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Abstract: This paper mainly discussed on the forecast of
Thailand tourist visiting Malaysia. This paper proposed a
three-stage techniquein which the empirical mode decomposition
(EMD) is combined with wavelet methods and support vector
machine model. We used the proposed technique, EMD_WSVM
to forecast two ASEAN country tourism timeseries. Detail
experiments are conducted for the proposed method, in which
there is a comparison between the EMD_WSVM, WSVM and
SVM methods. The proposed EMD_WSVM model is determined
to be dominant to the other methods in predicting the number of
tourist arrivals.

Index Terms: Forecasting, tourist arrivals, SYM model, WSVM
model and EMD_WSVM model.

I. INTRODUCTION

Contemporary studies ascertained that tourist arrivals data

typically follow the behavior of nonlinear and nonstationary.
Hence, there is a difficulty in forecasting tourist arrivals by
using the Box-Jenkins technique. Huang et al. [1] has studied
the EMD as a tool powerful enough for tourist arrival
quantitatively. It has also became the powerful modelling
technique using statistical approach [2]. The nonlinear and
nonstationary behaviors are capable to be handled by the
EMD, consequently providing an dternative tool for
researchers as well as practitioners. The explanation of time
series data generation can be done by the EMD, through the
splitting of signals of the time series. Based on scae
separation, the splitting of signals is further divided into
independent and intrinsic concrete implicational modes.
The decomposing of the components in this method is good
and ensuring the stability of the components. Nevertheless,
there is a clutter in the range of the frequency. This means
that, the component which is having dissimilarity of
amplitude and frequency existed in distinct IMFs. In addition,
the orthogonality among IMFs is not good. Signals that are
non-stationary and nonlinear can be dealt well with wavelet
decomposition method [3].
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The procedure in processing the DWT is not autoregressive
in nature. Furthermore, since the band-pass filters are chosen
to decompose target signals, the band-passfiltersreally affect
the accuracy of the decomposition. Another items that affect
the results of the decomposition are the basics function of
wavelet and also the decomposed layer [4]. For that reason,
the accuracy of the DWT decomposition is quite lower than
the EMD. However, the EMD model can be coupled with
vector machine of discrete wavelet support to overcome these
limitations [5].

The first segment of the paper presented the SVM model,
Empirical mode decomposition theory and wavelet
decomposition theory as the basic theories for the arrivals of
tourist. The second segment of the paper proposed the
prediction quality improvement by developing the hybrid of
EMD_WSVM model. While the last segment of the paper
discussed on the results of prediction together with
comparison and analysis.

II. METHODOLOGY

SVM Mode

The Support Vector Machines (SVM) is a learning
agorithmthat isstatistical innature. It is proposed by Vapnik.
Vapnik developed this method with the basis of dimension
theory of V C (Vapnik-Chervonenkis) and al so the principle of
SRM (Structural Risk Minimization) [5]. To obtain the best
promotion ability, SVM looks for the best arrangement
between the complexity of the model and its learning ability.
The advantage of SVM isthat it is strongly capablein treating
nonlinear data. Finding a mapping function ¢(x) that is
nonlinear, then turning it into alinear inseparable datax in the
low-dimensional feature space projected into the
high-dimensional feature space H to makeit alinear separable
problem, is the basic working principle of support vector
machines. The regression function of SVM in high
dimensional feature spaceis:

Y9 =3 wg() +b @

Where w is the weight vector of high dimensional feature
Space, w € R and b is the bias constant, be R.

According to the principle of structural risk minimization,
Equation (1) can be converted into:
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The solution to this minimization problem is of the form
f(x)=2(4 -4 )K(x,x)+b ®)
i=1

Where 4 and 4 are the Langrage multipliers associated

with the constrains V' —(@'¢(X)+b)<e+&

(0'¢(x)+b)-y <e+&'

And respectively.In this paper, the radial basis function is
used as the kernel
function which is given by:
2
s —xi
k(Xi ’Xj ): eXp T

4)

Where o is the width of the radial basis function

The discrete wavelet transforms method (WSVM)

The theory of wavelet analysis was founded on the Fourier
anaysis [6]. The model is obtained by combining two
methods, DWT and SVM. The WSVM model is an SVM
model, which uses sub-time series components obtai ned using
DWT on original data [7]. For WSVM model inputs, the
original time series data are decomposed into a certain
number of sub-time series components (Ds) [8].

Each component plays different role in the origina time
series and the behavior of each sub-time series is distinct.
Each component plays a different role in the origina time
series and the behaviour of each sub time seriesisdistinct [9].
To select the number of decomposition level, the formula
M=log(n) was used where n islength of the time seriesand M
is decomposition level [10].

