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Abstract
In this research, hybrid model of Least Square Support Vector Machine (LSSVM) and Ensemble Empirical Mode
Decomposition (EEMD) are presented to forecast tourism demand in Malaysia. Foremost, the original series of tourism
arrivals data was separated using EEMD technique into residual and Intrinsic Mode Functions (IMFs) components. Next,
both of IMFs and residual components were forecasted using Particle Swarm Optimization (LSSVM–PSO) method. In
the end, the predicted result of IMFs and residual components from LSSVM–PSO method are sum together to produce
the forecasted value for tourism arrivals in Malaysia. Empirical results showed that the presented model in this paper
outperform individual forecasting model. The result indicated that LSSVM–PSO is a promising tool in time series forecasting
by having the presence of non-stationary and non-linearity in the time series data.
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1. Introduction
Over the last few decades ago, one of the most swiftly
rising aspect in global industries is tourism. A reliable
forecasting for tourism demand is needed in service and
tourism industry because it will accommodate information for the government and business sectors to devise a
plan which can improve the tourism industry in the country. However, the tourism data is highly known for the
presence of non-stationary and non-linearity in the data.
Therefore, it may have a poor forecasting performance
using traditional statistical and econometric models.
Artificial Neural Networks (ANN) model is extensively used method for tourism demand forecasting
specifically to overcome the limitations of the linear models to forecast where nonlinear characteristics is presence
in real tourism data1–11. Although ANN has the upper
hand of reliable forecasting, their prediction in a few
particular situation is conflicting and suffers from some
weakness, such as local minima, over fitting and sensitiveness to parameter selection12.
*Author for correspondence

Another popular and useful method of AI for forecasting is Least Squares Support Vector Machines
(LSSVM). LSSVM is a modified version of Support Vector
Machines (SVM) proposed by13, where it replaces the
inequality constraints by equality constraints in solving
a quadratic programming14. Extensive empirical studies
indicated that LSSVM is as good as SVM in terms of generalization performance15. Nowadays, LSSVM is broadly
applied in numerous numbers of fields namely nuclear
energy consumption forecasting16, container throughput forecasting17, electrical load forecasting18, tourism
forecasting19, stream flowforecasting20 and industrial
application21.
Recently,
the
Ensemble
Empirical
Mode
Decomposition (EEMD) introduced by22 demonstrated
it efficiency in extracting important characteristic information from non-stationary and non-linear that exist in
time series da. Implementations of EEMD, it facilitates to
decompose any complex data into sub-series of Intrinsic
Mode Functions (IMFs). IMFs components are easier and
more reliable to forecast because the IMFs components
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have stronger correlations and simpler frequency. There
are numerous number of successful applications EEMD
in many different kind of time series data as described in
the literature16,23,24. However, the applications of EEMD
studies in tourism demand are mainly limited.
The main objective in this paper is to assess prediction accuracy of LSSVM model integrated with EEMD
for tourist demand forecasting. Therefore, EEMD is used
to decompose tourist arrival data. Then, LSSVM methods are applied to each sub-series obtain previously, and
the end result of forecasted value can be acquired by
the summation of predicted value of all LSSVM models. To guarantee broader applications of the presented
model, the monthly tourist arrival data from Singapore to
Malaysia are investigated.

2. Methodology Formulation
2.1 Mutual Information
The Mutual Information (MI) is a measures where it specify the amount of information obtained from X in the
presence of Y . MI can be expressed as:
Formula (1):

I ( X ,Y ) =

∞ ∞

∫∫

−∞ −∞

f ( x, y ) log

f ( x, y )
dxdy
f ( x) f ( y )

Where f (.) a probability distribution is function and
f ( x, y ) is joint distribution function. Consequently,
the Formula (1) can’t be directly computed but it can
be estimated. There are various methods for entropy
estimation such as Miller Madow, shrink, Pearson and
Spearman correlation has been introduced. In this paper,
the Spearman correlation is used. Spearman Correlation
is a distinct case of the Pearson correlation where the data
are transformed into rankings before estimated the coefficient. The MI of two variables X i and X j based on
Spearman correlation is given by:
Formula (2):

1
I ( X i , X j ) = − log(1 − R 2 )
2
Where R is Spearman correlation. After the MI
is calculated, the second step, Context Likelihood of
Relatedness (CLR) algorithm is implemented in MI to
compute a score where it is used to determine the best
input variables for LSSVM model. The CLR algorithm25
computes the MI for each pair ( X i , X j ) and then a score,
2
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zij related to MI values is computed. The score zij is given
by:
Formula (3):
zi2 + zi2

=
zij



where zi = max 0,



I ( X i , X j ) − µi 

σi


and µi and σ i are the mean and the standard deviation
of the empirical distribution of the MI values respectively,
, j = 1, 2, 3, …, n.

