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Abstract— Forecasting of air passenger and cargo have a major 
influence on the master plan of the airport infrastructure 
development and investment by the civil airline. This research 
aims to obtain the most accurate predictive value of the air 
passenger and cargo at three international airports Indonesia, 
namely, Soekarno Hatta, I Gusti Ngurah Rai, and Juanda 
Airport. Those international airports are the three largest 
contributors to the number of air passengers and cargo volumes 
in Indonesia.  This research uses a hybrid forecasting method 
that combines linear and nonlinear models. The combination of 
two linear and nonlinear models is able to obtain accurate 
predictions. The first phase is linear modeling with time series 
regression model (TSR) and Autoregressive Integrated Moving 
Average with Exogenous Factor (ARIMAX). In the second phase, 
the error of the linear model is analyzed by using machine 
learning methods such as Neural Network (NN) and Support 
Vector Regression (SVR) to capture nonlinear patterns. There 
are four hybrid models that be applied and compared, i.e. TSR-
NN, TSR-SVR, ARIMAX-NN, and ARIMAX-SVR based on the 
Mean Absolute Percentage Error (MAPE). The results show that 
hybrid ARIMAX-NN and TSR-NN give more accurate prediction 
than hybrid TSR-SVR and ARIMAX-SVR.     
 
Keywords: Air passenger, Cargo, Time Series Regression, 
ARIMAX, Neural Networks, Support Vector Regression, Hybrid 

I.  INTRODUCTION  
In recent years, the demand for global air transport services 

has continued to rise in almost all countries as reflected in the 
increasing frequency of flights, the number of air passengers 
and the volume of cargo. Biederman [1] suggests that long-
term forecasts for air passenger and cargo are the key variable 
in airports related infrastructure projects, as well as 
investments by civilian airlines. Research on air traffic has 
been carried out in almost all countries. Several studies have 
developed an appropriate model to predict the air traffic flow 
[2-3]. Forecasting using Autoregressive Integrated Moving 
Average (ARIMA) model for air passenger and cargo data has 
been widely used as in [4-5].  

 Air passenger and cargo movements often implicitly have a 
nonlinear pattern, which appears from irregular seasonal and 
trend. The nonlinear model is more representative of the 
existing data condition. The most implemented in nonlinear 
time series forecasting is the machine learning approach, such 
as Artificial Neural Network (ANN) and Support Vector 
Machine (SVM). Previous studies have reported that the ANN 
model can predict the air passengers accurately as in [6–8]. 
Moreover, the SVM model also provides a promising 
alternative to air traffic forecasting as in [9-10]. 

Based on the results of M3 competition [11], the 
combination of forecasting methods will improve the accuracy 

of forecasting. Zhang [12] has been proposed a hybrid 
methodology using ARIMA for linear components and ANN 
for nonlinear components. In addition, ARIMA-ANN model 
can improve forecasting performance compared to individual 
models. Some studies that applied hybrid methodology can be 
seen in [13–15]. 

The need for air transportation services in Indonesia is also 
expected to grow in line with the economic and population 
growth. According to the Ministry of Transportation Republic 
of Indonesia [16], Indonesia currently has 289 airports with 24 
international airports. Three international airports with the 
largest contribution in Indonesia, namely, Soekarno Hatta, I 
Gusti Ngurah Rai, and Juanda Airport. That three international 
airport contributes 55.52 percent of the number of air 
passengers departing from Indonesia and 68.50 percent of the 
total volume of cargo loading from Indonesia.  

This paper develops four hybrid models of TSR-NN, TSR-
SVR, ARIMAX-NN, and ARIMAX-SVR to obtain the most 
accurate forecasts for air passenger and cargo at the three 
largest international airports in Indonesia. The results of this 
studies can be used as input for government policies related to 
the planning and development of airport infrastructure. 

