aim of doing this, the authors say is to eliminate tuning of the network parameters as the parameters
used for the configuration of the network were randomly generated just as in ELM.

Huang et al. (2012) proposed a unified ELM algorithm for both classification and regression. In the paper,
random feature mapping and kernels are used to handle an optimization based ELM. This is after it has
presented ELM as an optimization problem having equality constraints. The authors equally said that single
optimization can handle regression and classification.

Zhang et al. (2013) applied ELM, which depends on rough set theory. The rough set theory undergoes
attribute reduction, then applying ELM for training as well as for forecasting the new datasets. The proposed
algorithm was found to have better prediction accuracy with an improvement in efficiency.

Yan et al. (2013) combined empirical mode decomposition (EMD) and extreme learning machine (ELM)
recommends the price of international uranium resources. The IMF is based on the rules of fine to coarse
reconstruction, depend on the phase space reconstruction combined into three sub-series. Different ELM models
are utilized for modeling and forecast of the three sub-series based on the intrinsic characteristic time scales. It is
known that the hybrid prediction method is superior because of the data from the real price of uranium resources
show this.

Okolobah and Ismail (2013a) proposed a combine model involving EMD and ARIMA in electricity peak
load forecasting using Malaysian load data. Based on MAPE of the combine model and that of ARIMA model
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concluded that the combine model outperforms the single model and further says that combine model increases
the prediction ability of single models. In electricity load forecasting.

ANN using in crude oil forecast, Shambora and Rossiter (2007) and Yu et al. (2007a) also used the ANN
model to predict crude oil price. Many experiments found that the artificial intelligent (Al), Al-based models
often had some advantages over statistical-based models. However, these Al models also have their own
shortcomings and disadvantages. For example, ANN often suffers from local minima and over fitting.

Support Vector Machine (SVM) a neural network based algorithm, that has made a remarkable mark in the
subject area of forecasting. The SVM has the special property of not allowing for over-fit of models. It is also
very stable and effective for application in nonlinear modelling. In addition, SVM is good in optimization of
curve fitting problems which often leads to the general explanation in many instances that it does not adhere to
explanations that involves exclusions. SVM as compared to other neural networks yield improved performance
and as such SVM has been increasingly applied in the field of economic time series (Tay and Cao, 2001; 2002;
Kim, 2003; Huang et al., 2005). Futhermore, in comparison to traditional neural network models, SVM requires
the data set for modelling should be consistent.

Derived from this standard, SVMs will ultimately produce better simplification performances in
comparison with other neural networks. Due to such benefits, SVM method has been used in the area of
economic time series forecasting (Tay and Cao, 2001; 2002; Kim, 2003; Huang et al., 2005).

Qiuge et al. (2008) proposed an algorithm called extreme support vector machine (ESVM) classifier. Itis a
learning algorithm that has random input weights with its feature space; obtain by single hidden layer
feedforward network (SLFN). Its obvious advantages are that it has a generalization performance that is better
than ELM and is faster than the conventional SVM model.

Zakaria (2012) compared the predictive abilities of multiple linear regression (MLR) and support vector
machine (SVM) in food forecasting. In the study two measures were used to evaluate the performance of both
models namely MAE and RMSE. The study conducts that SVM performs better than MLR in food forecasting.

Xiao-Lin and Hai-Wei (2012) used three fundamental kernel functions of SVM to develop a prediction
model for crude oil price, adopting the particle swarm algorithm for optimizing the model parameters. The result
revealed that the prediction models whose parameters have been optimized by a genetic algorithm give a very
promising outcome.

The current study proposed new methods for crude oil forecasting based on EMD, SVM and ELM. Crude
oil series are decomposed into different components, which display the different frequency characteristics of the
prices. Due to the different kernel functions and hyper-parameters, SVM is constructed to forecast each
component according to its characteristics independently volatility of crude oil prices take account in
forecasting. The final forecasting result can be obtained by adding up all of the forecasting values of each crude
oil component. In concrete terms, the original crude oil spot price series, with characteristics of nonlinearity and
nonstationarity, were first decomposed into a finite and often small number of intrinsic mode functions (IMF).
After these simple IMF components are adaptively extracted by EMD. The rest of this paper is organized as
follows: Section 2 Materials and Methods, Section 3 Results. For illustration and verification purposes, West
Texas Intermediate (WTI) crude oil spot price is used to test the effectiveness of the proposed methodology, and
Discussion in Section 4. Finally, some Conclusion is drawn in Section 5

