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Abstract. This study focuses on forecasting the number of domestic transporta-
tion passengers at Juanda International Airport using a time series model by including

exogenous variables of calendar variation effects of Eid Al-Fitr and Eid Al-Adha holidays.

Data of the number of domestic passengers at Juanda International Airport from the
Statistics Indonesia (BDS) was analyzed for the period January 2014 to May 2024. The

models used include Dummy Regression, Trend Regression, ARIMA, SARIMA, ARI-
MAX, and SARIMAX. The analysis results show that the ARIMAX model produces

the most accurate prediction. Juanda Airport passenger data is optimal in the ARI-

MAX ([1,11],1,1) model with the exogenous variable Eid al-Fitr dummy which produces
MAPE:7.49; RMSE: 41,133.26; and MAE: 34.119,06. The results of the analysis show

that including exogenous variables in the form of calendar variations in the forecasting

model can improve prediction accuracy.

Keywords: Calendar variation, Time series, Domestic passengers, Airport

1. Introduction

Air transportation has become a supporting factor for community mobility and eco-

nomic growth in Indonesia with a geographical condition consisting of thousands

of islands. Indonesia, as the world’s largest archipelago, faces significant challenges

in managing the mobility of a population spread across more than 17,000 islands.

Juanda International Airport in Sidoarjo, East Java, one of the busiest airports in

Indonesia, not only serves the air transportation needs in the East Java region, but

also has the function of connecting eastern Indonesia with major economic centers

on the island of Java and beyond. Over the past few years, the growth in the num-

ber of passengers at Juanda International Airport has increased significantly. This
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growth has been driven by various factors, including increased economic activity in

East Java, the development of the tourism sector, and increased public awareness

of the importance of fast and efficient mobility.

Data of the Central Bureau of Statistics (BPS) from year to year shows sig-

nificant fluctuations in the number of passengers at Juanda International Airport,

especially during certain periods such as Eid al-Fitr and Eid al-Adha. In Indonesia,

Eid al-Fitr and Eid al-Adha are two important moments where the number of air

travel tends to increase significantly. During this period, many people travel back to

their hometowns to celebrate the holidays with their families. The National Police

report shows an increase in traffic accidents during the homecoming season, with a

total of 138,673 cases in 2022, of which 29,679 cases occurred in East Java, making

sea and air transportation a safer option. BPS recorded a significant upward trend

in passengers at Juanda International Airport. The number of passengers reached

7,719,572 people in 2019, decreased dramatically to 2,283,671 in 2020 due to the

COVID-19 pandemic, but increased again to 4,500,000 in 2022 [1], [2], [3]. This

increase in passenger demand has led to congestion at airports, flight delays, and

increased pressure on airport infrastructure. Faced with these challenges, accurate

forecasting of passenger numbers is important for Juanda International Airport

managers, airlines, and policy makers.

Forecasting aims to predict the future as accurately as possible, taking into ac-

count all available information, including historical data and knowledge of future

events that might affect the forecast [4]. The Autoregressive Integrated Moving

Average (ARIMA) model is one of the most widely used forecasting methods in

time series data analysis. This model is known for its ability to identify and model

patterns in historical data to predict future values. When faced data with seasonal

elements, the Seasonal ARIMA (SARIMA) model is one option. An empirical in-

vestigation carried out and found that the ARIMA and SARIMA model offers a

simple and adaptable way to execute forecasting, with accuracy comparable to other

more complex prediction techniques. However, in the face of the added complex-

ity of calendar variations and other external factors, ARIMA or SARIMA models

are not good enough to predict Tanjung Perak passenger [5], fish production [6],

steamflow [7], application to employment [8], electricity demand [9], and Covid-19

epidemic [10]. Therefore, the ARIMAX (ARIMA with Exogenous Variables) model

was chosen as a solution to predict data affected by calendar variations. ARIMAX

not only retains the ability of ARIMA in analyzing time series data, but also allows

the addition of exogenous variables that can affect the number of passengers so that

the model can account for passenger spikes that occur during those periods.

Calendar variation is an important factor that needs to be taken into account

in modeling data, especially time series data that is affected by national holiday

events. Calendar variation refers to seasonal fluctuations that occur during cer-

tain periods of the year, such as during religious holidays and vacation seasons.

