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The hybrid ARIMA-SVMs prediction models have been established recently, which take advantage of the unique strength of
ARIMA and SVMs models in linear and nonlinear modeling, respectively. Built upon this hybrid ARIMA-SVMs models alike,
this study goes further to extend them into the case of multistep-ahead prediction for air passengers traffic with the two most
commonly usedmultistep-ahead prediction strategies, that is, iterated strategy and direct strategy. Additionally, the effectiveness of
data preprocessing approaches, such as deseasonalization and detrending, is investigated and proofed along with the two strategies.
Real data sets including four selected airlines’ monthly series were collected to justify the effectiveness of the proposed approach.
Empirical results demonstrate that the direct strategy performs better than iterative one in long term prediction case while iterative
one performs better in the case of short term prediction. Furthermore, both deseasonalization and detrending can significantly
improve the prediction accuracy for both strategies, indicating the necessity of data preprocessing. As such, this study contributes
as a full reference to the planners from air transportation industries on how to tackle multistep-ahead prediction tasks in the
implementation of either prediction strategy.

1. Introduction

Forecasting is an important component of planning in any
enterprise, but it is particularly critical in airline revenue
management because of the direct influence forecasts have
on the booking limits that determine airline profits. Unfortu-
nately, the passengers behaviors and other complicating fac-
tors make air passengers traffic prediction extremely difficult.

In the past decades, academic researchers and practition-
ers have made many contributions to air passengers traffic
prediction. Most of the prediction models abounded in the
literature canmainly be classified into two categories, namely,
econometric models (casual model) and time series models.
In the econometrics community, traditional research has
been focusing on the economic factors of the take-off and
landing point, such as population, income, and price [1–5].
It should be noted that most econometric models aimed to
reveal the underlying relationship between air passengers
traffic flow and selected variables such as geoeconomic and

service-related factors. Due to the complexity of econometric
modeling in variables selection, time series approach is a
promising alternative in air passengers traffic prediction [6].
However, these traditional time series methods always do
not work in practice. The main reason is that the underlying
assumption of these traditional time series methods is lin-
earity and they cannot capture the nonlinear patterns hidden
and recognize the irregularity well. Recent research focuses
on modeling time series with complex nonlinearity, dynamic
variation, and high irregularity [7–14].

Recently, the hybrid modeling approach integrating
ARIMA, the most widely used linear model, and SVM,
the well-established computational intelligence technique,
has been proposed and justified in various areas [15–
17]. Pai established a hybrid ARIMA and support vector
machines model for stock price forecasting. Chen proposed
a hybrid methodology that exploits the unique strength
of the SARIMA (seasonal autoregressive integrated moving
average) model and the support vector machines model in
forecasting Taiwan’s machinery industry production values.
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And Guo developed a hybrid Seasonal Autoregression Inte-
grated Moving Average and Least Square Support Vector
Machine (SARIMA-LSSVM) model to predict the mean
monthly wind speed in Hexi Corridor, which shows that the
developed method is simple and quite efficient. Additionally,
Zhang combined the ARIMA and feedforward neural net-
works models in forecasting [18].

This hybrid approach arises from the fact that real-world
time series are rarely pure linear or nonlinear but containing
both linear and nonlinear patterns, and neither ARIMA nor
SVM can be adequate in modeling and forecasting time
series since the ARIMA model cannot deal with nonlinear
relationships while the SVM model alone is not able to
handle both linear and nonlinear patterns equally well. As
such, this hybrid approach can take full advantages of the
unique strength of ARIMA and SVM models in linear and
nonlinear modeling, respectively. However, an important
point to note from the past studies mentioned above is
their preoccupation with one-step-ahead forecasting rather
than the multistep-ahead one. In one-step-ahead case, the
predictor uses all or some of the observations to estimate a
variable of interests for the time step immediately following
the latest observation. However, it provides no informa-
tion as to the long-term future behavior of air passengers
traffic.

In summary, this study extends the well-established
ARIMA-SVMs model into the case of multistep-ahead pre-
diction of air passengers traffic using the two modeling
strategies, including iterated strategy and direct strategy
and then goes a step forward by investigating the effec-
tiveness of data preprocessing approaches, such as desea-
sonalization and detrending, along with the two strategies.
The monthly air passengers traffic series from four airlines
are used for the purpose of validation. The experimental
results are judged on the basis of the prediction accuracy
and the computational cost. The first contribution of this
paper is that the proposed modeling framework is capa-
ble of capturing the complex dynamic of air passenger
traffic considered, resulting in a more accuracy multistep-
ahead prediction. The second contribution is to provide the
first strong empirical evidence within the air passengers
traffic literature on whether the superiority of ARIMA-
SVMs modeling framework holds consistently in the case
of multistep-ahead prediction. Last but not least, the third
contribution is to provide the experimental evidence on
the performance of different multistep-ahead prediction
strategies, which may shed lights on the selection of mod-
eling strategy while facing the different time horizons upon
prediction.