Time series data
(Thailand tourist arrivals)

Decompose input time
series using DWT

For every Ds, add the
components into SVM as
inputs

SVM model

Fig. 1 The WSVM model struct
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Empirical M ode Decomposition (EM D)

The function EMD was to capture the nonlinear and
non-stationary signals. By using EMD, any complex datasets
can be decomposed into a finite and small number of
components caled IMF [11]. EMD has shown its
applicability in signal processing.

In this study, EMD was used to decompose the number
tourist arrivals datasetsinto sub datasets, also known as IMFs.
As EMD is a proven method for capturing nonlinear and
non-stationary data, theideaof using EMD isthat EMD usesa
non-stationary filter.

The main idea of EMD is to decompose the origina data
into a finite and small number of oscillatory modes based on
the local characteristic time scale itself. An Intrinsic Mode
Function (IMF) expresses each oscillatory mode, which is
similar to a harmonic function [12].

The basic principle of EMD isto decompose a time series

into a sum of oscillatory functions, namely, intrinsic mode
functions (IMFs). In the EMD, the IMFs must satisfy two
conditions:
(i) The number of extrema (sum of maxima and minima) and
Comparative Performance of All Models (i) The local
average is zero. The condition that the local average is zero
implies that envelope mean of the upper envelope and lower
envelopeis equal to zero.

1. DATA

Monthly data of tourist arrivals for Thailand countries
consist of 204 observations which ranged from January 1999
till December 2015.
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Fig. 2 Monthly Thailand tourist arrivals (Jan 1999 to Dec
2015)

IV. RESULTSAND DISCUSSION

In this study, number tourist arrivals time series data of
Thailand countries are used to present the forecasting
accuracy of the EMD_WSVM method. Three forecasting
methods are used to validate the forecasting performance of
EMD_WSVM. Table 1 shows three error measurements with
their formula. These measurementswill be utilized to evaluate
the forecasting accuracy for each method.
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Table. 1 Error measuresare used in study

Name of measure error Formula of measure error
Root Mean Squared Error
Z{‘ezt
RMSE =, | =

n
Mean Absolute Percentage 100
Error MAPE = Z I —

obser veq

Decomposition Components for Thailand
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Fig. 3 Decomposed wavelet sub-series components (Ds) of
tourist arrival data for Thailand
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Fig. 4 The M Fsand Residue Components of tourist
arrival datafor Thailand

For this study, two decomposition levels (D1 and D2) and
one approximation (A2) were used for dataset. The
decomposition components and approximation components
then acted as input for SVM forecasting. Error! Reference
sour ce not found. show the original tourist arrivals datatime
and their Ds decomposition using wavelet method for each of
the country. From the observation on thefigures 3, D2 and A2
displayed stationarity plot since the data randomly distributed
around zero, uniform movement cannot be found to be
present.

The monthly time series for the Thailand tourist arrivals
were decomposed using EMD. Figures 4 show the
decomposition components of IMFs and residue for case
studies. It can be observed that EMD had decomposed the
datasetsinto six IMFs and one residue for datatourist arrivals
data set.
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Fig. 5 Decomposition IMFs Dataset (a) IMF1 (b) IMF 2
() IMF3(d) IMF4

Fromthe Figures5, all the non-stationary datain IMFswere
transposed into stationary dataset and from the observation
plot, thedecomposition level (D1) produced similar pattern to
its IMFs’.

Table. 2 Comparative Performances of All Models

Method RMSE MAPE(%)
SVM 15388.7186 11.87
WSVM 11891.6177 8.58
EMD_WSVM 10711.56 7.96

2453

For further analysis, the error statistics of SVM, WSVM
and EMD_WSVM were compared to each other to find the
best model for Thailand tourist arrivals forecasting. Table 2
compares the testing results among the current hybrid model
WSVM approaches and single model SVM based on two
statistical measurements, which were RMSE and MAPE
values.

The results obtained for Thailand indicated that the lowest
RM SE and MAPE values were acquired from EMD_WSVM
model. Therefore, EMD_WSVM was declared to be the best
model representing tourist arrivals from Thailand, followed
by WSVM and SVM.

V. CONCLUSION

The approximation ability of afunction by using intelligent
agorithm based on methods of prediction and application is
powerful. This is because, in dealing with nonlinear systems
that are complex, these methods are able to fit the expression
of afunction of asystem that is unknown and the methods are
effective too. However, this method cannot fully identify and
extract the internal characteristics of complex nonlinear and
non-stationary timeseries [8].

Despite the fact, the prediction methods with
decomposition algorithm can effectively identify and extract
theinternal features and laws of nonlinear non-stationary time
series. The combination the two method can improve the
prediction accuracy of nonlinear non-stationary timeseries

(5].
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