Several studies have considered the effect of calendar variation in modeling data

and produced more accurate predictions. Forecasting the number of tourist visitors

[11] and search trends for the keyword on Google Trends data [12] showed a high

level of accuracy. Another study found that ARIMAX was more effective in fore-
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casting the number of passengers at Makassar Port, with results showing seasonal

patterns related to holidays [13]. The development of the SARIMAX model also

provides positive results, as seen in the research for the prediction of TransJakarta

passengers [14], rainfall forecasting [15], and passanger of Tanjung Priok port [16].

Meanwhile, [17] showed that the ARIMAX model has a higher accuracy rate than

the ARIMA and SARIMA models in predicting data affected by calendar varia-

tions, with an accuracy rate of up to 90%, and recommended the use of ARIMAX

for future research due to its ability to consider external factors such as calendar

variations.

Calendar variations also play an important role in influencing passenger numbers

at Juanda International Airport. This study aims to analyze and predict the number

of domestic transportation passengers in Juanda International Airport using the

time series method by considering the effect of holiday calendar variations. The

calendar variation variable used to increase the accuracy of the forecasting results.

The results are expected to show the importance of considering the holiday calendar

effect on time series data and the results can provide useful information for Juanda

International Airport managers in capacity planning and service improvement.

2. Some Concepts

2.1. Calender Variation

Calendar variation can be seen as a recurring pattern that has different periods

due to changes in the length of the month each month due to the influence of

events that occur on different dates each year. There are two calendar variations,

namely the trading day effect and the holiday effect [18], [19], and [20]. Bell [20]

examined modeling time series data with calendar variation. Holidays are caused by

important cultural or religious celebrations such as Eid al-Fitr, Easter, and Chinese

New Year, which can affect business activities and customer behavior. In Indonesia,

a predominantly Muslim country, the influence of the calendar is also seen during

religious holidays, which is most noticeable during the Eid al-Fitr i and Eid al-

Adha holidays. The Islamic (Hijri) calendar uses the circulation of the moon as a

reference, so the beginning of the day and date in the Hijri Calendar is different

from the day and date in the Gregorian calendar. As a result, a year in the Hijri

Calendar is about eleven days shorter than a year in the Gregorian calendar. In

this study, the exogenous variable used is a dummy variable, namely the effect of

calendar variation on Eid al-Fitr and Eid al-Adha.

2.2. Dummy Regression

Dummy regression is a technique in linear regression that includes categorical vari-

ables as predictors. Dummy variables are usually used to represent different groups

of categories, or conditions [21]. Dummy regression uses categorical variables, where

categorical variables with k categories are represented using k−1 dummy variables.

Each dummy variable has a value of 0 or 1 to indicate whether an observation be-

longs to a particular category or not. Linear regression model equation with the use
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of dummy variables.

Yi = β0 + β1X1i+ · · ·+ βkXki+ y1D1i+ y2D2i+ · · ·+ ymDmi+ ϵi, (2.1)

with Yi dependent variable (respondent) n the ith observation, β0 intercept (con-

stant) of the model, β1, β2, · · · , βk coefficient for continuous independent variable

X1, X2, · · · , Xk, D1i, D2i, · · · , Dmi dummy variable on the ith observation, This

dummy variable takes the value 0 or 1 to indicate membership in a particular cat-

egory, Y1, Y2, · · · , Ym the coefficient for the dummy variable, which indicates the

average difference in the dependent variable between different categories, and ϵi
error or residual at the ith observation.

2.3. Trend Regression

Trend regression is a method used in time series analysis to identify and quantify

long-term trends in data. Modeling in the context of time series, the occurrence of

a trend refers to a systematic change in the value of the dependent variable over

time. Trend regression helps in separating the trend component from seasonal and

random variations in the data [22]. Trend regression is described by the following

equation:

Yt = β0 + β1t+ ϵt, (2.2)

with Yt the value of the dependent variable at time t, β0 the intercept or constant

of the model, which indicates the initial value of the trend, β1 trend coefficient,

which measures the rate of change or slope of the trend over time, t time or period

often expressed in units of time such as months, years, or quarters, and ϵt error

or residuals at time t, which includes random variation not explained by the trend

model.