The rest of this paper is organized as follows: Section 2
describes the methodologies used in this study including
ARIMA and SVM along with the proposed hybrid method-
ology and multistep-ahead prediction strategies used in this
study. Section 3 details the research design on data source,
data preprocessing, input selection, the selected counterparts
for comparison, statistical criteria, methodological imple-
mentations, and experiment procedures. Following that, in
Section 4, the experimental results are discussed. Section 5
finally concludes this paper.

2. Methodologies

2.1. ARIMA-SVMModel

2.1.1. ARIMA Model. ARIMA (𝑝, 𝑑, 𝑞) is called Autoregres-
sive Integrated Moving Average model. It is one of the
basic models of Box-Jenkins modeling method. AR refers to
autoregressive part of the model and 𝑝 is the autoregressive
order. MA is moving average and 𝑞 is the term of moving
average. 𝑑 is the difference frequency before a time sequence
become smooth.

Give a random sequence {𝑥, 𝑡 = 0, 1, . . .}, 𝐵𝑥
𝑡
= 𝑥
𝑡−1

, 𝐵 is
called as lagging operator. ∇ = 1 − 𝐵, ∇ is called as difference
operator. If nonnegative integer 𝑑 existed,

ô (𝐵) ∇𝑑𝑥
𝑡
= 𝜃 (𝐵) 𝑎

𝑡
, (1)

where ô(𝐵) = 1−ô
1
𝐵−ô
2
𝐵2−⋅ ⋅ ⋅−ô

𝑝
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𝐵𝑞, |𝐵| ≤ 1, and ô(𝐵) and 𝜃(𝐵) are coprime, ô
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̸= 0,

{𝑎
𝑡
} is white noise sequence, 𝐸𝑎

𝑡
= 0, 𝐸𝑎2

1
= 𝜎2 < ∞, then

{𝑥
𝑡
} is called autoregressive and moving average sequence.
The basic idea of this model is to regard the time series as

a random sequence and to use a certain mathematical model
to describe the sequence approximately. Once the model is
identified, we can use the past value to predict the future.

The basic steps are as follows.

(1) Identify smooth sequence using scatter chart, auto-
correlation function, partial autocorrelation function,
and ADF unit root test.

(2) Do smooth processing on nonstationary sequence
such as difference.

(3) Establish the model according to the time-series
model identification rules. If the partial correlation
function of a smooth sequence is censored and the
autocorrelation function is trailing, sequence can be
concluded for the ARmodel. If the partial correlation
of a smooth sequence is trailing and the autocorre-
lation function is censored, it will be determined for
MA model. And if both partial correlation function
and autocorrelation function are trailing, ARMA
model is for the sequence.

(4) Estimate parameters and justify whether the statisti-
cal test is significant.

(5) Do hypothesis test and diagnose whether the
sequence is the white noise.

(6) Predict with the model established.

2.1.2. Support Vector Machine (SVM) Model. As a new
method based on structural riskminimization principle, sup-
port vector machine is superior to those methods based on
experience risk minimization principle. It can be converted
to a salvation of a convex quadratic programming and make
sure the extreme solution is the global optimal solutions.
Support vector machines can handle higher dimension data
better even with a relatively low amount of training samples
and has a very good generalization. The models select limit
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support vectors from input data and so have a fast processing
speed.

For linear and regressive data set {𝑥
𝑖
, 𝑦
𝑖
}, the SVM

regression function is formulated as follows:

𝑓 (𝑥) = 𝜔
𝑇
𝑥 + 𝑏. (2)

The coefficients 𝜔 and 𝑏 are estimated by minimizing

1

2
𝜔
𝑇
𝜔 + 𝐶

1

𝑛

𝑛

∑
𝑖=1

𝐿
𝜀
(𝑦
𝑖
, 𝑓 (𝑥
𝑖
)) , (3)

where 𝐿
𝜀
is called the 𝜀-intensive loss function and is

formulated as follows:

𝐿
𝜀
(𝑦, 𝑓 (𝑥)) = {

0 if 󵄨󵄨󵄨󵄨𝑦 − 𝑓 (𝑥) ≤ 𝜀
󵄨󵄨󵄨󵄨

󵄨󵄨󵄨󵄨𝑦 − 𝑓 (𝑥)
󵄨󵄨󵄨󵄨 others.

