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transportation companies need to make forecasts in order to implement policies
related to predict the number and capacity of ships that need to be provided as well
as the preparation of port facilities. The study aims at obtaining the best model,
predicting and determining the accuracy of the forecasting results for the number

Keywords:

For}:evgasting; of passengers arriving and departing at Semayang Port, Balikpapan city using
SARIMA; SARIMA method. The SARIMA method is a time series data forecasting method that
MAPE. is able to identify seasonal patterns. The results showed that the best model for

predicting the number of passengers departing at Semayang Port, Balikpapan city
is the SARIMA (4,1,0)(0,1,2)!2 model with a MAPE of 14.05%. It means that the
SARIMA model used produces good forecasting. Meanwhile, the best model to
predict the number of passengers coming to Semayang Port Balikpapan city is the
SARIMA (0,1,1)(2,1,0)2 model with a MAPE value of 3.27% which exposes that the
SARIMA model used succeed to provide accurate forecasting. The results of this
forecast can be used as a reference for the government or port managers to
anticipate a surge in passengers. The government or port management can prepare
an adequate amount of transportation in certain months to avoid the accumulation
of passengers and to make sea transportation more efficient.
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A. INTRODUCTION

Transportation is a way of fulfilling the needs of individual to be able to move from one
location to another (Fatimah, 2019). It is also used to carry out activities and find the items
needed. Advances in transportation can increase the mobility of people, marketed factors and
the factors of production (Salim, 2016). Related to human mobility, transportation has an
important role in various aspects, including social and cultural aspects, technical, economic and
political and defense aspects (Nasution, 2015). Land and air transportations are not reliable
means of transportation considering Indonesia's geography as an archipelagic country with
more than 17,500 islands there (Putra et al., 2022). The existence of sea transportation plays
an important role in facilitating inter-island relations which are an integral part of the
archipelago (Nasution, 2015).

The sea port is one of sea transportation infrastructures that supports an important role in
the acceleration transportation activities such as the entry and the exit of goods, the shift of
passengers in shelters and as a place where passengers get into and get down from the ships.
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In addition, the ports are the connecting infrastructures among islands and countries. Sea ports
are supported by means of transportation in the form of ships that are useful for transporting
cargo, both goods and passengers. The largest port in Balikpapan that serves inter-island routes
is Semayang Port (BPS, 2019). It is ranked third for the density of passenger arrivals and
departures after Makassar and Tanjung Perak ports.

The number of ship passengers arriving and departing from Semayang Port, Balikpapan
city from year to year tends to fluctuate. The increase in the number of ship passengers has
doubled in the months leading up to the Eid holiday and is repeated every year. The increase
number of passengers occurred because of the desire of the nomads to return to their
hometowns (BPS, 2019). The increase number of passengers causes the accumulation of the
number of passengers and the flow of loading and unloading becomes clogged. As a result, there
was a traffic jam for hours and passengers overflowed in the waiting room of the port. In the
same time, the capacity of the port was limited and cramped. Sea transportation companies
need to make forecasts to find out the estimated number of ship passengers so that the
company is able to anticipate the increase number of passengers and can implement more
prudent policies for the future. These policies relate to the estimation of the number and
capacity of ships that need to be provided as well as the preparation of port facilities. Errors in
planning the adequacy of the number and capacity of ships can be minimized by forecasting
efforts (Nasution, 2015; Prabhadika et al., 2018). Forecasting is the process of predicting future
events based on data from previous events (Andini & Sunyoto, 2018; Herjanto, 2007; Hyndman
& Athanasopoulos, 2018; Montgomery et al., 2015).

The collected data for the number of arrivals and departures of ship passengers at
Semayang Port, Balikpapan is in the form of time series data. Forecasting time series data is
carried out by looking at the pattern of data in the past which is collected periodically based on
the sequence, time either in daily, weekly, monthly, quarterly and yearly (Chatfield, 2000;
Soelaeman, 2016). The form of time series data patterns is divided into four types, namely
seasonal, horizontal, cyclical and trend patterns (Kokilavani & dkk, 2020; Makridakris et al.,
1997). The forecasting method used to predict the number of ship passengers arriving and
departing from Semayang Port, Balikpapan is SARIMA (Seasonal Autoregressive Integrated
Moving Average) method.