2.4. ARIMA

The Autoregressive Integrated Moving Average (ARIMA) model combines three

processes, namely autoregressive, differencing, and moving average. The general

format for the ARIMA model is (p,d,q), where p is the order of the AR operator, d

is the differencing order, and q is the order of the MA operator [23]. The ARIMA

model is expressed with the following equation:

∅p(B)(1−B)dẐt = µ+ θq(B)at, (2.3)

with ∅p coefficient of pth autoregressive parameter, θq coefficient of the qth autore-

gressive parameter, B backshift operator, D differencing, µ constant, at error value

at time t, p autoregressive degree, d level of differencing process, q degree of moving

average.

2.5. SARIMA

The Seasonal Autoregressive Integrated Moving Average or (SARIMA) model com-

bines non-seasonal and seasonal factors in one multiplicative model. The SARIMA
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notation is expressed as ARIMA (p,d,q) x (P ,D,Q)S , where p,d,q indicates the or-

der for the seasonal component, and S is the seasonal period. This model can be

written with the following equation:

ϕp(B)ϕ(Bs)(1−B)d(1−Bs)dẐt = µ+ θq(B)ΘQ(B
s)αt, (2.4)

with Ẑt observation at time t, ϕp(B) non-seasonal AR component of order p, ϕp(B
s)

p-order seasonal AR component, (1 − B)d non-sensasional differencing of order d,

(1 − Bs)D seasonal differencing of order d, θq(B) non-seasonal MA component of

order q, ΘQ(B
s) seasonal MA component of order q, αt residuals at time t.

2.6. ARIMAX

Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX)

is a time series model that extends the ARIMA model by including one or more

exogenous variables [24]. One of the frequently used exogenous variables is the calen-

dar variation effect variable, which takes into account the influence of certain events

such as holidays or trading days on time series data. In this study, the exogenous

variable used is a dummy variable, namely the effect of calendar variations on Eid

al-Fitr and Eid al-Adha holidays. The ARIMAX method has several models, namely

AR, MA, ARMA, ARIMA, and ARIMAX. In general, the ARIMAX model equation

can be expressed as follows [25].

(1−B)dϕp(B)Ẑt = µ+ θq(B)αt + β1X1t + · · ·+ βkXkt, (2.5)

with Zt response variable, αp pth autoregressive parameter, Yt qth autoregressive

parameter, β1, · · · , β1 coefficients of exogenous variables.

The stages in ARIMAX are the same as those in ARIMA modeling, which

include parameter estimation and parameter significance testing, residual diagnostic

checks, and forecasting the ARIMAX model by taking into account the effects of

calendar variation.

2.7. SARIMAX

The SARIMAX model is an extension of the ARIMAX model that contains seasonal

elements. In general, the equation for the SARIMAXmodel can be written as follows

[26].

ϕp(B)ϕp(B
s)ϕp(1−B)d(1−Bs)DẐt = µ+θq(B)ΘQ(B

s)αt+α1X1,t+α2X2,t+· · ·+αkXk,t

(2.6)

with Ẑt observation value at time t, ϕp, ϕP pth AR parameter, B backshift operator,

θq,ΘQ pth MA parameter, αt residuals at time t, µ′ constant.

2.8. Model Accuracy Evaluation

Model evaluation is a crucial stage in time series analysis that aims to identify the

best model among the various model options obtained [16]. This process compares
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the performance of each model to find the most accurate and efficient by looking

at the error value, the most accurate model is the model with the smallest error.

This aims to produce future predictions that are optimal and close to actual data.

The accuracy of the forecasting model in this study is evaluated using the error

measures RMSE, MAPE, and MAE [4].

(a) Root Mean Square Error (RMSE)

RMSE or root mean square error is used to measure the error of the model’s

estimated value expressed as the root mean square error. The RMSE formula

is expressed by the equation:

RMSE =

√√√√ 1

n

n∑
t=1

(Zt − Ẑt)2. (2.7)

RMSE is used to compare several estimation models of the same time series.

A good model has a small RMSE, because the model will be more suitable or

closer to the existing data. Models with a smaller RMSE tend to have a smaller

forecast error variance, which means that the variation in the value produced

by a forecasting model is close to the variation in the observation value. The

smaller the RMSE value, the closer the predicted and observed values.