MATERIALS AND METHODS

Support vector machines:

The Support Vector Machines (SVM) proposed by Vapnik (1995). According to the structured risk
minimization (SRM) principle, SVM looks at reducing an upper bound of generalization error rather than an
empirical error as in other neural networks. Furthermore, the SVMs models, create the reverse function by
concerning a set of high dimensional linear functions. The SVM regression function is formulated as follows:

Y(X) = W¢(X) +b (1)
where ¢(X) is named the feature, which is nonlinear planed from the input space x. The coefficients w and b
are evaluated by minimizing:
1N 1y 42
R()=C—=XL.(di,yi)+=|w",
Nia 2 @)
ld-y|-¢ |d-y|z¢
0 others.

Lg(di’yi):{
3

where both C and ¢ are prescribed parameters. The first term L. (d;, y;) is named the ¢— intensive loss
function. The d; is the actual stock price during the ith period. This function shows that errors below & are not
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. 1N .. .
penalized. Also the term Cﬁ > L. (dj,yj)measures the empirical error. The next term, %||w||2 is the flatness
i=1

of the function. C assesses the trade-off between the flatness of the model and the empirical risk. & and ¢ ™ were

introduced as the positve slack variables, which signify the distance from the actual values to the corresponding
boundary values of & - tube. Equation (2) is converted to the following constrained formation:
Minimize:

R(W,&,&") =%wa LCTEN, &+ E))

(4)
Subjected to:
we(x;)+b —di <e+ &,
di_W¢(Xi)_bi 55+§i*7 (5)
where & ,& >0,i=12,...,N. ©)
Finally, introducing Lagrange multipliers and maximizing the dual function of Equation (4) we have:
. N N N .
R(O!i —Qj )I .Zldi (O!i —Qj )—E.ZEL(CZi —Qaj )
1= 1=
N N
-2 X(ai—ap)
i=1j=1
x(aj —aj)K(X,X]) .
With the constraints
>N (@i —ai) =0 ®
0<¢; <C, ©)
0<a <C, (10)
i=12,...,N.
In Equation (7), @; and «; are called Lagrange multipliers. They satisfy the equalities,
lo *ai* =0,
f(x e )i (i — o JK(X,X}) +b, 1)

Here, k(X, ;) is named the kernel function. The amount of the kernel is equivalent to the inner product of
two vectors X; and X; in the feature space ¢(x;) and ¢(x;) , such that k(x,X;) =¢(X;)* #(x;) . Any function

that fulfilling Mercer’s condition Vapnik (1995) can be applied as the kernel function. The Gaussian kernel
function

2
k(Xi,Xj) = exp(—”xi - xj" /252)
Is specific in this study. The SVMs were used to evaluate the nonlinear behavior of the predicting data set

because Gaussian kernels aim to present good performance under common efficiency assumptions Scholkopf
(1997). Parameter C and y for SVM are estimates using cross-validation technique. Cross-validation is a

technique that can be used to estimate the quality of a neural network. When applied to several neural networks
with different free parameter values (such as the number of hidden nodes, SVM, and so on), the results of cross-
validation can be used to select the best set of parameter values. While there are several types of cross-
validation. The best way to get a feel for how k-fold cross-validation can be used with neural networks.

Empirical Mode Decomposition (EMD):

The empirical mode decomposition (EMD) technique, first proposed by Huang (1998), is a form of
adaptive time series decomposition technique using the Hilbert-Huang transform (HHT) for nonlinear and
nonstationary time series data. The basic principle of EMD is to decompose a time series into a sum of
oscillatory functions, namely, intrinsic mode functions (IMFs). In the EMD, the IMFs must satisfy the
following two prerequisites:

(1) In the whole data series, the number of extrema (sum of maxima and minima) and the number of zero
crossings, must be equal, or differ at most by, one (1).
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(2) The mean value of the envelopes defined by local maxima and minima must be zero at all points.

With these two requirements, some meaningful IMFs can be well defined. Otherwise, if one blindly applies the
technique to any data series, the EMD may result in a few meaningless harmonics Huang (1999). Usually, an
IMF represents a simple oscillatory mode, compared with the simple harmonic function.

Using the definition, any data series X(t) (t =12,...,n) can be decomposed, according to the following sifting
procedure.