II. METHODS  

A.  Time Series Regression (TSR) Model  

In general, TSR model is basically the same as regression. 
The TSR model was used in this study is a model with the 
component of trend, seasonal and calendar variation effects. 
The trend is defined as the long-term direction that is 
continuously up or down [17]. Seasonality is a repeating 
pattern with the same period, for example, 12 months per year. 
Meanwhile, calendar variations are seasonal patterns with 
varying periods. The composition of the day varies from 
month to month and year to year such as Eid Fitri. The TSR 
model with trend, seasonality, and calendar variation can be 
described as: 

, , , 1 , 1
1 1 1 1

M G G G

m m t g g t g g t g g t
m g g g

t tY t S V V V Nδ β γ ϕ ϑ− +
= = = =

= + + + + +   (1) 

where δ  is a linear trend parameter, β  is the seasonal 
parameter, and m,tS  is a seasonal dummy variable. If the data 
are monthly, then 12M = . If the data are quarterly data, then 

4,M =  and so on. ,g tV  is a dummy variable of the effects of 
calendar variations, , 1g tV −  is a dummy variable of one month 
before the occurrence of calendar variation effects, and , 1g tV +  
is a dummy variable of one month after the occurrence of 
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calendar variation effects. If the effects of calendar variations 
made in weekly, then 4G = . If the effects of calendar 
variations made in daily, then 30G = , and so on. Total effects 
of calendar variations can be identified based on a plot time 
series. tN  is a white noise error. If the error is not white noise, 
lag is used as an additional predictor variable. Selection of lag 
can be determined based on a plot of ACF and PACF [18]. 
B. Autoregressive Integrated Moving Average with 

Exogeneous (ARIMAX) Model  
ARIMAX model is the development of ARIMA model to 

include significant exogenous factors that are considered in 
the model. ARIMA model is a linear combination forecasting 
model from the autoregressive model (AR) and the moving 
average model (MA). ARIMAX model used in this paper is a 
model with a trend, seasonal and calendar variations which 
generally can be written: 

( ) ( )
( ) ( ), , , 1 , 1

1 1 1 1

S
M G G G q Q

t m m t g g t g g t g g t tSm g g g p P

B B
Y t S V V V N

B B

θ
δ β γ ϕ ϑ

φ− +
= = = =

Θ
= + + + + +

Φ
 (2) 

  The first stages of ARIMAX model building are creating a 
time series regression models with the trend, seasonal and 
calendar variations, in order to obtain the error [18]. The error 
is modeled with ARIMA (Box-Jenkins procedure). Order of 
the ARIMA model used for the original data and the input 
variables simultaneously in equation (2). Then the next stages 
are checking the residual white noise and normal distribution, 
and test the significance parameters.  

C. Neural Network (NN) Model 

Artificial Neural Network (ANN) or known as Neural 
Network (NN), originally developed to mimic the human brain 
works, are composed of a number of interconnected simple 
processing elements called neurons or nodes [19]. Feed 
Forward Neural Network (FFNN) is the most common form of 
NN architecture used in time series modeling. FFNN consists 
of one input layer, one or more hidden layers, and one output 
layer. The NN model specification in selecting the number of 
hidden neurons used by cross-validation method [20]. The 
FFNN architecture with p  neuron in the input layer, q  
neurons in the hidden layer and one neuron in the output layer 
is shown in Figure 1.  
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Figure 1 Architecture FFNN 

The architecture describes the output value ( )ˆty  and the 

inputs ( )1 2, , ,t t t py y y− − −  with mathematical formulated as: 

0 0 0

1 1
ˆ ,

q p
h h h

t j j ij t i j
j i

y f w f w y b b−
= =

= + +   (3) 

where h
ijw  is the weight of the i th neuron input layer to the 

j th neuron hidden layer, h
jb  is the bias of the j th neuron in 

the hidden layer ( )1, 2, ,j q= , 0
jw  is the weight of the j th 

neuron from hidden layer to the neuron in the output layer, 
and 0b   is the bias of the neuron in the output layer. h

jf  is the 
activation function in the hidden layer using a sigmoid 
function, i.e. ( ) 1( ) 1 exp( )f x x −= + − . 0f  is the activation 
function in the output layer with the linear function ( )f x x= .  

D. Support Vector Regression (SVR) Model 
SVM was originally developed by Cortes and Vapnik [21] 

to solve problems in the development of SVM classification 
but also overcomes the problem of regression called the SVR. 
SVR tries to obtain the best hyperplane using principle of 
structural risk minimization (SRM), by dividing data and 
minimizing the distance between hyperplane and data. The 
regression function of the SVR methods is expressed as: 

( ) ( ) ,Tf x w x bφ= +    (4) 
where w is the weighting vector, ( )xφ is a function that maps 
nonlinearly x  from the input space into a high dimension 
features space and b  is the bias. The coefficients of w and 
b are estimated by minimizing the risk function [21] described 
in the following equation: 