(b) Mean Absolute Percentage Error (MAPE)

MAPE is used to measure the error of the estimated value of the model ex-

pressed in the form of an absolute average percentage error. The formula for

determining the MAPE value is expressed by the equation:

MAPE = 100× 1

n

n∑
t=1

∣∣∣∣∣Zt − Ẑt

Zt

∣∣∣∣∣. (2.8)

MAPE is useful for providing information on how much the forecasting error

is compared to the actual value. MAPE measures the accuracy of the forecast

produced by a model. The smaller the percentage error value in MAPE, the

more accurate the forecasting results.

(c) Mean Absolute Error (MAE)

Mean Absolute Error evaluater the average absolute difference between actual

and forecasted values in a statistical model. The MAE formula is expresses by

the equation:

MAE =
1

n

n∑
t=1

∣∣∣Zt − Ẑt

∣∣∣ (2.9)

MAE gives results according to the original data units so that they are easy to

interpret. MAE gives equal weight to all errors including outliers.

2.9. Data and Research Variables

This study uses secondary data, namely monthly data on the number of airplane

passengers departing domestic flights at Juanda International Airport. This data

covers the period from January 2014 to May 2024, with a total of 125 obser-

vations obtained from the official website of the Statistics Indonesia (BPS) at
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www.bps.go.id. This study integrates dummy variables to capture the calendar

variation effects of Eid al-Fitr and Eid al-Adha holidays that affect passenger travel

demand, which often trigger a surge in demand, as well as holiday seasons and other

peak travel periods such as school holidays or major festivals. This research involves

dividing the dataset into training and testing data with a ratio of 70:30. The vari-

able Number of Passenger Departures is the response variable, while the exogenous

variables are calendar variations in the form of Eid al-Fitr and Eid al-Adha holi-

days. Determination of exogenous variables is using (i) a dummy variable to declare

the Eid al-Fitr and Eid al-Adha holiday and (ii) ratio of calendar variations refer

to [27].

2.10. Data Analysis

This research was conducted in several stages as follows.

2.10.1. Descriptive Analysis

Descriptive analysis was conducted on the number of domestic passengers at Juanda

International Airport. This stage provides an overview of data characteristics, in-

cluding, mean, median, mode, standard deviation, minimum value, and maximum

value. This information helps researchers to understand the distribution of the data.

2.10.2. Data Modelling

(i) Stationary Test in Variance

Stationarity in variance was identified using the Bartlett test. If the data is not

stationary, then data transformation is performed.

(ii) Stationary Test in Mean

The stationarity check in the mean is done through the ADF (Augmented

Dickey-Fuller) test. If the data is not yet stationary at the level, then differencing

is performed.

(iii) Identification Model

Form ACF and PACF plots on data that has been stationary in variance and

mean.

(iv) Model Parameter Estimation

In parameter estimation to determine the suspected model of dummy regres-

sion and trend regression based on a probability value ≤ 0.05. Meanwhile, the

ARIMA and SARIMA models are based on significant lags and auto ARIMA

results. ARIMAX and SARIMAX require the addition of dummy variables in

the modeling process. However, the determination of the estimation model and

model selection for ARIMAX and SARIMAX still use the same approach as

ARIMA and SARIMA, namely based on significant lags, auto ARIMA, and the

lowest AIC value.

(v) Diagnostic Test

Perform residual diagnostic tests, including white noise test, normality test, and

heteroscedasticity test on the selected model.
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(vi) Best Model Selection

Determine the best model that meets the diagnostic test and has the lowest

AIC value.

(vii) Model Accuracy Evaluation

Evaluate the accuracy of each model by looking at the smallest RMSE, MAPE,

and MAE values.

(viii) Forecasting

Forecasting the number of aircraft passengers at Juanda International Airport

for the period January 2024 – June 2024 .

3. Result and Discussion

3.1. Research Results

3.1.1. Descriptive Analysis of the Number of Domestic Passenger of Juanda

International Airport

Figure. 1. Domestic Aircraft Passenger Data of Juanda International Airport (Jan 2014 - May

2024)

The data used in this study includes 125 months of airplane passenger data.