1) Identify all the local extrema, including local maxima and local minima, with X(t)

2) Connect all local extrema by a cubic spline line to generate its upper and lower envelopes x,,(t) and
Xow(t)-

3) Compute the point-by-point envelope mean m(t) from wupper and lower envelopes, i.e.
m(t) = (Xyp(t) + Xlow(t)/z)-

4) Extract the details, c(t) = x(t) —m(t).

5) Check the properties of c(t):

(i) If c(t) meets the above two requirements, an IMF is derived and X(t) replaced with the residual

r(t) = x(t) —c(t);
(i) If c(t) is not an IMF, replace X(t) with c(t)

The EMD extracts the next IMF by applying the above sifting procedure to the residual term
1, (t) = x(t) —c4(t) where c;(t) denotes the first IMF. The decomposition process can be repeated until the last
residue r,(t) at has at most one local extremum or becomes a monotonic function, from which no more IMFs
can be extracted.

At the end of this sifting procedure, the data series X(t) can be expressed by

x(t)=XT_1cj®) + () (12)

where n is the number of IMFs, r,(t) is the final residue, which is the main trend of, X(t), and
cj(t) (j =12,...,n)are the IMFs, which are nearly orthogonal to each other, and all have nearly zero means.

Thus, one can achieve decomposition of the data series into n-empirical mode functions and one residue. The
IMF components contained in each frequency band are different and they change with variation of time series
x while r,(t) represents the central tendency of data series X(t).

Relative to the traditional Fourier and wavelet decompositions, the EMD technique has several distinct
advantages. First of all, it is relatively easy to understand and implement. Second, the fluctuations within a time
series are automatically and adaptively selected from the time series, and this process is robust for both
nonlinear and nonstationary time series decomposition. Third, it lets the data speak for themselves. EMD can
adaptively decompose a time series into several independent IMF components and one residual component. The
IMFs and the residual component displaying linear and nonlinear behavior depend only on the nature of the time
series being studied. However, in wavelet decomposition, a filter base function must be determined beforehand,
but it is difficult for some unknown series to determine the filter base function. Unlike wavelet decomposition,
EMD is not required to determine a filter base function before decomposition. In terms of the above merits the
EMD can be used as an effective decomposition tool.

Extreme Learning Machine:

The extreme learning machine (ELM) is a flexible computing framework for a broad range of nonlinear
problems Huang (2008). A single hidden-layer feed forward network (SLFN) is the most widely used model for
forecasting modeling Sun (2008). As shown in Fig.1, the model is characterized by a network of three layers of
simple processing units connected by acyclic links. The hidden layers can capture the nonlinear relationship
among variables. Each layer consists of multiple neurons that are connected to neurons in adjacent layers.

Suppose there are N distinct samples (X;,t;) where x; =[t},t?,..t"]" eR" and t; =[t},t2,...t"]" eR™
.The SLFN with & hidden neurouns and an activation function vector g;(x),91(X),....,dx (X) are described as

ZF=1Bi9i(Wi-Xj +bi):Yj,j=1,2,...N, (13)

Where wj; :[wil,wiz,...,win]T is the weight vector conection the ith hidden neuron and the input neurons,
Bi = [ﬂil,ﬁiz,...ﬂim]T is the weight vector conecting the ith hidden neuron and the output hidden neurons, and
b is the threshold of the ith hidden neuron. The operation W;.X; is the inner product of W; and X; .
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The activation function of extreme learning machine is the sigmoid function:
90 () =1/@+e™) (14)
If the SLFNSs can approximate these n samples with a zero error viz. Zi“:l|yi —ti|: 0 Thus there also exist
parameters W, X; and b; such that
k -
Zi:lBigi(Wi'Xj +bi)=Tj,j=l,2,...N, (15)
Thus, above equations can be compactly described as
where H is the hidden-layer output matrix, the ith column of H denotes the ith hidden neuron output with
respect to inputs X, Xo,...,Xy
gr(wp. X +by) - gk (Wi Xg +Dbk)
H= : :
gr(Wp. Xy +by) o gk (Wi Xy +bk) a7
Unlike the traditional function approximation theories which require adjustment of input weights and
hidden layer biases, the input weights and hidden biases are randomly generated. Thus, training an SLFN is
simply equivelant to finding a least sequares solution ﬁ of the linear function HG =T :

|HB =] = min 5|+ =T,

The smallest norm least squares solution of the above linear system is
B=HTT,

(18)

(19)

Where HT is the Moore-Penrose generalized inverse of matrix H. Owing to the Moore-Penrose
generalized inverse, the learning speed are dramatically increased for the network

Input layer Hidden layer  Output layer

Fig. 1: The Structure of the ELM Model.