1

1 2( ( )) ( , ( )) ,
2

T
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= +   (5) 

where ( )
( )0, if

( , ( )) , Otherwise

fy xiiy f xL ii fy xii

ε
ε ε

− ≤
=

− −  

with Lε  is ε -insensitive loss function, C  and ε  are the 
parameters that have been determined to obtain optimum 
global results. The concept of the loss function is to minimize 
the value as follows: 

( )21* *( , , ) min C ,
2 1

n
R w w i i

i
ξ ξ ξ ξ= + +

=
  (6) 

with limits: ( ) ,T
i i iy w x bφ ε ξ− − < +   

( ) ,T
i iw x bφ ε ξ− < +  

( ) *,T
i i iw x b yφ ε ξ+ − < + and 

*, 0i iξ ξ > , 1,2, ,i n= . 
Optimizing on such limitations can be solved using 

Lagrangian in the following form: 
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with the approach Karush-Kuhn-Tuck will be obtained: 

( ) ( ) ( )
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The kernel function ( ),i jK x x can be expressed as inner product 

( ) ( ).T
ix xφ φ  One of the kernel function is most often used is 

the Gaussian radial basis function (RBF) [22] as follows: 

( )
2

2, exp ,
2
i

i

x x
K x x

σ
−

= −   (9) 

where 2σ is a kernel parameter. The SVR function express as: 

( ) ( )*

1
( ) , .

n

i i i
i

f x K x x bα α
=

= − +   (10) 
In forecasting time series data, the inputs used are the lag 

of the observational data 1 2, , ,t t t px y y y− − −= . SVR 
architecture implemented with FFNN model approach is 
shown in Figure 2.  

 
 

Figure 2 Architecture SVR with FFNN Approach 

E. Hybrid Forecasting Model 
Zhang [16] represented a hybrid forecasting model 

consisting of linear and nonlinear models formulated as: 
 t t t tY L N e= + +    (11) 

where tL  is the linear component and tN  is the nonlinear 
component of the hybrid model. This paper compares four 
hybrid forecasting models i.e. TSR-NN, TSR-SVR, 
ARIMAX-NN, and ARIMAX-SVR. The flowchart of the four 
hybrid models is present in Figure 3. 
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Figure 3  Flowchart Modeling Hybrid TSR-NN, TSR-SVR, ARIMAX-NN 

and ARIMAX-SVR 

F. Best Model Selection Criteria 

The best model is chosen by evaluating the forecast 
accuracy. Criteria for selecting the best model is Mean 
Absolute Percentage Error (MAPE) in testing data. MAPE has 

the advantage of being scale-independent, and so are 
frequently used to compare forecast performance between 
different data sets [17]. MAPE is formulated by:  

( )
1

ˆ1 100%,
L n l n

i n l

Y Y l
MAPE

L Y
+

= +

−
=   (12) 

where n  is the number of training data, L  is the number of 
testing data, n lY +  is the actual data and ( )n̂Y l  is the forecast of 

n lY + . Measures based on MAPE has the disadvantage when 
there is any observation being infinite or undefined, or having 
an extreme value close to zero [17]. MAPE also has the 
disadvantage that put a heavier penalty on negative errors than 
on positive errors. In this study, there were no observations 
with extreme values near zero and had symmetric errors.  

III. DATA  
The research data in this paper exists monthly data on the 

number of air passenger and cargo volume at the three 
international airports in Indonesia namely Soekarno Hatta 
(CGK), I Gusti Ngurah Rai (DPS), and Juanda Airport (SUB). 
These data are periodically published by the Statistics 
Indonesia (BPS), that is collected from PT Angkasa Pura 1 
and PT Angkasa Pura 2. The time period of the data is in the 
range from January 2001 to August 2017. The research 
variables are described in Table 1.   

TABLE 1       THE RESEARCH VARIABLES 

Passenger (in persons) Cargo (in tons) 
Variable Description Variable Description 

Domestic Passenger Domestic Cargo 

1,1,tY  Departed from CGK 1,1,tZ  Loaded from CGK 

1,2,tY Departed from DPS 1,2,tZ  Loaded from DPS 

1,3,tY  Departed from SUB 1,3,tZ  Loaded from SUB 

2,1,tY  Arrived at CGK 2,1,tZ  Unloaded at CGK 

2,2,tY Arrived at DPS 2,2,tZ  Unloaded at DPS 

2,3,tY  Arrived at SUB 2,3,tZ  Unloaded at SUB 
International Passenger International Cargo 

3,1,tY  Departed from CGK 3,1,tZ  Loaded from CGK 

3,2,tY Departed from DPS 3,2,tZ  Loaded from DPS 

3,3,tY  Departed from SUB 3,3,tZ  Loaded from SUB 

4,1,tY  Arrived at CGK 4,1,tZ  Unloaded at CGK 

4,2,tY Arrived at DPS 4,2,tZ  Unloaded at DPS 

4,3,tY  Arrived at SUB 4,3,tZ  Unloaded at SUB 

The predictors used are trends, seasonal and calendar 
variations dummy variable as shown in Table 2. 