The data is divided with a proportion ratio of 70:30 which is trainng data start-

ing from January 2014 to December 2021 and testing data from January 2022 to

May 2024. Figure 1 shows that the data on the number of airplane passengers is

quite stable, up and down regularly every year. However, in 2020 to 2021, there

was a drastic decline due to the COVID-19 pandemic. The average number of do-

mestic passengers at Juanda International Airport is 488,805 passengers per month

and the median is 521,681. The range of passenger numbers ranged from 5,397 to

899,548 passengers, with a standard deviation of 186,574.8 indicating large varia-

tions between months. The negative skewness (-0.504) and kurtosis of 2.664 indicate

a near-normal distribution, and the Jarque-Bera test results support a near-normal

distribution (probability 0.052). The data shows significant fluctuations in the num-

ber of passengers, especially during vacation and holiday events.
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3.1.2. Data Modelling of Juanda International Airport Domestic Passenger

Data

(1) Stationarity Test

The initial step in identifying time series modeling is to test the stationarity

of the data on variance and mean. Stationarity testing is carried out using the

Dicky Fuller (ADF) test which shows that the data is not yet stationary and

requires one differencing process.

(2) Model Identification

The ACF plot in Figure 2 shows cut-offs at lags 1, 10, 12, and 13, indicating

the presence of moving average (MA) elements, while the PACF shows cut-offs

at lags 1, 10, 11, and 12, indicating the strong influence of the autoregressive

(AR) component at those lags.

Figure. 2. ACF and PACF Plots

(3) Parameter Estimation Model

(a) Dummy Regression

Dummy regression parameter estimation is conducted by including dummy

variables and ratios representing the Eid al-Fitr and Eid al-Adha holidays.

Dummy variables are used as binary indicators (0 or 1) indicating the

presence or absence of these holidays, while ratios or variable weights are

used to adjust the effect of these holidays based on the intensity or duration

of each event. The best model is done by comparing several alternative

models as shown in Table 1. Table 1 shows that some parameters are

significant, as the probability of some variables is ≤ 0.05.

(b) Trend Regression

Trend Regression parameter estimation is performed to evaluate the im-
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Table 1. Estimated Parameter Dummy Regression Models

Exogenous Variables Coeff Prob AIC Description

Eid al-Fitr Dummy 504505,1 0,0008 29,18 Passed
Eid al-Fitr Ratio 556871,4 0,0057 29,22 Passed
Eid al-Adha Dummy 472433,0 0,0063 29,22 Passed
Eid al-Adha Ratio 556332,1 0,0066 29,22 Passed

pact of long-term trends on the data. By using trend variables, the model

can identify consistent patterns of growth or decline over time. The best

model is done by comparing several alternative models as shown in Table

2.

Table 2. Estimation and Significance Test of Trend Regression Parameters

Exogenous Variables Coeff Prob AIC Description

Trend, Eid al-Fitr Dummy 6508,184 0,0000 28,64 Not Passed
206129,9 0,0790

Trend, Eid al-Fitr Ratio 6651,600 0,0000 28,66 Not Passed
215184,0 0,1630

Trend, Eid al-Adha Dummy 6705,926 0,0000 28,67 Not Passed
127077,8 0,3443

Trend, Eid al-Adha Ratio 6678,407 0,0000 28,66 Not Passed
186220,9 0,2376

Trend, Eid al-Adha Dummy 6733,813 0,0000 28,68 Not Passed
and Eid al-Adha Ratio -207608,0 0,6105

416562,0 0,3851
Trend, Eid al-Fitr Dummy 6508,416 0,0000 28,66 Not Passed
and Eid al-Fitr Ratio 209639,6 0,2882

-5720,635 0,9823

Table 2 shows that the parameters are not significant, because the proba-

bility of all variables ≥ 0.05.

(c) ARIMA Model

ARIMA model estimation is done after checking data stationarity and

model identification using ACF and PACF plots. Determining the best

model is done by comparing several alternative models as shown in Table

3.

Table 3 shows that the tested ARIMA models have significant parameters

with probability values less than 0.05.