The SARIMA method is able to identify seasonal and non-seasonal patterns in its
forecasting model so that the identified data forms seasonal patterns that can be predicted
using the SARIMA method (J. Liu et al,, 2022; Tadesse & Dinka, 2017). A data is said to have a
seasonal pattern if the data shows periodic behavior at certain intervals (Yusof & Kane, 2012).
The SARIMA model is widely applied to predict seasonal time series data, such as to predict
cases of tuberculosis (Mao et al., 2018), predict cases of malaria (Permanasari et al., 2013),
predict the composition of iterations of coal Hardgrove grindability index (HGI) (Dindarloo et
al, 2016), predict the number of covid-19 vaccines needed (Malki et al., 2022), predict
consumer price index (Muthu et al., 2021), and others. SARIMA model is an accurate, precise,
and suitable model to be applied in forecasting seasonal time series data (Bas et al., 2017;
Dindarloo et al,, 2016; Falatouri et al., 2022; Kumar Dubey et al., 2021; Malki et al., 2022; Mao
etal, 2018; Muthu et al., 2021; Shen & Chen, 2017). SARIMA provides better forecasting results
than other models (ArunKumar et al., 2021; He et al., 2021; Hu et al,, 2007; H. Liu et al., 2020;
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Xu et al.,, 2019). The predicted data using the SARIMA model has a small error value (Awang et
al,, 2022; Perone, 2022).

Based on the advantages that exist in the SARIMA method, in this study forecasting the
number of passengers using the SARIMA method. Previous studies have used various methods
to predict the number of passengers, such as ARIMA and ANFIS (Andalita & Irhamah, 2015),
exponential smoothing (Oktaviarina, 2017), exponential smoothing event-based (Farida et al,,
2021), Holt Winter's Exponential Smoothing (Baco et al., 2018; Sofiana et al., 2020), and Triple
Exponential Smoothing (Darma et al,, 2020; Fitria & Hartono, 2017). Research written by
Nagara predicts the number of passengers using the SARIMA method and Winter's Exponential
Smoothing (Negara, 2021). However, in Negara's research, forecasting is done on the total
number of ship passengers, not the number of departing passengers and the number of arriving
passengers. In previous studies, no one has predicted the number of ship passengers arriving
and departing at the port using the SARIMA method.

This study aims to obtain the best model, obtain forecasting results and determine the
accuracy of the forecasting results for the number of passengers arriving and departing at
Semayang Port, Balikpapan with the SARIMA approach. With the models and methods that are
able to predict the number of ship passengers, it is hoped that the marine transportation
company can use the forecasting results as a reference and consideration for decision making
to determine the best steps in dealing with the fluctuating number of ship passengers.

B. METHODS

The study used applied research with a quantitative approach. The data is in the form of
time series data on the number of ship passengers arriving and departing from Semayang Port,
Balikpapan from January 2006 to March 2020 with a monthly period. The data is a secondary
data published on the official website of the Central Statistics Agency, www.bps.go.id. The
forecasting carried out is the number of passengers at Semayang port coming and departing for
the next 21 periods, starting from April 2020 to December 2021 using the SARIMA method. The
forecasting steps using the SARIMA method are making a data plot, testing the stationarity of
the data in the mean and variance, identifying the SARIMA model, parameter estimation,
diagnostic checks, choosing the best model, predicting and determining the accuracy of
forecasting results (Pangestu et al., 2020; Soelaeman, 2016).