(4)

By introducing slack variables 𝜉 and 𝜉∗, Equation (3) can
be transformed to the following constrained formulation:

min 1
2
𝜔
𝑇
𝑤 + 𝐶

𝑛
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𝑖=1

(𝜉
𝑖
+ 𝜉
∗

𝑖
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𝑖
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∗
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(6)

When solving the above formula, we always use dual theory to
transform it into a convex quadratic programming problem.
Introducing Lagrange equation, (5) changed into the follow-
ing form:
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∗
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∈ [0, 𝐶] . (8)

When the data set cannot be regressed linearly, we also
map them to a high dimension feature space and make linear
regress. Then the formulation is as follows:
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Let𝐾(𝑋
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𝑖
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)Φ(𝑋
𝑖
);𝐾(𝑥, 𝑥)

is the inner product of feature space and is called kernel
function. Any symmetric function which satisfies Mercer
theory can be kernel function. There are some common
kernel functions:

polynomial kernel function:𝐾(𝑥
𝑖
, 𝑥
𝑗
) = (𝑥

𝑇
𝑥
𝑖
+ 1)
𝑝,

RBF kernel function:𝐾(𝑥
𝑖
, 𝑥
𝑗
) = exp(−𝛾‖𝑥

𝑖
− 𝑥
𝑗
‖
2
),

sigmoid kernel function:𝐾(𝑥
𝑖
, 𝑥
𝑗
) = th(𝛽

0
𝑥𝑇𝑥 + 𝛽

1
).

According to Karush-Kuhn-Tucker theory, the final SVM
regression function can be the following form:

𝑓 (𝑥) =

𝑛

∑
𝑖=1

(𝛼
𝑖
− 𝛼
∗

𝑖
)𝐾 (𝑥

𝑖
, 𝑥) + 𝑏. (11)

2.1.3. ARIMA-SVMs Model. Air passenger traffic demand is
always affected by various factors such as economy, weather,
and important events. Besides seasonality and long trend,
there are always some irregular fluctuations which cannot
be easily captured. ARIMA and SVM both have advantages
in capturing linear or nonlinear patterns. So the hybrid
methodology that has both linear and nonlinear modeling
capabilities can be a good strategy for practical use. By com-
bining different models, different aspects of the underlying
patterns may be captured.

It is reasonable to consider a time series to be composed
of a linear autocorrelation structure and a nonlinear compo-
nent. That can then be represented as follows:

𝑦
𝑡
= 𝐿
𝑡
+ 𝑁
𝑡
, (12)

where 𝐿
𝑡
denotes the linear component and 𝑁

𝑡
denotes the

nonlinear component. These two components have to be
estimated from the data. First, we let ARIMAmodel the linear
component, then the residuals from the linear model will
contain only the nonlinear relationship. Let 𝑒

𝑡
denote the

residual at time 𝑡 from the linear model, and 𝐿̂
𝑡
denotes the

forecast value of the ARIMA model, then

𝑒
𝑡
= 𝑦
𝑡
− 𝐿̃
𝑡
. (13)

Zhang illustrated a linear model is not sufficient if there
are still linear correlation structures left in the residuals.
Moreover, even if a model has passed diagnostic checking,
the model may still not be adequate in that nonlinear
relationships have not been appropriatelymodeled [18]. So by
modeling residuals using SVM, nonlinear relationships can
be discovered. That can be represented as follows:

𝑒
𝑡
= 𝑓 (𝑒

𝑡−1
, 𝑒
𝑡−2
, . . . , 𝑒

𝑡−𝑛
) + 𝜀
𝑡
, (14)

where 𝑓 is a nonlinear function determined by SVM and 𝜀
𝑡
is

the random error. Therefore, the combined forecast is

𝑦
𝑡
= 𝐿̃
𝑡
+ 𝑁̃
𝑡
, (15)
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where 𝑁̃
𝑡
is the forecast value of the SVMmodel. In summary,

the ultimate forecast value consists of linear forecast part and
nonlinear forecast part.

2.2. Iterated Strategy and Direct Strategy. Multistep-ahead
time series forecasting can be described as an estimation
on future time series 𝜑

𝑁+ℎ
, (ℎ = 1, 2, . . . , 𝐻), while 𝐻

is an integer and more than one, given the current and
previous observation 𝜑

𝑡
, (𝑡 = 1, 2, . . . , 𝑁). In the present

study, iterated strategy and direct strategy are frequently
selected for multistep-ahead forecasting. For each selected
strategies, there are a large number of variations proposed
in the literatures, and it would be a hopeless task to consider
all existing varieties. Our guideline was therefore to consider
the basic version of each strategy (without the additions,
or the modifications proposed by some other researchers).
The reason for selecting the following two strategies is that
they are some of the most commonly used strategies. The
following subsection presents a detailed definition of the
selected strategies.

2.2.1. Iterated Strategy. The first is named as the iterated
strategy by Chevillon [19] and is often advocated in standard
time series textbooks [20, 21]. This strategy constructs a
prediction model by means of minimizing the squares of
the in-sample one-step-ahead residuals and then uses the
predicted value as a “known” input to forecast the next point
and continues in this manner until reaching the horizon.