(d) SARIMA Model

The SARIMA model was chosen in consideration of the recurring patterns

that occur in the annual Eid al-Fitr and Eid al-Adha holiday events. The

SARIMA model estimation is carried out using the ARIMA model ref-

erence by adding a seasonal component. Determining the best SARIMA

model is done by comparing several alternative models as shown in Table

4.
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Table 3. Estimation and Significance Test of ARIMA Parameters

Model Parameters Coeff Prob AIC Description

(1,1,0) AR(1) 0,992617 0,0000 25,925 Passed
d(1) 0,496254 0,0000

(1,1,1) AR(1) 0,982200 0,0000 24,696 Passed
d(1) 0,500649 0,0000

MA(1) 0,928148 0,0000
([10],1,0) AR(10) 0,940158 0,0000 27,148 Passed

d(1) 0,505244 0,0000
([1,11],1,0) AR(1) 0,905669 0,0000 24,885 Passed

AR(11) 0,090422 0,0288
d(1) 0,496892 0,0000

([1,11],1,1) AR(1) 0,786637 0,0000 24,586 Passed
AR(11) 0,195039 0,0004
d(1) 0,500721 0,0000

MA(1) 0,924620 0,0000
([1,12],1,1) AR(1) 0,786637 0,0000 24,588 Passed

AR(12) 0,206711 0,0017
d(1) 0,500569 0,0000

MA(1) 0,951695 0,0000

(e) ARIMAX Model

The ARIMAX model was chosen in consideration of the effects of calen-

dar variations in the Eid al-Fitr and Eid al-Adha holidays. The ARIMAX

modeling stages are the same as ARIMA but by adding exogenous vari-

ables. Determining the best ARIMAX model is done by comparing several

alternative models as shown in Table 5.

(f) SARIMAX Model

The SARIMA model was chosen in consideration of the recurring patterns

that occur in the annual Eid al-Fitr and Eid al-Adha holiday events by

adding the effect of calendar variation of Eid al-Fitr and Eid al-Adha

holidays. The estimation and significance test of the SARIMAX model

parameters are presented in Table 6.

(4) Diagnostic Test

Based on the estimation results and significance tests of the six models in the

previous stage, the best model estimate with the smallest AIC value was selected

and further evaluated through the residual diagnostic test. The results of this

test can be seen in Table 7.

(5) Selection of the Best Model

The selection of the best model is based on the results of the residual diagnostic

test, taking into account the most suitable model that meets the statistical as-

sumptions. The best model of Juanda International Airport Domestic Passenger

are presented in Table 8.

(6) Model Accuracy Evaluation

Evaluation of model accuracy is done by comparing the MAPE, RMSE, and

MAE values of each of the best models previously obtained. The model with
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Table 4. Estimation and Significance Test of SARIMA Parameters

Model Parameters Coeff Prob AIC Description

(1,1,[10])12 (1,1,[2,12]) d(1) 0,50 0,0000 24,35 Passed
AR(1) 0,59 0,0000
MA(10) -0,49 0,0002
SAR(1) 0,99 0,0000
SMA(2) -0,62 0,0000
SMA(12) 0,40 0,0001

(1,1,[10,12])12 (1,1,[2]) d(1) 0,50 0,0000 24,40 Passed
AR(1) 0,67 0,0000
MA(10) -0,36 0,0085
MA(12) 0,44 0,0011
SAR(1) 0,99 0,0000
SMA(2) -0,73 0,0000

(([1,11],1,[11])12 (1,1,[2])) d(1) 0,50 0,0000 24,410 Passed
AR(1) 0,52 0,0000
AR(11) 0,47 0,0000
MA(11) -0,99 0,0004
SAR(1) 0,99 0,0000
SMA(2) -0,60 0,0000

((1,1,[10])12 ([1,12],1,[2])) d(1) 0,50 0,0000 24,415 Passed
AR(1) 0,99 0,0000
MA(10) -0,51 0,0001
SAR(1) 0,54 0,0000
SAR(12) 0,30 0,0001
SMA(2) -0,62 0,0001

((1,1,[12])12 (1,1,[2])) d(1) 0,50 0,0000 24,42 Passed
AR(1) 0,99 0,0000
MA(12) 0,50 0,0001
SAR(1) 0,73 0,0000
SMA(2) -0,85 0,0000

([1,11],1,1)12 (1,1,1) d(1) 0,50 0,0000 24,43 Passed
AR(1) 0,56 0,0014
AR(11) 0,21 0,0095
MA(1) -0,84 0,0000
SAR(1) 0,99 0,0000
SMA(1) 0,93 0,0000