TABLE 2     THE PREDICTORS 

Dummy Description 
Trends   t = 1, 2, ..., n 

Seasonal 1,

1,
0,tS =  

for January 

 
12,

1,
0,tS =

 

for December 
 

otherwise otherwise 

Calendar 
Variation

,

1,
0,i tV =  

for Eid Fitri at week i-th month t-th,  
with i=1, 2, 3, 4 

Otherwise 

, 1

1,
0,i tV − =

 

for month t-th before Eid Fitri at week i-th,  
with i=1, 2, 3, 4 

Otherwise 

, 1

1,
0,i tV + =

for month t-th after Eid Fitri at week i-th,  
with i=1, 2, 3, 4 

Otherwise 
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IV. RESULTS AND DISCUSSION 

A. Characteristic of Air Passenger and Cargo Data  

 The growth of the total number of air passengers and cargo 
volume in the three largest international airports in Indonesia, 
namely Soekarno Hatta, I Gusti Ngurah Rai, and Juanda 
Airport is shown in Figure 4. 

 

 
Figure 4 Time Series Plot of Total Number of Departing Air Passenger (a) 

and Loading Cargo Volume (b) at Three International Airports 

Figure 4 indicates the increasing pattern of the total number of 
passengers and the total volume of cargo at the three airports 
from 2001 to 2017. Both graphs show the seasonal pattern 
with an increasing number of air passengers and cargo volume 
in July and December. July is the month in which students 
begin the new academic year, while December is the month 
for a celebration of Christmas and New Year.  

The plot illustrates that Eid Fitri has an effect on increasing 
the number of air passengers and cargo. Figure 5 visually 
determines whether there is an influence of the week of Eid 
Fitri on air passenger in Eid Fitri month, one month before Eid 
Fitri, and one month after Eid Fitri.  

 
Figure 5 Week’s Influence On Average Departing Passenger at Three Airport 

Figure 5 explains that the effect of the Eid Fitri occurring 
in different weeks will affect different air passenger and cargo 
increases. For the data of the number of departing passengers, 
when Eid Fitri occurred in the first week then the average 
passenger is high during the month of Eid Fitri. However, if 
the Eid Fitri occurs in the second, third and fourth week, then 
the average passenger during Eid Fitri is not higher than one 
month before and one month after Eid Fitri. The effect of the 
week of Eid Fitri in three airports for cargo data is described 
in Figure 6. 

 
Figure 6 Week’s Influence On Average Loading Cargo at Three Airport 
For the cargo data in Figure 6, it is apparent that if Eid Fitri 

occurred in the first, second, third and fourth week, then the 
average cargo is high at one month before Eid Fitri and one 
month after Eid Fitri. It implies that the movement of cargo 
data is not easy to predict than air passenger data. Therefore, 
for the modeling of air passenger and cargo data in the three 
airports required the influence of the week one month before 
of Eid Fitri, the week of Eid Fitri and the week after one 
month of Eid Fitri. 
B. Modeling of Air Passenger and Cargo First Phase  

The first phase is modeling air passenger and cargo at each 
airport i.e. Soekarno Hatta, I Gusti Ngurah Rai and Juanda 
Airport, using the trend, seasonal and calendar variations with 
TSR and ARIMAX models. In the TSR model, the first step is 
checking residual assumptions include white noise and normal 
distribution. If the residual white noise assumption is not 
fulfilled, significant lags will be included in the model. After 
all the assumption is satisfied, then estimate and test the 
significance of the parameter. 