In more detail, iterated strategy first embeds the original
series into an input-output format:

𝐷 = {(𝑥
𝑡
, 𝑦
𝑡
) ∈ (𝑅

𝑚
× 𝑅)}
𝑁

𝑡=𝑑
, (16)

where 𝑥
𝑡
⊂ {𝜑
𝑡
, . . . , 𝜑

𝑡−𝑑+1
}, 𝑦
𝑡
= 𝜑
𝑡+1

.
Then the iterated prediction strategy learns one-step-

ahead prediction model:

𝜑
𝑡+1
= 𝑓 (𝑥

𝑡
) + 𝜔, (17)

where 𝜔 denotes the additive noise.
After the learning process, the estimation of the 𝐻 next

values is returned by

𝜑
𝑡+ℎ

=

{{

{{

{

𝑓(𝜑
𝑡
, 𝜑
𝑡−1
, . . . , 𝜑

𝑡−𝑑+1
) if ℎ = 1

𝑓 (𝜑
𝑡+ℎ−1

, 𝜑
𝑡+1
, 𝜑
𝑡
, . . . , 𝜑

𝑡−𝑑+ℎ
) if ℎ ∈ [2, . . . , 𝑑]

𝑓 (𝜑
𝑡+ℎ−1

, . . . , 𝜑
𝑡+ℎ−𝑑

) if ℎ ∈ [𝑑 + 1, . . . , 𝐻] .
(18)

2.2.2. Direct Strategy. In contrast to the iterated strategy
which uses a single model, the other commonly applied
strategy, namely, direct strategy first suggested by Cox [22],
constructs a set of prediction models for each horizon using
only its past observations, where the associated squared
multistep-ahead errors are minimized. Direct strategy esti-
mates𝐻 different models between the inputs and the outputs
to predict {𝜑

𝑁+ℎ
, ℎ = 1, 2, . . . , 𝐻}, respectively, which requires

a sharply increased computational expense, especially in the
case of a longer prediction horizon [23]. The direct strategy
first embeds the original series into𝐻 datasets

𝐷
1
= {(𝑥
𝑡
, 𝑦
𝑡1
) ∈ (𝑅

𝑚
× 𝑅)}
𝑁

𝑡=𝑑
,

...

𝐷
𝐻
= {(𝑥
𝑡
, 𝑦
𝑡𝐻
) ∈ (𝑅

𝑚
× 𝑅)}
𝑁

𝑡=𝑑
,

(19)

where 𝑥
𝑡
⊂ {𝜑
𝑡
, . . . , 𝜑

𝑡−𝑑+1
}, 𝑦
𝑡ℎ
= 𝜑
𝑡+ℎ

.
Then, the direct prediction strategy learns 𝐻 direct

models on𝐷
ℎ
= {𝐷
1
, . . . , 𝐷

𝐻
}, respectively. Consider

𝜑
𝑡+ℎ
= 𝑓
ℎ
(𝑥
𝑡
) + 𝜔
ℎ
, ℎ ∈ {1, . . . , 𝐻} , (20)

where 𝜔 denotes the additive noise.
After the learning process, the estimation of the 𝐻 next

values is returned by

𝜑
𝑡+ℎ
= 𝑓
ℎ
(𝜑
𝑡
, 𝜑
𝑡−1
, . . . , 𝜑

𝑡−𝑑+1
) , ℎ ∈ {1, . . . , 𝐻} . (21)

2.3. ARIMA-SVMs Model for Multistep-Ahead Prediction. In
this study, we consider𝐻-step ahead forecasting by ARIMA-
SVMs model. The proposed methodology of the multistep-
ahead prediction hybrid system consists of two stages. In
the first stage, an ARIMA model is used to analyze the
linear part of the problem for each step. In the second stage,
SVMs model is developed to model the residuals from the
ARIMA model. Since the ARIMA model cannot capture the
nonlinear structure of the data, the residuals of linear model
will contain information about the nonlinearity. Assuming
𝑦
𝑡
(𝑡 = 1, 2, . . . , 𝑛) is the original data set and according

to ARIMA-SVMs model, 𝑦
𝑡
includes the linear part 𝐿

𝑡
and

nonlinear part 𝑁
𝑡
, namely, 𝑦

𝑡
= 𝐿
𝑡
+ 𝑁
𝑡
. First of all, 𝐻-

step ahead prediction byARIMAmodelwill be employed and
obtain the𝐻-step ahead forecasted value 𝐿̃

𝑡+ℎ
, then for each

time 𝑡, the residuals of 𝑦
𝑡+ℎ

can be obtained by 𝜀
𝑡+ℎ

= 𝑦
𝑡+ℎ
−

𝐿̃
𝑡+ℎ

. And for nonlinear time series 𝜀
𝑡
(𝑡 = 1, 2, . . . , 𝑛), 𝐻-

step ahead prediction by SVMs model will be employed and
obtain the𝐻-step ahead forecasted values 𝑁̃