2.2 The Least Square Vector Machines Model
LSSVM is an innovative version of SVM modified by13.
LSSVM includes the resolution of a quadratic optimization issue with a least squares loss function and equality
constraints as a replacement for of inequality constraints.
LSSVM is briefly introduced in this part. Consider a
sample data set ( xi , yi ) with input x ∈ R n and output
i
yi ∈ R is expressed as below:
Formula (4):

γ n
1
min wT w + ∑ ei2
2
2 i =1
Subject to the equality constraints:

y ( x) = wT φ ( xi ) + b + ei , i = 1, 2, ..., n
Lagrange function constructed to solve the optimization problem:
Formula (5):

γ n 2
1 T
L( w, b, e, α ) = w w + ∑ ei
2
2 i =1
n

− ∑ α i {wT φ ( xi ) + b + ei − yi }
i =1

Where α i is Lagrange multipliers. The solution of
Formula (5) can be acquired by partially differentiating
with respect to w, b, e and α i . By eliminating w and ei ,
we can obtain the following equation:
Formula (6):
1
0
1 K ( x , x ) + 1
1 1
γ




K ( xn , x1 )
1



1
 b  0 

K ( x1 , xn )  α1   y1 
×  =  
    



 K ( xn , xn ) + γ1  α n   yn 
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Generate Initial
Population

Where K (. , .) represents the kernel function and
satisfies Mercer’s theorem. Then, the parameters α i
(i = 1, 2,  , n) and b can be solved from the equation
and the regression prediction function can be expressed
by the following equation:
Formula (7):

Fitness
evaluation

No

n

Yes

2

Where K ( xi , x) = exp(−γ xi − x ) is the Gaussian
Radial Basis Function (RBF).

2.3 Particle Swarm Optimization Algorithm
PSO is a relatively recent heuristic pursuit which was
introduced recently by26, where it was motivated by social
actions of bird collecting and fish swarms. The PSO begins
through a random population and searchers for fitness
optimum. To obtain the optimum solution, each particle
regulates the route through the best knowledge which it
has found (pbest) and the best knowledge been found by
all other associates (gbest). Therefore, the particle goes
around in a multidimensional space to the good area.
Each particle contains of three vectors: The posi-

Xi =

i th individual particle are denoted as
the best earlier position pbest

(1)
( 2)
(D)
that the i th particle has searched is Pi = ( pi , pi ,..., pi )

(1)

( 2)

( D)

, the fly velocity of the i th is Vi = (vi , vi ,..., vi )
. Each particle performance is obtained using a fitness
function. When the procedure is repeated, the i th particle at iteration t are updated by:
Formula (8):
vid (t + 1) = ω '× vid (t ) + c1 × φ1 × [ pid (t ) − xid (t )]

+c2 × φ2 × [ pdg (t ) − xid (t )]

xid (t + 1)
= xid (t ) + vid (t + 1)

ϕ1 and ϕ 2 are stochastic value of [0, 1], ω is
called inertia weight and c1 and c2 are acceleration conWhere

stants. For PSO, the particle keeps changing their position
until the best position is determined or the maximum
iteration had been reached. Figure 1 illustrates the PSO
algorithm.
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Figure 1. Flowchart of PSO algorithm.

2.4 Ensemble Empirical Mode
Decomposition
EEMD is an improved method from Empirical Model
Decomposition (EMD)22. Objective of EEMD is to decompose the simultaneous oscillatory function that is IMFs
and a residual from the original data. If IMF meets two
conditions: 1. The number of extreme values and zerocrossings either are equivalent or contrast at the utmost is
one; and 2. At every point, if the mean value of the envelope constructed by the local maxima and minima must
be zero. Thus, the original data y (t ) can be put as the sum
of k IMFs and a residual:
Formula (9):
k

y (t ) = ∑ hi (t ) + rk (t )
i =1

Where hi (t ) represents IMFs, k is the number of IMFs
and rk (t ) denotes the final residual. EEMD includes an
extra step for addition of white noise which differs from
EMD where the added white noise effect can be contained
by using well known statistical rule22.
Formula (10):

εn =

ε
N

Where N is the ensemble number, ε is the amplitude
of the added white noise and ε n is the standard deviation
of error between original series and the corresponding
IMFs.

2.4 The Hybrid EEMD-LSSVM Model
The following Figure 2 describes the process of
EEMD-LSSVM forecasting method. As can be seen from
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∑

Output

Forecasting Results

Figure 2. The hybrid EEMD-LSSVM model.