Meanwhile, on ARIMAX modeling with the component 
trend, seasonal and calendar variation, the data is firstly 
modeled by the time series regression model, then the residual 
is modeled by ARIMA based on ACF and PACF pattern. 
After that, checking the assumption of residual is done to 
know whether the residual follow satisfy white noise and 
normal distribution. If all the assumption is fulfilled, then 
parameter estimation and significance testing parameter are 
performed.   
C. Modeling of Air Passenger and Cargo Second Phase  
 The second phase is modeling by the hybrid method, i.e. 
TSR-NN, TSR-SVR, ARIMAX-NN, and ARIMAX-SVR. In 
TSR-NN or ARIMAX-NN modeling, the error of TSR or 
ARIMAX model was modeled using FFNN three layer. The 
input used in second phase modeling is a significant lag data 
in first phase modeling. It aims to capture the neglected 
nonlinear component of TSR or ARIMAX modeling through 
advanced modeling using the error. The selection of the 
number of neurons in the hidden layer was chosen by design 
experiment from the number of neurons that generate the 
minimum MAPE testing data.   
 Determination of parameters in TSR-SVR and ARIMAX-
SVR hybrid modeling was using grid search method. This 
method intends to obtain optimum global results. The inputs 
used in the TSR-SVR and ARIMAX-SVR models were 
similar to the inputs used in the TSR-NN and ARIMAX-NN 
models. The SVR model has three parameters, i.e. 2σ , 
epsilon, and C. To achieve the optimum parameters, it is 
necessary to combine the values of the three parameters in 
order to obtain the smallest MAPE value. 
 The combined value of 2σ  is used between 0.01 and 1 
[10]. The value of epsilon parameters used from range 10 to 
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100. The value of C used from range 1000 to 100000. The 
combination of the three parameters offers thousands of 
combinations which are then selected with the minimum 
MAPE values testing data. The accuracy performance of TSR-

NN, ARIMAX-NN, TSR-SVR, and ARIMAX-SVR models 
by MAPE values for each data of air passenger and cargo at 
three international airports are presented in Table 3. 

TABLE  3.    COMPARISON MAPE VALUE OF TSR-NN, ARIMAX-NN, TSR-SVR AND ARIMAX-SVR HYBRID MODELS  

Variable MAPE Training Data MAPE Testing Data 
TSR-NN ARIMAX-NN TSR-SVR ARIMAX-SVR TSR-NN ARIMAX-NN TSR-SVR ARIMAX-SVR

Domestic Passenger  
Departed from CGK  2.46 3.56 3.89 5.11 5.77 4.11 5.26 5.19
Departed from DPS 5.46 5.99 5.30 0.16 5.32 5.60 6.95 9.22
Departed from SUB  5.11 5.73 0.05 0.96 14.02 20.87 9.49 7.16
Arrived at CGK  3.61 5.26 5.18 6.17 5.51 4.97 6.41 5.47
Arrived at DPS 4.08 3.77 3.54 3.19 6.26 5.41 7.19 9.35
Arrived at SUB  4.50 4.18 0.05 1.09 23.07 6.30 10.57 5.51
International Passenger  
Departed from CGK  5.42 4.52 1.64 2.60 4.41 4.86 5.19 4.43
Departed from DPS 3.59 6.41 5.78 0.13 10.92 7.31 12.62 7.48
Departed from SUB  6.51 6.85 2.28 6.50 7.49 5.88 9.29 9.17
Arrived at CGK  6.17 4.93 6.19 0.43 6.86 7.31 6.86 6.70
Arrived at DPS 5.34 6.43 4.88 0.10 5.70 6.65 7.73 8.60
Arrived at SUB  5.84 9.36 2.80 8.71 11.32 7.13 8.80 10.23
Domestic Cargo  
Loaded from CGK 5.79 5.77 2.06 5.26 10.52 10.44 12.86 11.81
Loaded from DPS 10.11 13.18 21.82 14.78 49.19 56.47 50.79 42.69
Loaded from SUB 6.32 9.12 2.69 11.04 15.78 21.99 10.28 7.97
Unloaded at CGK  6.95 4.87 0.67 2.00 28.41 24.13 14.41 13.96
Unloaded at DPS  10.63 9.23 6.98 9.38 13.57 23.90 19.56 13.84
Unloaded at SUB 11.42 8.93 4.02 8.54 6.59 12.44 10.09 7.73
International Cargo  
Loaded from CGK 9.55 9.48 8.12 7.59 10.49 11.33 17.67 15.74
Loaded from DPS 9.06 8.17 5.51 5.17 35.06 35.00 35.80 46.00
Loaded from SUB 11.38 13.08 1.64 17.09 12.41 13.54 15.69 17.42
Unloaded at CGK  11.46 14.21 5.31 10.82 16.00 19.60 18.44 20.02
Unloaded at DPS  15.69 14.53 11.22 12.73 26.18 32.59 31.56 22.90
Unloaded at SUB 16.97 19.25 3.25 15.00 23.63 16.83 20.21 16.93