𝑡+ℎ
, the ultimate

forecasted time series for 𝑦
𝑡+ℎ

is 𝑦
𝑡+ℎ

, which consist of 𝐿̃
𝑡+ℎ

and 𝑁̃
𝑡+ℎ

. In this research, two multistep-ahead forecasting
strategies will be employed, namely, iterated strategy and
direct strategy, and it should be noted that if the multistep-
ahead strategy has been selected for linear part, the same
strategy should be employed in nonlinear part; therefore, the
model should be ARIMA (iterated strategy)-SVMs(iterated
strategy) or ARIMA(direct strategy)-SVMs(direct strategy).

The flowchart of proposed multistep-ahead ARIMA-
SVMsmodeling framework is depicted in Figure 1. As shown
in Figure 1, the proposed modeling framework includes
three parts: data preprocessing, multistep-ahead predic-
tion, and PSO module for SVMs parameters optimization
(details on this parameters tuning module can be found in
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Start

Data preprocessing:

deseasonalization and detrending

Data: yt

Multistep-ahead forecasting

Multistep-ahead forecasting by

ARIMA mode, the forecasted time

The combined forecast value is the
ultimate forecast value for original time

End

Yes

No

PSO optimize the SVM parameters

Multistep-ahead forecasting by model
SVM for series 𝜀t+h  and obtaining the

Is the termination
condition satisfied?

series L̃t+h

𝜀t+h = yt+h − L̃t+h

forecasted series Ñt+h

particles’
position

Update

series yt+h : ỹt+h = L̃t+h + Ñt+h

Figure 1: The flowchart of proposed multistep-ahead PSO-ARIMA-SVMs modeling framework.

Section 3.3). In data preprocessing procedure, linear trans-
ference, deseasonalization, and detrending are performed on
the data, and then the multistep-ahead forecasting model
based on ARIMA-SVMs is adopted; in addition, in nonlinear
forecasting part, the parameter optimization algorithm PSO
is employed to optimize the parameters of SVM.

3. Research Design

3.1. Data and Preprocessing

3.1.1. Data. In this study, four monthly air passenger traf-
fic series of American airlines are chosen as experimental
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Table 1: Descriptive statistics of all data series.

Period 𝑁 Min Max Mean Std Skewness Kurtosis
Statistic Std. error Statistic Std. error

American 90.01–01.12 144 3251642 7747239 5443463 597069 0.309 0.202 2.988 0.401
Delta 90.01–01.12 144 4565958 9104110 7003819 1168848 −0.073 0.202 −0.904 0.401
Southwest 90.01–01.12 144 1538109 7257119 4110732 1461296 −0.016 0.202 −0.969 0.401
UnitedAir 90.01–01.12 144 3449108 7176446 5416990 887173 −0.225 0.202 −0.791 0.401

samples, namely, American Airlines, Delta Air Lines, South-
west Airlines, and United Airlines. The data are freely
obtained from the Bureau of Transportation Statistics, U.S.
Department of Transportation (http://www.bts.gov/). The
main reason of selecting these four airlines is that these
airlines are famous in America and they represent the
development trend of air industry in America.

Considering the Severe Acute Respiratory Syndrome
(SARS) which happened in 2003 and brought a heavy blow to
American air industry, the four sampling data series cover a
period from January 1990 toDecember 2001, each with a total
of 144 observations.The original data of these four airlines are
shown in Figures 2(a) to 2(d).

The descriptive statistics details of all the four data series
are summarized in Table 1.

3.1.2. Preprocessing. Normalization is a standard require-
ment for time series modeling and prediction with neu-
ral network. Thus, the data sets are first scaled by linear
transference to map onto a range of [0, 1]. As mentioned
in Section 1, the air passengers traffic data are monthly
and with strong seasonal components and trend patterns.
Therefore, after the linear transference, deseasonalization
and detrending are performed on the data. Deseasonal-
ization is performed by means of the revised multiplica-
tive seasonal decomposition presented in [24]. In addi-
tion, detrending is performed by fitting a polynomial time
trend and then subtracting the estimated trend from the
series when trends are detected by the Mann-Kendall
test [25].