Table 5. Estimation and Significance Test of ARIMAX Parameters

Model Parameters Coeff Prob AIC Description

([1,11],1,1)

AR(1) 0,869140 0,0000 24,42 Passed
AR(11) 0,125907 0,0142
d(1) 0,496709 0,0000

MA(1) 0,597060 0,0000
Eid al-Fitr Dummy -51625,93 0,0000

([1,11],1,1)

AR(1) 0,848654 0,0000 24,55 Passed
AR(11) 0,145705 0,0130
d(1) 0,494617 0,0000

MA(1) 0,645871 0,0145
Eid al-Fitr Ratio -26911,81 0,0036
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Table 6. Estimation and Significance Test of SARIMAX Parameters

Model Parameters Coeff Prob AIC Description

(1,1,[10])(1,1,[2,12])12 d(1) 0,49 0,0000 24,34 Passed
AR(1) 0,99 0,0000
MA(10) -0,45 0,0001
SAR(1) 0,57 0,0000
SMA(2) -0,57 0,0000
SMA(12) 0,32 0,0007

Eid al-Fitr Dummy -20956,38 0,0378

(1,1,[10])(1,1,[2,12])12 d(1) 0,49 0,0000 24,33 Passed
AR(1) 0,99 0,0000
MA(10) -0,41 0,0037
SAR(1) 0,57 0,0000
SMA(2) -0,58 0,0001
SMA(12) 0,46 0,0003

Eid al-Fitr Ratio -13770,3 0,0436

Table 7. Diagnostic Test of Dummy Regression

Model Exogenous Variable White Noise Heteroscedasticity Normality

Dummy Regression Eid al-Fitr Dummy No Heteroscedasticity No

Trend Regression Does not pass the significance test

ARIMA([1,11],1,1) - No Homoskedasticity Close to normal

SARIMA - Yes Homoskedasticity Yes

(1,1,[10])(1,1,[2,12])12

ARIMAX([1,11],1,1) Eid al-Fitr Dummy Yes Homoskedasticity Yes

SARIMAX Eid al-Fitr Ratio Yes Homoskedasticity Yes

(1,1,[10])(1,1,[2,12])12

Table 8. The Best Model

Model Exogenous Variable AIC Diagnostic Test

Dummy Regression Eid al-Fitr Dummy 29.18 No

Trend Regression Eid al-Fitr Dummy 28.64 No

ARIMA([1,11],1,1) - 24.59 Yes

SARIMA(1,1,[10])(1,1,[2,12])12 - 24.35 Yes

ARIMAX([1,11],1,1) Eid al-Fitr Dummy 24.42 Yes

SARIMAX (1,1,[10])(1,1,[2,12])12 Eid al-Fitr Ratio 24.33 Yes

the lowest MAPE, RMSE, and MAE values in all three metrics is selected as

the best. This selected model is then used for forecasting in the next stage. The

evaluation metrics of the six best models are presented in Table 9.

Based on the evaluation metrics in Table 8, the ARIMAX ([1,11],1,1) model

with Eid dummy shows the best overall performance. This model has the lowest

MAPE, RMSE, and MAE values. These values confirm that this model provides

predictions with the lowest error rate compared to other models. Therefore, the

ARIMAX ([1,11],1,1) model with Eid dummy is chosen as the best model and
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Table 9. Evaluation Metrics

Model Exogenous Variables
Model Evaluation Metrics

MAPE RMSE MAE

Dummy Regression Eid al-Fitr Dummy 86,81 364410,6 338140,1

Trend Regression

ARIMA ([1,11],1,1) - 52,25 71036,44 54088,37

SARIMA
(1,1,[10])(1,1,[2,12])12

- 40,63 64168,77 49175,70

ARIMAX ([1,11],1,1) Eid al-Fitr Dummy 7,49 41133,26 34119,06

SARIMAX
(1,1,1[10])(1,1,[2,12])12

Eid al-Fitr Ratio 11,07 53306,27 45579,46

is more suitable for forecasting the number of domestic passengers at Juanda

International Airport.