Assignment
Arbitrary input weight w;
Arbitrary hidden layer Bias b;

-

Calculation H
The hidden layer output matris H

v

Calculation w
The output weight w

w=HTT

.

Fig. 2: The learning process of the ELM Model.
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The EMD-SVM-ELM Model:
In a time series X;, t=1, 2,..., N, one can predict h-steps ahead, i.e. X;,, . When h=1 means prediction of 1

step ahead and h=20 means 20 steps ahead. This depends on the earlier techniques and method presented. We
can achieve the formulation of the EMD-SVM-ELM, as presented in Figure 3 and Figure 4.

The following three steps constitute the prediction paradigm of the EMD-SVM-ELM, as demonstrated in
Figure 3 and Figure 4:

1. The historical time series X, t=1, 2,..., N, is decomposed into an IMF component, Cj ®,j=12,...,n, and a

residue component I, (t) using an EMD extraction process.

2. The SVM model is used in modelling each of the IMFs and the residue component, and which predictions are
made.

3. The residue produced by the SVM, along with the predictions from all the extracted IMF components, is
utilized in creating an aggregated output using an ELM maodel. This is viewed as the outcome of the original
time series. To confirm the effectiveness of the presented EMD-SVM-ELM, testing is carried out in the next
section on crude oil price series. An additional two variants of this hybrid model are used in the prediction of
COSP for the purpose of comparison. These two variants of the hybrid models are the EMD-SVM-ADD, and
EMD-SVM-EIM models.

..l
o |

Outpu

Fig. 3: The flow chart of the proposed EMD- SVM-ADD model.

Stepl =

Step2 =

Stepd

Fig. 4: The flow chart of the proposed EMD- SVM-ELM model.
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Experiments:
Data:

Crude oil prices are the approved and agreeable standard price used globally, which makes them an ideal
for our purposes. In this paper study, we chose to use the West Texas Intermediate (WTI) crude oil spot price
for experimental purposes. The data covers the period January 1, 1986 to September 30, 2006, thereby giving a
total of 5237 observations. The data are updated daily and are available from the Energy Information
Administration (EIA) website. Figure 5 presents these data.

80

70 -
80 -
50 -
40
30 4
20
10

T T T T T
1000 2000 3000 4000 5000

Fig. 5: The time series for WT]I daily crude oil prices.

Evaluation of Performance Forecasts:

There are several ways to evaluate the performances of forecasting models. In this research, the Mean
Absolute Error (MAE), the Root Mean Squared Error (RMSE) and the mean absolute percentage error (MAPE)
will all be used.

Mean Absolute Error (MAE) is given by:

10 2
MAE :_Z‘(Yt - Yt) ‘
Ny
The Root Mean Squared Error (RMSE) is given by:
12
1 2
RMSE =| = 3> (Yt - Vt)
Nix
And the Mean absolute percentage error (MAPE) is obtained as follows:
niyg —
maPE = 1005 Yt ¥t
N Yt
The MAPE is a dimensionless quantity that is not too different from the MAE. It Is expressed as a

percentage and this makes it very helpful in comparing forecast accuracies from different forecast horizons.
Where

Y - is the actual values for period t.

Y, : is the forecast values for period t.
n : is the number of observations.

Results:

The EMD-SVM-ADD model applies the SVM to predict all IMFs, before combining the prediction results
using a simple summation method. Thus, prediction of WTI crude oil prices for comparison purposes can be
executed by all Three models: SVM model, EMD-SVM-ADD hybrid model, and the proposed EMD-SVM—
ELM hybrid model. The prediction experiments are performed as shown in the previous section. Firstly, the two
typical crude oil price series can be decomposed into several independent IMFs and one residue, using the EMD
technique. Secondly, using EMD, we can create graphical representations of the decomposed results for WTI
crude oil prices, as illustrated in Figure 6, that shows the decomposition results in the WTI COSP series.
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Clearly, the WTI crude oil spot price series is decomposed into ten IMFs and one residue, which helps us to
improve the prediction performance.

The Empirical Mode Decomposition (EMD)

M- R e e e

IMF1

IMF2
3

r
X

3
¥

L 4
3

!

4 IMF3

IMF4
:
-

?