3.2. Input Selection. Filter method was employed for input
selection in this study. In the case of the filtermethod, the best
subset of inputs is selected a priori based only on the dataset.
The input subset is chosen by a predefined criterion, which
measures the relationship of each subset of input variables
with the output [26]. Specifically, in terms of input selection
criteria, the partial mutual information [27] is used for the
prediction models. Mutual information (MI) is a commonly
adopted measure of dependence between variables and has
been widely used for input selection [26]. However, this
raises a major redundancy issue because the MI criterion
does not account for the interdependency between candidate
variables. To address this issue, Sharma [27] developed an
improved algorithm that exploits the concept of partial
mutual information (PMI), which is the nonlinear statistical

analog of partial correlation. The definitions of PMI are
shown as follows:

PMI = ∬𝑓
𝑋
󸀠
,𝑌
󸀠 (𝑥
󸀠
, 𝑦
󸀠
) log
𝑒
[
𝑓
𝑋
󸀠
,𝑌
󸀠 (𝑥󸀠, 𝑦󸀠)

𝑓
𝑋
󸀠 (𝑥󸀠) 𝑓

𝑌
󸀠 (𝑦󸀠)

] 𝑑𝑥
󸀠
𝑑𝑦
󸀠
,

(22)

where

𝑥
󸀠
= 𝑥 − 𝐸 [𝑥 | 𝑧] ,

𝑦
󸀠
= 𝑦 − 𝐸 [𝑦 | 𝑧] ,

(23)

where 𝑋󸀠 and 𝑌󸀠 are generalized to represent time series
𝑥(𝑡) and lagged time 𝑥(𝑡 − 𝑖) with time step 𝑖 (𝑖 ≤ 𝑑)

conditional on 𝑍 which is a set of remaining time-lag
variables. In performing the PMI, the input variable with
highest conditional PMI value at every iteration can be added
to the inputs set.

3.3. Parameters Selection with PSO. In this study, RBF has
been chosen as the kernel function for SVMmodels, and thus
the parameters 𝜀, 𝛾, and 𝐶 are to be optimized based on the
training sets. Despite the new variants of PSO for parameter
tuning such as in [28], in this study, we chose the standard
PSO algorithm to tune the parameters with the lowest MAPE
on training sets.

PSO based operators are used to explore the search space.
Particle Swarm Optimization (PSO) is a population-based
metaheuristic that simulates social behavior such as birds
flocking to a promising position to achieve precise objectives
(e.g., finding food) in amultidimensional space by interacting
among them [29]. To search for the optimal solution, each
particle adjusts their flight trajectories by using the following
updating equations:

V𝑡+1
𝑖𝑑
= 𝑤 × V𝑡

𝑖𝑑
+ 𝑐
1
× 𝑟
1
× (𝑝
𝑖𝑑
− 𝑥
𝑡

𝑖𝑑
) + 𝑐
2
× 𝑟
2
× (𝑝
𝑔𝑑
− 𝑥
𝑡

𝑖𝑑
) ,

𝑥
𝑡+1

𝑖𝑑
= 𝑥
𝑡

𝑖𝑑
+ V𝑡+1
𝑖𝑑
,

(24)

where 𝑐
1
, 𝑐
2
∈ R are acceleration coefficients, 𝑤 is inertia

weight, and 𝑟
1
and 𝑟
2
are random numbers in the range of

[0, 1]. V𝑡
𝑖𝑑
and 𝑥𝑡

𝑖𝑑
denote the velocity and position of the 𝑖th

particle in 𝑑th dimension at 𝑡th iteration, respectively. 𝑝
𝑖𝑑
is

the value in dimension 𝑑 of the best parameters combination
(a particle) found so far by particle 𝑖. 𝑝

𝑖
= ⟨𝑝
𝑖1
, . . . , 𝑝

𝑖𝐷
⟩

is called personal best (pbest) position. 𝑝
𝑔𝑑

is the value in

http://www.bts.gov/
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Figure 2: (a) American Airlines data. (b) Delta Air Lines data. (c) Southwest Airlines data. (d) United Airlines data.

dimension 𝑑 of the best parameters combination (a particle)
found so far in the swarm (𝑃); 𝑝

𝑔
= ⟨𝑝

𝑔1
, . . . , 𝑝

𝑔𝐷
⟩ is

considered as the global best (gbest) position. Note that each
particle takes individual (lbest) and social (gbest) information
into account for updating its velocity and position.

In the search space, particles track the individual’s best
values and the best global values. The process is terminated
if the number of iterations reaches the predetermined maxi-
mum number of iterations.

3.4. The Selected Counterparts for Comparison. Single SVR
andmonthly ARIMA are selected as counterparts for the pur-
pose of comparison. It should be noted the reason for select-
ing single SVR andmonthly ARIMA is to justify the effective-
ness of ARIMA-SVMmodeling framework. Additionally, the
performances on both one-step-ahead (prediction horizon
𝐻 = 1) and multistep-ahead (prediction horizon 𝐻 =

2, 4, 6, 8, 12, 18, 24) prediction are compared across all the
models to provide more evidences for justification. Note that
the iterated strategy and direct strategy are employed in this
study for comparison.