RESULT AND DISCUSSION
1. Number of Passengers Departing at Semayang Port, Balikpapan City
a. Plot Data on The Number of Departing Passengers
The first step to predict time series data is to plot data from the original data on the
number of passengers departing for the period January 2006 to March 2020 as many as
171 data. The data plot of the number of departing passengers can be seen in Figure 1.
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Figure 1. Plot of data on the number of departing passengers from January 2006 - March 2020

Figure 1 shows that visually the data on the number of departing passengers at
Semayang Port, Balikpapan city forms a seasonal pattern because it experiences a drastic
increase in certain months repeatedly with fixed time intervals. The average number of
ship passengers departing from Semayang port is 17,578. Every year in certain months
there is a surge in passengers departing from Semayang port. In 2006, the passenger surge
occurred in November with 49,027 departing passengers. In 2007 and 2008, the passenger
surge occurred in October with the number of passengers being 46,453 and 64,210
respectively. The passenger jumps in 2009 occurred in December with the number of
passengers was 35,088. In September 2010 there were 29,640 passengers, which was the
highest number of passengers in that year. In 2011, 2012, and 2013, a drastic increase in
the number of passengers departing from Samayang port occurred in August with the
number of passengers being 45,977, 54,068, and 36,688. The number of passengers was
39,084 and 25,325 in July 2014 and 2015 were the highest number of passengers. In that
year. In May 2016, there was a surge in passengers with a total of 32,700 passengers. In
2017 there was no extreme increase in the number of passengers. The surge in passengers
in 2018 occurred in December with the number of passengers as much as 22,027.1n 2019,
the extreme increase in the number of passengers occurred in June with the number of
passengers 46,285. The highest increase in the number of passengers during January 2006
- March 2020 occurred in October 2008 while the lowest increase in passengers occurred
in December 2018. In general, the increase in the number of passengers departing from
Semayang port occurred during the Eid al-Fitr holiday.

b. Data Stationarity Test

The observation series is said to be stationary if the time series data from the past does
not change due to changes in time and can be used to predict the future (Rosadi, 2012).
Stationary data can be done using rounded values in the box-cox plot. If the result of
rounded value = 1, then the data is stationary data in variance. Yet, if the result of the
rounded value # 1, the data shows that the data is not stationary in the variance. data that
does not have a value of 1 must be transformed according to the box-cox transformation
table.
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The rounded value of the box-cox plot in Figure 2 is 1 = 0.5. Based on the value of 4, it
is known that the data on the number of departing passengers is data that is not stationary.

Therefore, it needs to be transformed by J_— . The transformed data is shown in the box-cox

1
Yi
plot of Figure 3. Based on that figure, it is obtained that the rounded value (A)=1, then the
data from the transformation of the number of departing passengers is stated to be

stationary, as shown in Figure 2 and Figure 3.
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Figure 2. Box-cox Plot data on the number of departing passengers
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Figure 3. Box-cox plot data transformation of the number of departing passengers

When the stationarity of the data in the variance is met, then the data is evaluating for
stationarity in the mean. To gain its stationary in the average, the ACF (Autocorrelation
Function) correlogram and the ADF (Augmented Dickey Fuller) tests are used. The results
of the ACF correlogram test are presented in Figure 4.
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Figure 4. Correlogram of ACF and PACF data on the transformation of
the number of departing passengers

Figure 4 of the ACF correlogram column shows that at lags 1, 2, 3, 4, 5, and 6 it
decreases slowly, then at lag 12, lag 24 and lag 36 it has correlation values that exceed the
significance line. This form of autocorrelation function states that the data has a seasonal
pattern with a period of s, 2s, 3s. The transformation data on the number of departing
passengers decreases slowly and contains a seasonal pattern which indicates that the data
on the number of departing passengers is not stationary on average. Stationarity test of
data with ACF correlogram is a visual test. The ADF (Augmented Dickey Fuller) test was
carried out to ensure the stationarity of the data in the average. The following shows the
results of the Augmented Dickey Fuller test, as shown in Table 1.

Table 1. Augmented Dickey Fuller test of transformed data

t-Statistic Prob.*

ADF 0,018621 0,6872
Critical Value: 1% -2,579587
5% -1,942843
10% -1,615376

Based on table 1, the ADF value is 0.018621. This value is > compared to the critical
value of the table with =5% which is -1.942843 which means that the transformation data
of the number of departing passengers contains the unit root. This indicates that the data
is not stationary in the mean. To gain the stationary data, non-seasonal differencing process
is carried out with order d=1 and seasonal differencing with seasonal period = 12 (D=1).
After differencing, the ADF value is -11.9688. This ADF value is < compared to the critical
value of the table, which is -1.94291. This explains that the data is stationary in the mean.
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c. Title Identification of the SARIMA model