 
 From Table 3, it can be seen that the use of hybrid models 
provides more accurate forecasting results, especially in 
training data. On average, the TSR-NN hybrid model for air 
passenger and cargo in training data was able to reduce the 
MAPE value of the TSR model by 36.52 percent on air 
passenger data and by 20.84 percent in cargo data. The TSR-
SVR model on average can reduce MAPE value of TSR 
model in training data up to 45.14 percent for air passenger 
data and 50.96 percent for cargo data. However, for testing 
data, the TSR-NN model can only reduce the value of the 
MAPE TSR model by 11.94 percent for air passenger data and 
by 5.43 percent for cargo data. Therefore, the TSR-SVR 
forecast for testing data does not always yield better results 
than the TSR model. 
 On average, ARIMAX-NN hybrid model on training data 
was able to reduce the MAPE value of ARIMAX models by 
35.73 percent on air passenger data and 19.14 percent on 
cargo data. The ARIMAX-SVR model on average can reduce 
MAPE value of ARIMAX model in training data up to 62.64 
percent for passenger data and 19.98 percent for cargo data. 
For testing data, ARIMAX-NN model was only able to reduce 
the MAPE value of ARIMAX model by 10.74 percent for 
passenger data and 6.45 percent for cargo data. While in data 
testing, ARIMAX-SVR forecast results do not always yield 
better forecasting accuracy than the ARIMAX model. 
 Based on the MAPE value criteria in testing data, shows 
that the best forecast results for each air passenger and cargo 
data on the three airports resulted in different forecasting 
models. The ARIMAX-NN hybrid method is the best method 
of forecasting 9 data of air passenger and cargo or as much as 
38 percent. The best TSR-NN hybrid method for forecasting 8 

data of air passenger and cargo. Moreover, the best ARIMAX-
SVR hybrid method for forecasting 7 data of air passenger and 
cargo. These results indicate that the use of NN in hybrid 
models give better results than the SVR especially for data of 
air passenger and cargo at the three international airports in 
Indonesia. 

D. Prediction of Air Passenger and Cargo Until 2018  
After obtaining the best forecasting model, the further 

forecast was made for the September 2017 to December 2018. 
The predicted numbers of total air passengers for the three 
airports is presented in Figure 7. 

 
Figure 7 Total Predicted Number of Air Passengers Departing (a) and 

Arriving (b), In Three International Airports 
Figure 7 shows that an estimated the number of air 

passengers increase highly in December of 2018 both on 
passenger departure and arrival airport due to Christmas and 
New Year holidays. In addition, the increasing demand is also 
expected to be high due to official travels of government and 
private employees at the end of the year. Otherwise, in 
February 2018, the passenger movement is expected to 
decline, because if there is no big event, the number of days in 
this month is less than the other month. The Eid Fitri in 2018 
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is estimated in the second week of June. Therefore, it is 
expected that the increasing number of passengers will occur 
from May, June, and July.  

The total predicted value in three airports of cargo volume 
is shown in Figure 8. Moreover, Figure 8 explains the 
predicted numbers of air cargo tend to follow fluctuation 
pattern depends on global economic conditions. 

 
Figure 8 The Total Predicted Value of Loading Cargo (a) and Unloading 

Cargo (b) In Three International Airports 

V. CONCLUSION  
The growth of air passenger and cargo in the three airports, 

namely Soekarno Hatta, I Gusti Ngurah Rai, and Juanda 
Airport revealed that the data have increase pattern from year 
to year. In addition, the movement of air passenger and cargo 
at the three airports has a periodic pattern that is during 
academic year holiday in July as well as December Christmas 
and New Year holiday. The air passenger and cargo patterns 
also increase in Eid Fitri holiday none as follow the effect of 
calendar variation. 

The four hybrid methods, i.e. TSR-NN, TSR-SVR, 
ARIMAX-NN, and ARIMAX-SVR, was able to reduce the 
error of the individuals TSR or ARIMAX model in training 
data, although the testing data does not always yield better 
forecasting accuracy. Based on the comparison of forecast 
performance, the results show that ARIMAX-NN and TSR-
NN methods yielded better forecasting performance than TSR-
SVR and ARIMAX-SVR. Thus the use of NN in hybrid 
models has better performance compared with the SVR for 
predictive air passenger and cargo data at the three largest 
international airports in Indonesia. 
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