3.5. Statistical Criteria and Rank-Based Measures. To com-
pare the effectiveness of the different prediction models, no
single accuracy measure can capture all the distributional
features of the errors when summarized across data series.

For each forecast horizon ℎ, here, we consider three forecast
accuracy measures. The first is the mean absolute percentage
error (MAPE) defined as (25), and the second is symmetric
mean absolute percentage error (SMAPE) defined as (26),
and the last accuracy measure is the mean absolute scaled
error (MASE), defined as (27). MAPE has the advantage of
being scale-independent and so is frequently used to compare
forecast performance across different datasets. Moreover, the
MAPE also has the disadvantage that it puts a heavier penalty
on positive errors than on negative errors. MASE has recently
been suggested by Hyndman and Koehler [30] as a means of
overcoming observation and errors around zero existing in
somemeasures.TheMASEhas some featureswhich are better
than the SMAPE, which has been criticized for the fact that
its treatment of positive and negative errors is not symmetric
[31]. However, the MAPE and SMAPE are still used in this
study due to their popularity in forecasting literature. The
smaller the values of MAPE, SMAPE, and MASE, the closer
the predicted time series values to the actual values. Consider

MAPE
ℎ
=

1

𝑀 ⋅ 𝑇

𝑀

∑
𝑚=1

𝑇

∑
𝑡=1

(100

󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨

𝑥ℎ
𝑚
(𝑡) − 𝑥

ℎ

𝑚
(𝑡)

𝑥ℎ
𝑚
(𝑡)

󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨

) , (25)

SMAPE
ℎ
=

1

𝑀 ⋅ 𝑇

𝑀

∑
𝑚=1

𝑇

∑
𝑡=1

(100

󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨

𝑥ℎ
𝑚
(𝑡) − 𝑥

ℎ

𝑚
(𝑡)

(
󵄨󵄨󵄨󵄨𝑥
ℎ

𝑚
(𝑡)
󵄨󵄨󵄨󵄨 +
󵄨󵄨󵄨󵄨𝑥
ℎ

𝑚
(𝑡)
󵄨󵄨󵄨󵄨) /2

󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨󵄨

) ,

(26)
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MASE
ℎ

=
1

𝑀 ⋅ 𝑇

𝑀

∑
𝑚=1

𝑇

∑
𝑡=1
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(1/ (𝑁 − 1))∑
𝑁
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,

(27)

where 𝑥
𝑚
(𝑡) denotes the observation at period 𝑡 for time

series𝑚, 𝑥
𝑚
(𝑡) denotes the forecasted value of 𝑥

𝑚
(𝑡),𝑀 is the

number of time series (in this case,𝑀 = 4), 𝑇 is the number
of observation in the hold-out sample (in this case, 𝑇 = 48),
and𝑁 is the number of observation in the estimation sample
for time series𝑚.

In this study, we repeat running eachmodel fifty times for
airline passengers traffic dataset to even out the fluctuations.
Then each of the fifty runswill produce a SMAPE for all 4 time
series. Next, the mean and standard deviation of these fifty
SMAPE are calculated and listed in the tables for examining
the performance of different models. Similarly, the mean and
standard deviation of MASE are also computed. Note that
the error measures are computed after rolling back of the
preprocessing step performed, such as deseasonalization and
detrending.

Following the experimental settings in [32], we also
conduct a number of statistical tests to compare each model
based on the obtained fifty SMAPE and MASE at the 0.05
significance level. For each prediction horizon (𝐻 = 1

and 24) and performance measure (i.e., MAPE, SMAPE,
and MASE), we perform a one-way analysis of variance
(ANOVA) procedure to determine if there exists statistically
significant difference among the eight models in out-of-
sample forecasting. Then, to further identify the significant
difference between any two models, the Tukey honestly
significant difference (HSD) test [33] is employed to compare
all pairwise difference simultaneously. Note that Tukey HSD
test is a post-hoc test; this means that a researcher should
not perform Tukey HSD test unless the results of ANOVA
are positive. A rank-based performance measure termed as
multiple comparisons with the best (MCB) [34] is used to test
whether some models perform significantly worse than the
best model.

3.6. Implementations. LibSVM (version 2.86) [35] is
employed for SVR modeling here. We select the Radial basis
function (RBF) as the kernel function in the prediction
models. To determine the hyperparameters, namely, 𝐶,
𝜀, 𝛾 (in the case of RBF as the kernel function), the PSO
algorithm is employed in the current study. Due to its
simplicity and generality as no important modification was
made for applying it to model selection, PSO has been
recently established for parameter determination of SVR.
In solving hyperparameter selection by the PSO, each
particle is requested to represent a potential solution (𝐶,
𝜀, 𝛾). Fortunately, several empirical and theoretical studies
have been performed about the parameters of PSO from
which valuable information can be obtained [36]. In this
study, the parameters are determined according to the
recommendations in these studies and selected based on
the prediction performance and computational time in a
trial-error fashion. Through experiments, the parameter

values of PSO are set as follows. Both the cognitive and
interaction coefficients are set to 2. The swarm size and
number of iterations are set to be 10 and 50, respectively.