After testing the stationary data, both variance and average stationaries, identification
of orders in the forecasting model is carried out by looking at the results of the
Autocorrelation Function (ACF) correlogram and Partial Autocorrelation Function (PACF)
correlogram. The results of the ACF and PACF correlograms are presented in Figure 5.
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Figure 5. Correlogram of ACF and PACF data transformations and
differences in the number of departing passengers

In Figure 5 the ACF correlogram column shows that after lag 2 there is a cut off, so that
g = 2 is obtained to estimate the orde of the non-seasonal MA model. Then on the PACF
correlogram it is known that after lag 4 there is a cut off. As a result, p = 4 is obtained to
estimate the orde of the non-seasonal AR model. For the seasonal pattern on the ACF
correlogram, Figure 5 shows that after lag 24 there is a cut off, as of Q = 2 is obtained to
estimate the orde of the seasonal MA model. Next, for the seasonal pattern on the PACF
correlogram Figure 5, it is known that after lag 12 there is a cut off, so that P = 1 is obtained
to estimate the orde of the seasonal AR model. The tentative model SARIMA (p,d,q) (P,D,Q)s
is gained by increasing or decreasing the seasonal and non-seasonal ordes respectively
until 70 tentative models are gained.

d. Parameter estimation

A proper model that can be implemented to predict is a model that meets the
parameter significance test. In other words, these parameters affect the model so that
models with parameters that are not significant must be eliminated. A model is declared to
meet the parameter significance test if all the parameters in the model have a probability
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value less than the value of a= 0.05. Of the 70 tentative models, there are 24 models with
significant parameters.

e. Diagnostic check

Diagnostic checks are carried out to test whether a tentative model with significant
parameters is feasible for the forecasting process. There are two conditions that must be
met so that a model is feasible for forecasting. Those are if the residual is independent and
the residual is a normal distribution. The following shows the results of the normality of
the SARIMA (4,1,0)(1,1,1)12 model, as shown in Figure 6.

Model SARIMA(4,1,0) (1,1,1)~12
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Figure 6. Normality of the residual probability plot of the SARIMA model(4,1,0)(1,1,1)12

In Figure 6 it can be seen that the p,4¢ is 0.15. Because the p,4 > (0.15>0.05) then
the residual SARIMA model (4,1,0)(1,1,1)*2 is normally distributed, as shown in Figure 7.
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Figure 7. Autocorrelation of residuals with Ljung Box test statistics
on the model of SARIMA(4,1,0)(1,1,1)1?
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The Ljung Box test is carried out to see the residual assumption meets the independent
nature. The results of the Ljung Box test are as shown in Figure 7. Based on that figure, it
can be seen that the probability value is greater than a = 5% (pyqe > 0,05) in all lags,
namely lag 1 to lag 38. It indicates that the residuals are not autocorrelated and the
assumption of independent residuals are met in the SARIMA(4,1,0)(1,1,1)'? model.
Diagnostic checks were carried out on 24 models using significant parameters. It was so

the results obtained in Table 2.

Table 2. Diagnostic examination results

Residual

Model -
independent Normal

(4,1,0)(1,1,1)12 v v
(4,1,0)(1,1,0)12
(4,1,0)(0,1,2)12
(4,1,0)(0,1,1)12
(3,1,2)(1,1,0)12
(3,1,1)(1,1,1)*2
(3,1,1)(1,1,0)12
(3,1,1)(0,1,1)2
(3,1,0)(1,1,1)2
(3,1,0)(1,1,0)12
(3,1,0)(0,1,2)*2
(3,1,0)(0,1,1)12
(2,1,1)(1,1,0)12
(2,1,1)(0,1,2)12
(2,1,0)(1,1,1)*2
(2,1,0)(1,1,0)12
(2,1,0)(0,1,2)12
(2,1,0)(0,1,1)12
(1,1,0)(1,1,0)12
(1,1,0)(0,1,2)*2
(1,1,0)(0,1,1)2
(0,1,1)(1,1,0)12
(0,1,1)(0,1,2)*2
(0,1,1)(0,1,1)*2