(7) Forecasting the Number of Domestic Passengers at Juanda International Air-

port

Forecast results for the next six months from January to June 2024 show an

increasing trend in the number of domestic passengers at Juanda International

Airport, namely 51,404, 60,280, 51,644, 54,194, 58,316, and 76,155 respectively.

These results can be used as a reference for passenger predictions in the follow-

ing months.

3.2. Discussion

Surabaya, as the capital of East Java province and the second largest city in In-

donesia, has experienced rapid economic growth, which in turn has led to increased

demand for air transportation services. Juanda International Airport, which serves

millions of passengers annually, is an important indicator of economic development

in East Java. The dynamic growth of passenger numbers at Juanda International

Airport is inseparable from various external factors. One of the biggest challenges in

inter-regional transportation activities is the impact of external factors such as the

COVID-19 pandemic, which has not only shaken the aviation industry but also the

transportation industry globally. At its peak in 2019, Juanda International Airport

recorded a very high number of passengers, but this number dropped dramatically in

the following years due to travel restrictions and changes in public behavior that are

more cautious about air travel. This decline in passenger numbers not only affects

airport and airline revenues, but also poses challenges for future airport capacity

planning and management.

This research focuses on forecasting the number of domestic transportation pas-

sengers at Juanda International Airport using a time series model that considers

calendar variations of the Eid al-Fitr and Eid al-Adha holidays. Modeling is done

Dummy Regression, Trend Regression, ARIMA, SARIMA, ARIMAX, and SARI-

MAX. Each model was tested with various parameters and combinations of dummy

variables representing Eid al-Fitr and Eid al-Adha, both in the form of binary in-

dicators and in the form of ratios. The use of complex models, such as ARIMAX
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and SARIMAX, aims to capture specific calendar variations so as to illustrate the

effect of holiday calendar variations on passenger numbers.

Some forecasting models show the results of predicting the number of passen-

gers to be less accurate with a fairly high prediction error. This is partly due to

changes in the data on the number of airplane passengers which fell drastically

during the Covid-19 pandemic. However, the ARIMAX ([1,11],1,1) model with Eid

al-Fitr dummy shows the best performance compared to other models. Compared

to other models, this model can minimize the prediction error as seen in Table 9.

The surge of passengers coinciding with Eid al-Fitr, which reflects the annual pat-

tern of homecoming and return flows, can be better anticipated using the ARIMAX

model. These two holidays are the peak points of passenger movement every year,

so the selection of a model that takes into account calendar effects is expected to

provide more accurate forecasting results. It can be seen that the variation of the

Eid holiday has a significant influence because this holiday often triggers a sharp

increase in the number of passengers due to the tradition of going home. During

Eid al-Fitr, there is a high movement of passengers at the airport as the majority

of people in East Java and surrounding areas travel home or on vacation. There-

fore, this ARIMAX model not only shows good prediction accuracy, but is also

relevant in airport operational planning, such as setting flight capacity, manpower,

and additional services during passenger-intensive periods. The model shows that

including calendar variations in the analysis can provide sharper information and

reduce the prediction error rate,allowing airports to better prepare strategies when

facing passenger surges.

The results show that the ARIMAX model that includes the exogenous variable

of holiday variations consistently provides more accurate forecasting results com-

pared to other models that do not consider calendar variations. ARIMAX proved

to be superior in capturing fluctuations influenced by calendar variations. Other

models, such as Dummy Regression and Trend Regression, have limitations in cap-

turing complex seasonal patterns, especially when calendar holiday variations exert

a large influence. The ARIMA and SARIMA models yet provide less accurate pre-

diction results because they cannot accommodate exogenous variables optimally

like ARIMAX.

3.3. Conclusion

This study shows that the ARIMAX model with dummy variables for holidays such

as Eid al-Fitr and Eid al-Adha is the most effective for predicting the number of

passengers at Juanda International Airport. The ARIMAX ([1,11],1,1) model with

Eid al-Fitr dummy produces accurate predictions for passenger spikes during Eid al-

Fitr. Overall, the ARIMAX model proved to be more accurate than other models

because it considers calendar variations, assisting managers in planning capacity

and improving operational readiness during peak passenger periods. The results of

this study indicate the importance of using ARIMAX models in situations where

forecasting is affected by calendar variations.
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