For monthly ARIMA estimation, the automatic model
selection algorithm proposed by Hyndman and Khandakar
and implemented in the R software package “forecast”5 is
used in this study. Based on these, we develop our proposed
hybrid ARIMA-SVMs programs inMatlab, which is available
upon request.

3.7. Experimental Procedure. Figure 3 shows the experimen-
tal procedure using the real time series. Each series is split
into the estimation sample and the hold-out sample firstly.
Then, the input selection and model selection for each
series are conducted using aforementioned filter method,
PSO algorithm, and fivefold cross-validation with iterated
and direct strategies. Finally, the attained models are tested
for hold-out samples, the measures MAPE

ℎ
, SMAPE

ℎ
, and

MASE
ℎ
are computed for each prediction horizon ℎ (in our

case ℎ = 1, 2, . . . , 24) over four time series. Furthermore,
the modeling process for each series is repeated fifty times.
Upon the termination of this loop, performance of the
examined models with selected strategies at each prediction
horizon is judged in terms of the mean, average by fifty,
of the MAPE

ℎ
, SMAPE

ℎ
, and MASE

ℎ
. Analysis of variance

(ANOVA) test procedures are used to determine if the means
of performance measures are statistically different among the
five models for each prediction horizon and dataset. If so,
Tukey’s honesty significant difference (HSD) tests [37] are
then employed further to identify the significantly different
prediction models in multiple pairwise comparisons at 0.05
significance level.

4. Results and Discussion

The forecasting performance of the hybrid ARIMA-SVMs
and benchmarking method on the four airlines’ air passenger
series covered a period from January 1990 to December 2001
are shown in Table 2.

For each accuracy measure and prediction horizon, the
strategies are rank order from 1 (the best) to 6 (the worst) in
Table 2.

(i) As far as the comparison between ARIMA-SVMs
with others benchmark methods is concerned, the
results are mixing among the prediction measures
examined. In terms of MAPE and the data without
deseasonalization-detrending, I-ARIMA-SVM gets
the best performance when horizon = 1, and D-
SVM gets the best performance when horizon = 4,
8, 12 and in the average accuracy measures over the
prediction horizon 1 to 24, whileD-ARIMA-SVMgets
the performance when horizon = 2, 6, 18, 24.

(ii) It is obvious that applying deseasonalization and
detrending approach for multistep-ahead prediction
obtains better performances.

Following the experimental procedure presented in
Figure 3, an ANOVA procedure is performed to determine
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Figure 3: Experiment procedure.
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if there exists a statistically significant difference among
the six modeling strategies in the hold-out sample for each
of the performance measures and the prediction horizon.
Furthermore, to identify the significant difference between
any two strategies, the Tukey’s HSD test is used to compare
all pairwise differences simultaneously. Tukey’s HSD test is a
post-hoc test, meaning that Tukey’s HSD test should not be
performed unless the results of the ANOVA procedure are
positive. Table 3 shows the results of the multiple comparison
tests for three datasets. Several observations can be made
from Table 3.

(i) As for the comparison between ARIMA-SVMs and
the benchmark methods, the difference in predic-
tion performance is significant at the 0.05 level and
ARIMA-SVMs is better than SVM and ARIMA.

(ii) Concerning the current two multistep-ahead fore-
casting strategies, the direct strategy significantly
outperforms the iterated strategy for the majority of
prediction horizons.

During the experiments, we also found that when we
try to improve the forecast accuracy of SVM, there will be
an overfitting on training sets. That means, though we can
get a better forecast performance of the SVM model, we
cannot get a better forecast performance or even get a worse
performance of the hybrid ARIMA-SVM model. Therefore,
the optimal parameters of the hybridmodel should be further
researched.

5. Conclusion

Due to the complex and dynamic pattern with uncertainty,
time series prediction still remains as one of the most
challenging tasks in field of time series analysis. The hybrid
ARIMA-SVMs prediction models have been established
recently, which has present good performance in time series
prediction. In this study, the hybrid ARIMA-SVMs has
been employed in multistep-ahead prediction which is more
complex and difficult than one-step-ahead. The contribution
of this study is employing ARIMA-SVMs in multistep-ahead
prediction; moreover, air passengers traffic data is used for
this study and a large scale comparative study has been
conducted for validation. Quantitative and comprehensive
assessments are performedwith the air passengers traffic data
on the basis of the several prediction accuracies. Experi-
mental results and comparisons demonstrate the superior-
ity of the proposed ARIMA-SVMs modeling strategy for
multistep-ahead time series prediction.
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