XK | X | x| x| x| x| x| x| x| x| x|x|x|x|x|x|x|x|x|x|X|X|X%
I RN RN R R AN N RN N N AN AN RN N EN AN AN ENE I ENE

Based on Table 2, two models are obtained that match the assumptions of the
diagnostic examination, namely the model of SARIMA (4,1,0) (1,1,1)'? and model of

SARIMA (4,1,0)(0,1,2)*2.

f. Selection of the best model

The next step is to choose the best model from the two SARIMA models obtained by
looking at the Akaike Information Criterion (AIC) and Schwartzt Bayesian Criterion (SBC)
values. The model that has the smallest AIC and SBC values is declared the best model, as

shown in Table 3.
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Table 3. Comparison of AIC and SBC values
Model AIC SBC
(4,1,0)(1,1,1)1? —2062.38 —2044
(4,1,0)(0,1,2)? —2065.38  —2047

Table 3 explains that the smallest AIC and SBC values are in model of
SARIMA(4,1,0)(0,1,2)*2.

g. Forecasting with The Best Model

The Model of SARIMA(4,1,0)(0,1,2)? expressed as the best model, so that the general

equation is gained as follows:

Vo= (14 ¢)Y1 — (b1 — )Yz — (P2 — P3)Ye3 — (3 — Pa)Veoy — PuYr s +
Yioiz = (L4 ¢)Yiq3 + (P11 — P2)Yi1a + (2 — P3)Veo15 + (3 — Pa)Vi_16 +
BaYe17+t e — O e 1,— O e o4 (1)

Forecasting for the next 21 periods starting from April 2020 to December 2021 is done

by substituting the estimated value of the AR (autoregressive) parameter which is denoted
by ¢ thatis ¢, = —0.6997, ¢, = —0.675, p; = —0.4184, ¢, = —0.2287 and the estimated
value of the SMA (Seasonal Moving Average) parameter which is denoted by O that is
©, =0.3788 and O, = 0.2987. Therefore the equation is obtained (2).

Y, = 0.3003Y;_; + 0.0245Y,_, + 0.2568Y,_3 + 0.1897Y,_, + 0.2287Y,_5 + Y,_1, —
0'3003Yt—13 - 0'0245Yt—14 - 0.2568Yt_15 - 0'1897Yt—16 - 0.2287Yt_17 + et -
0.3788e;_, — 0.2987¢;_,, (2)

Equation (2) is used to forecast the next 21 periods. Then the results are transformed
back to the original data scale % Forecasting results are as shown in Table 4.
t

Table 4. Results of forecasting the number of departing passengers in
April 2020 - December 2021

t Year Month Forecasting Result
172 April 14389
173 May 27369
174 June 28571
175 July 24837
176 2020 August 16747
177 September 18504
178 October 15802
179 November 16494
180 December 19263
181 January 16639
182 February 10244
183 March 9526
184 April 13436
185 May 19116
186 June 21428
187 2021 July 23042
188 August 16178
189 September 16612
190 October 14394
191 November 15066

192 December 19098
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The following shows a comparison of the plot of the original data on the number of
departing passengers and the data from the forecasting model of SARIMA(4,1,0)(0,1,2)*?
as the best model, as shown in Figure 8.
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Figure 8. Plot of Original Data and Result ot Forecasting Model of SARIMA(4,1,0)(0,1,2)12

It can be seen in The Figure 8 that the forecasting results with the best model are close
to the actual value in the original data.

h. Accuracy of Forecasting Results

A measure of the accuracy of forecasting results model of SARIMA(4,1,0)(0,1,2)?
using Mean Absolute Percentage Error (MAPE) value. Forecasting using the best model,
namely model of SARIMA(4,1,0)(0,1,2)*2 produces a MAPE value of 14.05%. Based on the
criteria for the accuracy of the MAPE value of 14.05%, it interprets that the SARIMA model
used produces good forecasts in predicting the number of departing passengers at
Semayang Port, Balikpapan city. Forecasting results show that during the period April 2020
- December 2021, the highest number of passengers departing from Semayang port is in
June 2020 with 28,571 passengers and in July 2021 with 23,042 passengers.