3. Experimental Results

In this paper, the EEMD algorithm is employed through
R software package that is EEMD library. By employing
the EEMD technique, original data of monthly tourist arrivals are decomposed into both IMFs and residual
components. The plot of EEMD outcomes are showed in
Figure 3. Figure 3 shows six IMFs and one residual component.

4
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IMF2
IMF3

The data use in this study was obtained from Malaysia
tourist authorities. The data contains number of tourist
arrived in Malaysia from Singapore in monthly period.
The period of data were taken from January 2000 to
December 2014. The data is shown on Figure 3. The
data is separated into training and testing. The training
data set consists of data within period of January 2000
to December 2012 and testing data consists of data from
January 2013 to December 2014. The testing data used to
obtain the unknown parameters of proposed models and
testing data to evaluate the forecasting performance of the
models.
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Where n is the sample size, yt is the observation
and ŷt is the predicted value in the tth month. RMSE
and MAE is assessor of deviation between predicted values and original observation. Model that has lower value
of both RMSE and MAE indicated the reliability of the
model.

Original.Series

Step 1
Decomposition

and MAE =

100000200000 800000

Original Time
Series

1 n
RMSE =
( yt − yˆ t ) 2
∑
n t =1

1e+05
-150000 0

ponent rk (t ) .
• Then, LSSVM model used to form a forecasting
model for each extracted IMF and the residual
components. Each LSSVM model forecasted one
day ahead of the components.
• In the end, the forecasted values of all extracted
IMF and residual components gained by LSSVM
model are summed together to produce the final
forecasting for the originals time series.

In order to evaluate the forecasting performance of different models, and Mean Absolute Percentage Error (MAE)
and Root Mean Squared Error (RMSE) are applied as the
criteria for assessing the prediction accuracy, which are
calculated as:
Formula (11):

1e+05
-1e+05 0e+00

the original data into k-IMFs and a residual com-

3.2 Performance criteria

-1e+05 0e+00

Figure 2, the EEMD-LSSVM forecasting can be described
as following steps:
• First, apply the EEMD technique to decompose
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Figure 3. Original series and EEMD of tourist arrivals series.
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In this paper, the parameters of LSSVM models were
estimated using the PSO in the training phase. When
LSSVM is used to forecast, the main problem arise on
how to choose the input variables. There are no rules in
the selection of input variables for developing LSSVM
model. For LSSVM modelling, the Mutual Information
(MI) using CLR algorithm is applied to decide the input
variables. Entire data series were normalized into the
range of -1 and 1. In this study, the most well-known kernel function implemented in LSSVM model is Gaussian
RBF to obtain the optimal model parameters. To overcome parameter sensitiveness, PSO method is employed
to determine values of optimal parameters γ and 2
σ
which yield the lowest error in the training dataset.
In Table 1, for time series of monthly tourist arrivals
from Singapore, the EMD–LSSVM model obtained the
best MAE and RMSE of 44352.32 and 6313.5 respectively.
From the result that had been obtained, the presented
model EMD-LSSVM model was capable to increase the
prediction accuracy compare to single LSSVM model
which is 22.9% and 14.2% for MAE and RMSE.

nonlinear prediction, can be used as a promising tool for
time series forecasting with nonlinear and non-stationary.

Table 2. Comparison of LSSVM and EEMD-LSSVM

The authors gratefully recognized the financial support
from MOE, UTM and GUP Grant (VOT 4F681).

Model

MAE

RMSE

LSSVM

57562.99
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Figure 4. Comparison of LSSVM and EEMD-LSSVM.

From Table 1 and Figure 4, the conclusion can be
made is that the presented EEMD-LSSVM model outperforms the single LSSVM model. The outcomes gained in
this research show that due to the non-linear and nonstationary presence in monthly tourist arrivals data,
EEMD-based models are more suitable for forecasting
than single forecasting models. The proposed nonlinear
EEMD-LSSVM, which is of effective decomposition and
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In this study, hybrid EEMD and LSSVM model is proposed to enhance the forecasting accuracy compared
to single model LSSVM to forecast tourist arrival from
Singapore to Malaysia. Then, PSO algorithm is implemented to obtain optimal LSSVM model parameters.
The results indicated that EEMD can efficiently improve
prediction accuracy and the presented EMD-LSSVM
model can significantly enhance the single LSSVM
model data decomposition for tourist arrivals forecasting. Accordingly, the implementation of EEMD in hybrid
forecasting can produce more stable and reliable forecasting result. Other than that, the proposed model can
which are more reliable can contribute to more effective
tourism planning and policy making
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