IMFG
l%l

S
é

E

M9

i

Residuel  IMF10

Fig. 6: The decomposition of daily WT]I crude oil price.

Table 1 shows the evaluation of prediction results in the WTI crude oil price series via RMSE, MAE and
MAPE. From this, we can see that the forecasting results of the proposed EMD-SVM-ELM models, approaches,
are very promising for all studied crude oil prices. This is applicable when the measurement of forecasting
performance is goodness-of-fit, such as with RMSE and MAE (refer to Table 1), which indicates that the
predicted performance of the proposed EMD-SVM-ELM forecasting model is better than that of other models
listed in this study. Focusing on the RMSE indicator, the EMD-SVM-ELM method performs the best in all
cases, followed by, EMD-SVM-ADD model, and individual SVM model, which could be for two reasons.
Firstly, the ELM model is a class of nonlinear forecasting model, which is able to capture nonlinear patterns
hidden in the crude oil prices. Secondly, the crude oil market is a high-volatile market and the crude oil prices
often show nonlinear and nonstationarity patterns, while the EMD-SVM-ADD model and the single SVM
model are nonlinear models, which are not suitable for predicting crude oil price with irregularity. In addition,
we also find that the EMD-SVM-ADD model perform much better than the single SVM model, which could be
because the EMD decomposition impacts the prediction performance. From Table 1 it can be observed that the
forecast accuracy of the models is very good judging by the results posted by the three measures. This is best
appreciated by the forecast accuracy of the MAPE for the WTI data that yielded values that are all less than 5%
which Lewis (1982) say is highly accurate for forecast models.

Table 1: The RMSE comparisons of different methods.

Methodology WTI
RMSE MAE MPAE
Single SVM 0.868 0.630 0.016
EMD-SVM-ADD 0.796 0.605 0.016
EMD-SVM-ELM 0.477 0.363 0.014

Discussion:

The EMD-SVM-ADD model applies the SVM to predict IMF extracted by EMD and integrates the
predicted results, using a simple averaging method. To develop the model, we start by decomposing of the WTI
data earlier presented in the previous section, by the EMD extraction process. The decomposition obtained is
presented in Figure 6. After this for each of the IMF obtained a unique EMD-SVM model is developed which
we call IMF-SVM models. The desired EMD-SVM-ADD model is achieved by summing up the predictions
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from the IMF-SVM. This summing up is where the model derived its name from EMD-SVM because it is
simply the additions of the predictions from the smaller IMF-SVM models.

In constructing the EMD-SVM-ELM model we rely upon the IMFs which were earlier extracted following
the EMD extraction process presented in the previous section, in which we saw that the WTI data yielded 10
IMFs and a residue. This was employed in developing 11 IMF-SVM models for the WTI data, To achieve the
desired model, each of the results obtained from WTI data and this corresponding original values were passed
through ELM. That is, the results for all 11 IMF-SVM WT]I data as well as the original data for WTI were
passed through the ELM process and the result is the desired output for this model.

In Figure 6 we see the decomposition of the WTI data result after going through the EMD extraction
process. From the Figure it can be observed that the WTI data yielded 10 IMFs and a residue component. The
amplitude of IMF 1 to IMF 8 is very high, while that of IMF 9 and IMF 10 is not as high as the other ones. The
long time trend of the data is presented in the residue component. We concluded by presenting the forecast
accuracy measure of the model using three different measures: RMSE, MAE and MAPE. It was concluded that
the model is very good for forecasting crude oil spot price, especially as the MAPE of the models for WTI of
data were less than 5%.

Conclusion:

In this paper a hybrid technique that combines EMD, SVM and ELM is proposed. In the proposed model,
the EMD extraction process is first used to decompose the series of stable IMF that are each predicted by
separate SVM models. The prediction results from these IMF are combined together to obtain a single SVM
model whose forecast accuracy is strengthened by the ELM model. This model is then used for forecasting
purpose. This is done because the ELM algorithm improves the forecast accuracy of combined SVM models.
The results revealed that the proposed EMD-SVM-ELM outperforms single SVM and EMD-SVM-ADD models
in terms of their forecast accuracy. We concluded, based on the results obtained especially with the MAPE is
less than 5% that the model is equally suitable for COSP forecasting. Based on the results, we conclude that the
ELM algorithm is very good for improving forecast accuracy of SVM models and that the proposed EMD-
SVM-ELM method can be adopted for crude oil spot price forecasting across the globe.
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