2. Number of Passengers Arrival at Semayang Port, Balikpapan City
a. Plotdata on the number of arriving passengers
The following is a data plot on the number of passengers arriving from January 2006 -
March 2020, as shown in Figure 9.
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Figure 9. Plot of data on the number of passengers arriving from January 2006 - March 2020
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The average number of ship passengers arriving at Semayang port is 18,715. Every
year there is a drastic increase in the number of passengers in certain months. During the
period from January 2006 to March 2020, the largest increase in the number of passengers
occurred in December 2006 with a total of 65,817 passengers. The lowest increase in the
number of passengers occurred in July 2015 with the number of passengers arriving at
25,133.

Figure 9 indicates visually that data on the number of ship passengers arriving at
Semayang Harbor in Balikpapan City forms a seasonal pattern because it experiences a
drastic increase in certain months repeatedly with fixed time intervals. The data does not
fluctuate around a constant mean value and seems that the data variance is not constant in
each observation. Therefore, visually the data does not meet the assumption of stationarity,
both in the average and in the variance.

b. Data stationarity test

Stationary data can be done using rounded values in the box-cox plot. The results of
the rounded value box-cox Plot of passenger data arriving as shown in Figure 10 and Figure
11.

Box-Cox Plot of C1

Lower CL Upper CL
160000 Lambda
(using 95.0% confidence)
Estimate -0,22

140000 -

| Lower CL -048
120000 Upper CL 0,02
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80000 4
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60000 4

40000 1
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od

-5,0 -2,5 0,0 2,5 5,0
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Figure 10. Box-cox Plot data on the number of arriving passengers

Box-Cox Plot of trans2
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(using 95.0% confidence)
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Upper CL 341
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0,00350

0,00345 /

0,00340

StDev
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Figure 11. Box-cox plot of the data transformation of the two numbers of passengers arriving

Figure 10 shows the rounded value (1) = —0.00. The value is # 1 which indicates that
the data on the number of arriving passengers is not stationary in the variance, then it is
transformed into In X;. Transformation of In X; results value of A = —1. The A value also
still describes that the data is not stationary in the variance. Next, another transformation
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is carried out on Xi The results are presented in Figure 11. Based on Figure 11 it is obtained
t

that rounded value (1) = 1. Then the data from the transformation of the number of
arriving passengers is stated to be stationary in the variance. The data resulting from the
Box-cox transformation that satisfies stationarity in variance is then tested for stationarity
in average using the ACF and PACF Correlograms. The results are presented in Figure 12.
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Figure 12. Correlogram of ACF and PACF data on the transformation
of the number of arriving passengers

Figure 12 in the ACF (Autocorrelation Function) correlogram column shows that lag
12,lag 24 and lag 36 produce correlation values that exceed the significance line. This form
of autocorrelation function states that the data has a seasonal pattern with a period of s, 2s,
3s. The data on the transformation of the number of arriving passengers contains a
seasonal pattern which indicates that the data on the number of arriving passengers is not
stationary on average. Stationarity test of data using ACF correlogram is a visual test. Then
it was confirmed again using the ADF (Augmented Dickey Fuller) test to see the stationarity
of the data in the average. The following shows the results of Augmented Dickey Fuller, as
shown in Table 5.

Table 5. Augmented Dickey Fuller test of transformed data

t-Statistic Prob.*

ADF 0.167549 0.7335
Critical Value: 1% -2.579587
5% -1.942843

10% -1.615376
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Based on Table 5, it is obtained that the ADF value > when compared to the critical
value of the table with « = 5% (0.167594 > —1.942843) then the transformation data of
the number of arriving passengers contains the unit root. The ADF value means that the
data is not stationary in average. For so, it is necessary to carry out a differencing process,
both non-seasonal and seasonal. Non-seasonal differentiation is carried out with the ordo
of d = 1 dan differencing seasonal use seasonal period = 12 (D = 1). After differencing,
the value of ADF -10.53332 is obtained. ADF value is < compared to the critical value on the
table that is -1.943012. This indicates that the data is stationary in the mean.

c. SARIMA Model Identification

SARIMA model identification is conducted by identifying the ordos of the model and
looking at the correlogram ACF (Autocorrelation Function) and correlogram PACF (Partial
Autocorrelation Function), as shown in Figure 13.
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Figure 13. Correlogram of ACF and PACF data transformation and differencing
of the number of arriving passengers

In Figure 13 the ACF data correlogram column shows that after lag 1 there is a cut off.
Thatis so g = 1 is obtained to estimate the order of the non-seasonal MA model. After that,
on the PACF correlogram it is known that after lag 3 cut off occurs. Therefore, p = 3 is
gained to estimate that orde model AR is non seasonal. For the seasonal pattern on the ACF
correlogram, Figure 13 shows that after lag 24 there is a cut off then it is predicted that
orde model MA seasonal is Q = 2. Next, for the seasonal pattern on the PACF correlogram
Figure 13, it is known that after lag 24 a cut off occurs and gets P = 2 to forecast that orde
model AR is seasonal. SARIMA tentative model (p,d,q)(P,D,Q)° are obtained by
increasing or decreasing each seasonal and non-seasonal order so that 56 tentative models
are obtained.
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d. Parameter estimation

Parameter significance test was conducted to select a suitable model for forecasting. In
other words, these parameters affect the model so that models unsignificant parameters
are eliminated. A model is declared to meet the significance test if all the parameters in the
model have a probability < 0.05. From 56 tentative models, 17 models have significant
parameters.

e. Diagnostic Checks

Diagnostic checks are carried out to test whether a tentative model with significant
parameters is feasible for the forecasting process. There are two conditions that must be
fulfilled so that a model is feasible for forecasting. Those are if the residual is independent
and the residual is a normal distribution. The results of the normality test on the residuals
of the SARIMA model is (0,1,1) (2,1,0)12 as presented in Figure 14.

Model SARIMA(0,1,1) (2,1,0)~12

Normal

Mean -0,00007715

L StDev 0,004646
° N 158
KS 0,070
P-Value 0.057

Percent
3

14 °
o,

0,1
0,015 -0,010 -0,005 0,000 0,005 0,010 0,015 0,020
Residual

Figure 14. Normality of probability plot residual model of SARIMA(0,1,1)(2,1,0)?

Figure 14 indicates pyque is 0,057. Because the value is pygue > @ (0.057 > 0.05) so
the residual model of SARIMA (0,1,1)(2,1,0)12 normally distributed, as shown in Figure 15.
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Figure 15. Autocorrelation of residuals with test statistics
Ljung Box in the model of SARIMA(0,1,1)(2,1,0)?

Table 6. Diagnostic Check Results

Model

Residual
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The residual assumption test is independent or not shown in Figure 15. Based on the
figure, the probability value is greater than @« = 5% inall lag , those are lag 1 up to lag 38.
It means that the residuals are not autocorrelated and the assumption of independence of
the residuals is met at model of SARIMA(0,1,1)(2,1,0)*2. Diagnostic examinations were
carried out on 17 models with significant parameters. The results of the diagnostic checks
on the 17 models are shown in Table 6.

Based on Table 6, there is only one model that satisfies the assumption of a diagnostic
examination, namely the model of SARIMA(0,1,1)(2,1,0)*2. Consequently, the model is
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model the best model that forecasts data on the number of passengers arriving at Semayang
port.

f.  Forecasting with the best model

The model of SARIMA(0,1,1)(2,1,0)*? expressed as the best model, so that the general
equation is obtained in equation (3):

X=X+ (14 )X — (14 P X3 — (O, — P )Xo — (-, +

CDZ)XL“—ZS —® X 36+ P Xi 37+ — 014 (3)

Forecasting for the next 21 periods starting from April 2020 to December 2021 is
conducted by substituting the estimated value of the SAR (Seasonal Autoregressive)

parameter which is denoted by ® viz ® =-0.5780 and @, =—0.4628 then the

estimated value of the MA (Moving Average) parameter which is denoted by 8 thatis 6, =
0.8829, until the equation (4).
Xe = Xe_q +0422X;_1, — 0.422X;_153 + 0.1152X;_,, — 0.1152X;_,5 +
0.4628X;_3¢ — 0.4628X;_37 + e, — 0.8829¢,_4 (4)
Equation (4) is used for forecasting in the next 21 periods. Then the results are
transformed back to the original data scale, as shown in Table 7.

Table 7. Results of forecasting the number of arriving passengers from April 2020 - December 2021

t Year Month Forecasting Result
172 April 14595
173 May 14876
174 June 26125
175 July 61037
176 2020 August 21050
177 September 18108
178 October 17658
179 November 18311
180 December 17731
181 January 20462
182 February 13652
183 March 20787
184 April 20639
185 May 15543
186 June 36088
187 2021 July 64911
188 August 21484
189 September 17472
190 October 19241
191 November 21834
192 December 20798

Comparison of the plot of the original data on the number of arriving passengers and
the data from the forecasting results on model of SARIMA(0,1,1)(2,1,0)? as the best model
is presented in Figure 16.
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Figure 16. Plot of Original Data and Results of Forecasting Model of SARIMA(0,1,1)(2,1,0)*2

The figure indicates that the forecasting results with the best model are close to the
actual values in the original data.

g. Accuracy of forecasting results

A measure of the accuracy of forecasting results with model of SARIMA(0,1,1)(2,1,0)*?
using the MAPE (Mean Absolute Percentage Error) value. Forecasting using the best model,
namely model of SARIMA(0,1,1)(2,1,0)'? results to MAPE value as 3.27%. This value
means that the SARIMA model used delivers good forecasts in predicting the number of
passengers arriving at Semayang Port, Balikpapan City. Forecasting results show that
during the period April 2020 - December 2021, the highest number of passengers arriving
at Semayang port was in July 2020 and July 2021 with 61,037 and 64,911 passengers.

The results showed that the MAPE value for forecasting the number of departing ship
passengers was 14.05% and 3.27% for forecasting the number of arriving ship passengers.
This error value is small so that the SARIMA method is the right method for forecasting
seasonal data. This is as stated by Awang et al. and Perone. Awang et al. (2022) dan Perone
(2022)stated that SARIMA is a time series method that has a small error.

In previous studies, the SARIMA method was used to predict the number of train
passengers (Milenkovi¢ et al.,, 2018), the number of airplane passengers (Li et al., 2017),
the number of ship passengers (Negara, 2021). The results of this study are in accordance
with three previous studies which state that the SARIMA method is the right method to be
used on seasonal time series data. The results of this study are also in accordance with the
research of Falatouri et al. (2022), Kumar Dubey et al. (2021), Malki et al. (2022), and
Muthu et al. (2021) which states that the SARIMA method is an accurate, precise, and
suitable model to be applied in seasonal forecasting. This study provides results that have
never been done in previous research, namely forecasting the number of ship passengers
departing and arriving at Semayang Harbor. Separate forecasting between the number of
departing and arriving ship passengers will provide clear data so that the competent
authorities can make the right decisions. The government or port manager can predict how
many ships need to be added in certain months to carry passengers arriving and departing.
The government or port manager can provide good and efficient service so that there is no
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accumulation of passengers and can anticipate a surge in passengers departing and arriving
at Semayang Port.

D. CONCLUSION AND SUGGESTIONS

Based on the results of data analysis, it can be concluded that the best forecasting model
that appropriates to predict the number of departing passengers is the model of
SARIMA(4,1,0)(0,1,2)'2 and MAPE value gained is as much as 14.05%. It means that the
SARIMA model used produces good forecasts. Forecasting results show that during the period
April 2020 - December 2021, the highest number of passengers departing from Semayang port
is in June 2020 and July 2021. The best forecasting model that can be applied to predict the
number of arriving passengers is the model of SARIMA(0,1,1)(2,1,0)*? with the resulting MAPE
value of 3.27%. The interpretation of the MAPE value is the SARIMA model which is used to
produce accurate forecasts. The highest number of passengers arriving at Semayang port based
on forecasting results during the April 2020 - December 2021 period occurred in July 2020 and
July 2021. The results of this forecast can be used as a reference for the government or port
managers to anticipate a surge in passengers. The government or port management can
prepare an adequate amount of transportation in certain months to avoid the accumulation of
passengers and to make sea transportation more efficient.
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